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Résumé

L’imagerie par contraste de phase suscite un inttgdssant dans le domaine biomédical, puisqu'il
offre un contraste amélioré par rapport a l'imagediatténuation conventionnelle. En effet, le
décalage en phase induit par les tissus mous,l@@asnme d’énergie utilisée en imagerie, est enviro
mille fois plus important que leur atténuation. dantraste de phase peut étre obtenu, entre aatres,
laissant un faisceau de rayons X cohérent se peogidgement aprés avoir traversé un échantillon.
Dans ce cas, les signaux obtenus peuvent étre imésiglar la diffraction de Fresnel. Le défi de
imagerie de phase quantitative est de retroutatéhuation et 'information de phase de I'objet
observé, a partir des motifs diffractés enregisir@éme ou plusieurs distances. Ces deux quantités
d'atténuation et de phase, sont entremélées deeneambn-linéaire dans le signal acquis.

Dans ces travaux, nous considérons les développenetnles applications de la micro- et
nanotomographie de phase.

D’abord, nous nous sommes intéresses a la recotigtriquantitative de biomatériaux a partir d’'une
acquisition multi-distance. L'estimation de la phasété effectuée via une approche mixte, basée sur
la linéarisation du modele de contraste. Elle ssai¢ie d’'une étape de reconstruction tomographique
Nous avons automatisé le processus de reconstiudgiphase, permettant ainsi I'analyse d’'un grand
nombre d’échantillons. Cette méthode a été utiligéer étudier Iinfluence de différentes cellules
osseuses sur la croissance de l'os. Ensuite, desntitons d’'os humains ont été observés en
nanotomographie de phase. Nous avons montré latjgbtd'une telle technique sur I'observation et
l'analyse du réseau lacuno-canaliculaire de I'osudN avons appliqué des outils existants pour
caractériser de maniere plus approfondie la miis@tidn et les I'orientation des fibres de collagen

de certains échantillons.

L’estimation de phase, est, néanmoins, un probi@verse mal posé. Il n'existe pas de méthode de
reconstruction générale. Les méthodes existantets ssiit sensibles au bruit basse fréquence, soit
exigent des conditions strictes sur I'objet obseAiési, nous considérons le probléme inverse joint
gui combine 'estimation de phase et la reconssadbmographique en une seule étape. Nous avons
proposé des algorithmes itératifs innovants quiptent ces deux étapes dans une seule boucle
régularisée. Nous avons considéré un modele deaspatinéarisé, couplé a un algorithme algébrique
de reconstruction tomographique. Ces algorithmaestestés sur des données simulées.






Résumé étendu

Dans cette thése, nous nous intéressons a la gticr@ano-tomographie par rayons X, en contraste de
phase, ainsi qu’a ses applications et ses déveaiugns.

La technique du contraste de phase par rayonswerggarticulierement intéressante pour observer
des tissus mous (tissus biologiques), dans la gad@mergie utilisée en imagerie (10 & 100keV), car
elle offre un contraste environ mille fois plus ionfant que I'imagerie d’atténuation conventionnelle
Une telle technique a été rendue possible pardiedss synchrotrons, dont le rayonnement prodtit es
tres intense (flux de photons élevé) et tres catérepatialement et temporellement
(monochromaticité). Le flux intense du rayonnemgmtchrotron produit a I'Installation Européenne
de Rayonnement Synchrotron (ESRF, Grenoble, Frameefet de traverser des matériaux denses,
comme par exemple l'os, tout en obtenant un bompampsignal-sur-bruit. Sa cohérence spatiale
permet d’exploiter la réfraction des rayons X indyar les structures observées; le décalage e pha
du rayonnement incident nous donne accés a soreinidi réfraction complexe. Sa monochromaticité
fait de cette technique une technique d'imageriantjtative. Couplée aux détecteurs développés au
sein de 'ESRF (de taille 2048x2048 pixels, et pganement 4096x4096) (Labiche et al., 2007), elle
offre une haute résolution sur un champ de vudivelaent large. En outre, elle est non destruaive
ne nécessite pas de marquage particulier pour\arsis échantillons. Les domaines d’application
des techniques utilisant le rayonnement synchrosomt vastes : médecine, que ce soit dans le
domaine de I'imagerie (Horng et al., 2014) ou deatdiothérapie (Dilmanian et al., 2002), science de
matériaux, pouvant aller des biomatériaux (Komlealg 2010) aux métaux (Maire, Buffiere, Mokso,
Cloetens, & Ludwig, 2006), environnement (Rivardnkon, & Cotte, 2015) ou encore patrimoine
culturel (Pouyet, Fayard, & Salome, 2015).

Une imagerie gquantitative nécessite néanmoindi$ation d'algorithmes d’estimation de phase sur
les images acquises; la plupart de ces algorittsoes congus pour des objets homogénes. D’autres
algorithmes ont été imaginés pour I'observationbfts hétérogénes, mais nécessitent plusieurs
acquisitions. L’acquisition multiple de donnéedaéeau détriment de la dose délivrée et du tengps d
scanographie. Ainsi, I'emploi d’algorithmes itéfatirégularisés pourrait permettre I'utilisation de
moins de données, réduisant alors la dose déletde temps d’acquisition. Les objectifs de ces
travaux étaient donc de développer et dimplémendtertels algorithmes pour la reconstruction
tridimensionnelle de la phase. Jusqu’alors, l'idtretion d’information a priori et de régularisation
était faite dans le domaine des projections, centpst pas forcément idéal ; par exemple, 'emgkoi
régularisation TV, qui favorise une image homogpae morceaux, a plus de sens dans le domaine
objet que dans celui des projections. Ainsi, l¢ ditérer entre les domaines des projections et de
I'objet favorise la régularisation dans le domaitget, plutét que dans celui des projections. D&ut
part, cette thése avait pour but I'implémentatiomndoutil de simulation d’image en contraste de
phase sur la plateforme d'imagerie virtuelle VIRg&is, Villeurbanne), jusqu’alors inexistant.

Le Chapitre | s'intéresse a la physique des rayonX et a la tomographie assistée par ordinateur
(CT). Nous y présentons en détails le rayonnement sytrohroainsi que les interactions pouvant
avoir lieu entre un faisceau de rayons X et la @énatigu'’il traverse (interactions photoélectriques,
interactions par effet Compton, créations de pad#éision Rayleigh). Ces principes physigues nous
permettent d’aborder I'imagerie par contraste desphqui s'intéresse au décalage en phase induit pa
un objet sur un faisceau incident cohérent.



Dans toute cette section, les coordonnées utilisérsreprésentées sur la Figure 1. Le glan),
notéx, est le plan de projection. L’axesuit la direction de propagation du faisceau gema X.

Z-axis
(beam propagation direction)

Figure 1: Schéma des coordonnées utilisées dans ce manuscrit.

La matiére peut étre caractérisée, entre autresopandice de réfraction complexe
n(x,z) =1-6,(x,z) + iB(x, z). (0.0.1

La partie réelle de I'indice de réfractian(1 — §,,), est liée au décalage de phagenduit par
I'objet, via la relation:

2T

Pe(x) = p Jé‘n(x,z) dz (0.0.2

La partie imaginaire de, 3, est liée a I'atténuatioBy de I'objet :

2
By(x) = %fﬂ(x, 2) dz (0.0.3

En dautres termes, le décalage en phpgeet I'atténuationBy peuvent étre vus comme les
projections de,, etf a I'angled, a un facteur multiplicatif pres, qui dépend déolagueur d’ondel

du faisceau. Ces indicég etg, respectivement appeldécrément de l'indice de réfractiatindice
d’absorption dépendent de la composition du matériau, etéheefgie du faisceau de rayons X. Or,
pour les tissus mous, et dans la gamme des rayalss{(10 a 100keV), on observe que le décrément
de l'indice de réfraction est environ mille foispgunieur a I'indice d’absorption, comme l'indique la
Figure 2.
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Figure 2: Ratio 6,/ pour les tissus mous en fonction de I'énergie du faisceau (domaine des rayons X
durs).

A titre de comparaison, la Figure 3 montre une enagnuise en absorption (imagerie conventionnelle
d’atténuation), et son équivalent acquis en cotgrde phase (par la méthode du cristal analyseur,
décrite plus loin). Ces images ont été acquisesasiigne ID17 de 'ESRF (Grenoble). On remarque
bien que le bord des structures est mis en évideaos I'image en contraste de phasdge-
enhancement effgct

Figure 3: Coupe sagittale d'un sein porteur d'une tumeur (a) en imagerie d’absorption et (b) en
imagerie par contraste de phase par analyseur, a 60keV. La taille effective du pixel est de 92um, et
I'image représente une zone de 6,4 cm en longueur par 1,6 cm en hauteur.

Expérimentalement, il existe plusieurs techniquisatjerie par contraste de phase :

- La plus ancienne est la technique des cristauxfémtemetres, qui utilise trois cristaux en
géométrie Lauei.g. en transmission), parfaitement alignés (Bonse &,H®65). Le premier
cristal sépare le faisceau incident en deux faisceahérents, le second les fait interférer sur
un troisieme (appelé cristal analyseur). L'échbottilest placé entre le deuxiéme et le
troisieme cristal, les franges d'interférences itetupar I'échantillon sont enregistrées par le
détecteur. Son application a limagerie 3D desufissnous a été démontrée plus tard
(Momose, Takeda, Itai, & Hirano, 1996; Momose, 2003



- Latechnique par cristal analyseur utilise deugtatix en géométrie de Bragge(réfraction).

Le premier cristal sert & rendre le faisceau imtid@onochromatique ; le second (cristal
analyseur) est placé entre I'échantillon et le ctéta, et agit comme un filtre angulaire en
sélectionnant seulement certains angles de rairadti faisceau (Chapman et al., 1997). Cette
technique nécessite une installation trés staltlelle est réputée longue, du fait que les
cristaux réduisent considérablement le flux de @&t Elle trouve des applications dans le
domaine biomédical, et particulierement en mamnyagea(Fiedler et al., 2004; Keyrildinen
et al., 2005) et en imagerie du cartilage et de (kzadifar, Chapman, & Chen, 2014;
Majumdar et al., 2004; Mollenhauer et al., 2002¢sxfforts ont été fait pour rendre cette
techniqgue compatible avec les doses délivrées @imeoclinique (Keyrildinen et al., 2008;
Mittone, Gasilov, Brun, Bravin, & Coan, 2015).

- La technique d’interférométrie a grilles ne nédespas forcément un faisceau cohérent en
entrée, mais le rend cohérent au moyen d’'une premiélle. Ceci rend possible I'utilisation
de sources conventionnelles (Pfeiffer, WeitkampnlBu& David, 2006). L'utilisation de
grilles est fondée sur le principe @elf-imaging(répétition du motif de grille) ; en effet,
lorsqu’un faisceau cohérent traverse une grillaiiseht un décalage en phase conséquent, le
motif de la grille est répété a distance réguliampelée distance de Talbot fractionnaire).

- La technique de propagation libre (Figure 4) visengegistrer les interférences créées par
I'échantillon sur le faisceau incident cohérentit€aechnique repose sur le principe de la
diffraction de Fresnel. Elle nécessite un faisceshérent, et possiblement monochromatique
(qui rend I'imagerie quantitative). La techniquéedile propagation libre consiste a laisser le
faisceau se propager librement aprés avoir travésiantillon. Des franges d'interférences
se créent a mesure que l'on s’éloigne de I'écHantilLe détecteur, placé a une certaine
distance de [I'échantillon (appelédistance de propagation enregistre ces franges
d’interférences. L'intensité recueillie est une tamaison de la déviation de phase et de
I'atténuation du faisceau induites par I'échantillo

cCco
"“-.-,—_-_.___? =140m \e
— / T2m |
R A
device e —

I |

r optics

monﬂﬁ}:lot:_rl‘g{g | 0.032 to 0.990m sy?tcm
- transiation stage

rotation stage

Figure 4: Systeme d’acquisition en propagation libre, comme existant sur la ligne ID19 de
I"ESRF (Grenoble).

Dans ces travaux, nous nous intéressons partiemlent a Iholotomographie qui résulte en une
acquisition en propagation libre a plusieurs distsnde propagation. Les deux lignes de lumieres
ID19 et ID16A de 'ESRF permettent, entre autreg acquisition holotomographique. La différence
notable entre ces deux lignes est qu’lD19 utilisdaisceau paralléle, donnant acces a des résmutio
micrométriques, alors qu'ID16A opte pour un faisceivergent, donnant accés a des résolutions
pouvant aller jusqu’a quelques dizaines de nan@sépour la méme technique. Ces deux techniques
sont présentées dans ce manuscrit.



Le contraste de phase nous permet donc de metéreidence des structures que I'on n’aurait pas pu
discerner en imagerie d'atténuation classique. Bigie les projections acquises puissent étre
directement utilisées dans un algorithme de tonmigeaclassique (type Rétroprojection filtrée), il
convient souvent d’appliquer, au préalable, un ritlyme d’estimation de la phase. Dans ce cas, on
récupere des projections de I'information de phgse,l'on peut de la méme maniére utilisée dans une
rétroprojection filtrée. Par exemple, la Figure Bnime une coupe transversale reconstruite d’'une
biopsie de sein, acquise en interféerométrie aegrillsans estimation de phase), et a droite son
équivalent aprés estimation de phase. Le conteasteettement amélioré.

Figure 5: Coupe transversale d'une biopsie de sein. La figure (a) montre le signal acquis avec la
technique d’interférométrie a grilles, sur la ligne ID17 de I'ESRF (Grenoble). La figure (b) montre le
signal apres estimation de phase. L'image représente une zone de 1,5 cm sur 1,5 cm.

Puisque l'intensité acquise combine, de maniéerelinéaire, I'atténuation et la déviation de phase,
cette étape d’estimation de phase peut étre vueneoum probléme inverse mal posé. Les algorithmes
d’estimation de phase se fondent sur différentséiesdde contraste, souvent linéarisés, et reposent
eux-mémes sur différentes hypothéses quant a t'ohggé.

Le chapitre 1l s'intéresse aux différents modeéles & contraste utilisés en propagation libre, ainsi
gu'aux méthodes d'estimation de phase existantes. ek algorithmes de reconstruction
tomographique analytiques et algébriques sont égateent mentionnés, avant de faire I'état de
I'art des algorithmes combinant estimation de phaset reconstruction tomographique.

Il existe plusieurs modéles de contraste, reposantdifférentes hypothéses quant a la nature de
I'objet. Les plus connues, et que nous étudionss das travaux, sont 'Equation du Transport de
I'Intensité (TIE), la Fonction de Transfert du Caste (CTF) et le modéle mixte. Chacun de ces
modeles exprime l'intensité acquise a une distategropagatiorD, I, (x), en fonction d'autres
parametres, tels que le décalage de phgée) ou la longueur d’ondk du faisceau.

L’équation du transport d’intensité (TIE) est vdéapour des mesures non-interférométriques, comme
c'est le cas en propagation libre, pour un faiscpawmlléle et des distances de propagations
relativement courtes (Teague, 1982). Elle s’exprom@me suit :



AD
Ino(®) = lop(®) = -V (loo (Vo (x) ) (0.0.4)

ou ¢ désigne I'angle de rotation de I'objéfg(x) est l'intensité dans le plan de contdgty(x)
l'intensité mesurée a la distance de propagdiiph la longueur d’onde du faisceau incidenvgest
le gradient dans le plap, y).

Ce modele a donné lieu a une méthode d’estimatigphdse tres utilisée, la méthode dite de Paganin
(Paganin, Mayo, Gureyev, Miller, & Wilkins, 200&lle permet de retrouver le décalage en phase
d’'un objet homogéne, connaissant son rapfgf3 (tabulé), a partir d’'une mesure a une seule
distance de propagation:

0 (x) = 5_nln F-1 T([D,e(x)é[o,e(x)) (0.0.5
2p L+ D 2 (If1?

ouf = (fx,fy) désigne les coordonnées fréquentielles, ket transformée de Fourier.

Le modéle CTF (Fonction de Transfert du contrassé)valide si la phase varie lentement et si I'obje
est peu atténuant (Cloetens et al., 1999). Il simgcomme suit :

Ipo(f) = 8pirac(f) — 2 cos(mAD|f|?) By (f) + 2sin(wAD|f|*)@o(f)  (0.0.6,

ou ~ désigne la transformée de Fourie¥gt, . la distribution de Dirac.

Le modéle mixte, développé plus tard par Guigasl. (Guigay, Langer, Boistel, & Cloetens, 2007),
est en fait une combinaison des deux modeles peét®det est valable pour une phase variant
lentement (quel que soit I'atténuation de I'objdts’'exprime par :

Tne(F) = I95°(f) + 2sin(mAD|f|?) . F{Io 000 } (f)
AD
+ cos(mAD|f|?) %T{Vx (9oVloe)}(N)

ou fg’go est la transformée de Fourier de lintensité amgd la distanc®, quand l'objet est a la
position angulair@, en supposant que le décalage de phase soit nul.

(0.0.7

Parmi les différents algorithmes d'estimation deag#) ceux que nous avons utilisés en
holotomographie avec faisceau parallele reposentagyproche mixte.

En notantpy, Ap et Ap ¢ les quantiteés suivantes:

Yo (x) = Iop(x). 0o (x) (0.0.8
Ap(f) = 2sin(mAD|f|?) (0.0.9
AD
Ap,o(f) = cos(nAD| f|2)§f{vx [ (x). ViIn(lo e (N}, (0.0.10)

le modele mixte se réécrit sous la forme:



Ine(F) =I155°(F) + A (B (F) + B (f) (0.0.11)

La quantité Pg(x), liée a la phase, peut étre exprimée comme le rmimmd’une
fonctionnelle (méthode des moindres carrés), oterme de régularisation est habituellement ajouté:

Do (f)
= arg min )[4, (NF6 () ~ oo~ 150D = oD +aldo ) (00.12
)

— o0 (f)|2

Elle est estimée itérativement (typiquement erb3térations), en prenant en compte I'a pripgiy:

e (%)
_ e [Z A0 (o0 () — I55°C) = 850 () + oo ()] o 0013
B YXpAp () +a

Plusieurs méthodes ont été mises en place pourl@geiori g g.

Tout d’'abord si I'on suppose un objet homogéne, gegections d’atténuation sont simplement
converties en projections de phase via la relation

s 8
NOENOESETIICHIT (0.0.14)

ou ¢ désigne un filtre passe-bas. Tout comme pour Ithodé de Paganin, celle-ci suppose de
connaitre le matériau, afin d’avoir acces a sefficants J,, etf.

Enfin on peut considérer I'objet comme hétérogénais composé d’'un nombre fini de matériaux
homogénes. Dans ce cas, il convient de reconstiiivelume d’atténuation, le seuiller, et convertir
chaque partie en phase en leur appliquant un cesftis,, /8 spécifique. On obtient ainsi un volume

en phase, que l'on projette (transformée de Radom)r avoir les projections en phase.

Mathématiquement, dans le cas ou I'on considérg deatériaux « a » et « b », on peut exprimer le
volume a priori ainsi :

Ono(x,z) =m(x,z).6(x,2) (0.0.15)
avec :
8a/Bas  B(x2) <t
m(x,z) = {6b/,8b: Baz) >t (0.0.16)

out désigne le seuil, habituellement celui détermiael méthode d'Otsu (Otsu, 1979).

Si on considere que I'objet est constitué d’unetitidle de matériaux, ce qui est souvent le cas dans
les objets hétérogénes, on peut appliquer, audian seuillage, une fonction qui lie a6,/
(Langer, Cloetens, Pacureanu, & Peyrin, 2012).



Une fois la phase de chaque projection estimééaviaéthode choisie, nous obtenons des projections
de phase, qui peuvent étre utilisées dans un #igwide reconstruction tomographique (comme la
rétroprojection filtrée (FBP), par exemple). Parslate, d’autres méthodes telles que les méthodes
algébriques ou itératives ont été utilisées pouetmnstruction tomographique. Nous détaillondesi
plus connues: ART (Gordon, Bender, & Herman, 19®IRT (Dines & Lytle, 1979), SART
(Andersen & Kak, 1984), EST (Miao, Forster, & Le205). Plus récemment, ce type de méthodes a
été combiné avec l'estimation de phase, dans umde set méme étape. Nous parlons alors
d’algorithmes combinéguisqu’ils combinent estimation de phase et retantion tomographique,
habituellement réalisées en deux étapes indépaxdabes méthodes combinées font également appel
a la régularisation, souvent nécessaires pour désawn probléme mal posé. Nous introduisons les
méthodes de régularisation les plus connues ia tiefce chapitre.

La premiére étude (Chapitre Ill) porte sur I'étude de différents algorithmes d’estimation de
phase pour une application a des données biologicgieen ingénierie tissulaire osseuseCes
données ont été acquises en micro-tomographie graraste de phase, a plusieurs distances de
propagation, sur la ligne ID19 de 'ESRF. Il s’agit de biomatériaux ensemenceés avec différentes
cellules osseuses (des ostéoblastes, qui indulaefbrmation de I'os et des pré-ostéoclastes,
responsables de la résorption de I'os). Ce typehditillons, particulierement étudié en médecine
régénérative, permet d'observer l'influence desuted sur la croissance de I'os. Nous utilisons ici
I'imagerie par contraste de phase, qui nous doooesaa un volume quantitatif de tissus minéralisés,
nouvellement minéralisés et mous, contraste que n@urions pu obtenir en imagerie d’atténuation
classique. Une précédente étude (Langer, Cloetengay, & Peyrin, 2008) faisant I'hypothese
d’objets homogenes, n'avait pas permis la visuitisades cellules ensemencées. Nous montrons ici
que I'emploi de régularisation plus avancée (hygse¢hd’objets hétérogenes) nous permet d’améliorer
la qualité d'image et la quantification de nos étilans. Nous sommes ainsi capable de différencier
trois types de matériaux, et calculer leur dens#gcellules osseuses, les tissus mous, le t&EseuR
synthétique.

Nous disposons de trois échantillons par type déules ensemencées: ostéoblastes (OBs),
ostéoclastes (OCs) et combinaison des deux (OBGs).@es échantillons ont été imageés sur la ligne
ID19, en micro-tomographie par contraste de phaseplusieurs distances de propagation
(holotomographie). L'énergie du faisceau était deke¥/. Une acquisition se constituait de
2000 projections, avec un temps d’exposition des(pdr projection, a quatre distances de propagatio
(0,01 ; 0,33 ; 0,45 et 0,99 m). La taille effectde pixel était de 5 um, donnant un champ de vue
d’environ 10mm par 7mm.

Les indices de réfraction en 3D de ces échantilbom<té reconstruits via un algorithme d’estinmatio
de phase suivi d'une reconstruction tomographidigP]. Pour I'estimation de la phase, nous avons
comparé quatre méthodes différentes, présentéesdmdment: la méthode de Paganin (objet
homogéne), qui est une méthodeecte d'estimation de la phase, contrairement aux méod
régularisées telles que la méthode mixte homogene, la méthodkke hétérogene avec seuillage
(objet bi-matériaux), la méthode mixte hétérogarexdonction (objet multi-matériaux).

La Figure 6 montre un exemple d’une coupe recomstavec la méthode mixte homogéne, pour un
échantillon ensemencé d’'ostéoblastes. On y voitalillaire en verre entourant I'échantillon, le
biomatériau, les tissus mous et les cellules ptésgans ses pores. Nous avons choisi une région
d’intérét dans cette coupe, pour comparer les hooés d’estimation de phase. Ces résultats sont
présentés a la Figure 7. Qualitativement, on reuagades franges de contraste de phase autour des
pores pour certaines méthodes (sous-images A dta&Cinéthode de Paganin (sous-image P) nous
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donne une reconstruction plus floue que celle déthades régularisées. Visuellement, la sous-image
B (méthode mixte hétérogéne avec seuillage) seprBenter une image nette, dépourvue de franges
de contraste indésirables.

Air

Glass czlpill:n\'_\\z(

Mineralized
fraction

Immature Bone

Figure 6: Coupe tomographique d'un biomatériau ensemencé avec des ostéoblastes, reconstruite avec
la méthode mixte homogene. La sélection en pointillés rouges correspond a la zone présentée en
Figure 7.

Figure 7: Sélection d’une coupe reconstruite avec [A] l'approche homogene mixte, [B] I'approche
hétérogene mixte mettant en ceuvre un seuillage, [C] I'approche hétérogene mixte mettant en ceuvre
une fonction et [P] la méthode de Paganin. La barre d’échelle correspond a 0,3mm. La zone présentée
mesure 2,90mm par 2,42mm.

11



En holotomographie, nous reconstruisons des imagessles niveaux de gris correspondent a
o 2 ~ . .. , .. SR .
la quantlte—T"(Sn. La fenétre de visualisation est tout d’abord té#jeisde maniere a ce que le niveau

de gris correspondant a I'air se trouve a zérouls les images obtenues sont converties en masse
volumique en appliquant la formule de (Guinier, 499

8, ~ 135X 1076p X A2 (0.0.17

ol la masse volumiqueest exprimée en g/énet la longueur d’ondk enA.

La Figure 8 présente les histogrammes, en massenigple, des reconstructions (via les 4 méthodes
citées) de la coupe présentée ci-dessus. Dans amifme, on distingue a I'ceil quatre matériaux
principaux : le biomatériau, les tissus mous, Eiles osseuses et I'air. Or, les méthodes Pag#nin
mixte homogéne ne permettent de distinguer quaset dans I'histogramme, alors que les méthodes
régularisées avec un a priori hétérogene en digtimgguatre, comme attendu. D’autre part, la masse
volumique théorique des tissus mous avoisine 186 fj/cni [ICRU-44] contre 1,80 g/cipour le
biomatériau étudié. La méthode B se révele ainss mgjuantitative, car plus proche des valeurs
théoriques.

En conclusion, les études qualitative et quaniatbnt montré que cette méthode mixte
hétérogéne avec seuillage apparait comme le medlmapromis parmi les méthodes étudiées, pour
ces échantillons.

0.02 Taux de _ B ——Method A
cdmptage Biomateriau (homogeneous)
0.018 . .
normalisé
(heterogeneous -
0.014 Thresholding)
Tissus mous e [\/lethod C
0.012 _ (collagene) (heterogeneous -
0.01 Air function)
Method P (Paganin)
0.008 x

1
0.006 |
t

R JZ/\/ —\

Masse volumique [g/cm3]

0 0.5 1 1.5 2 2.5 3 3.5

Figure 8: Histogrammes de masse volumique, pour la méme coupe reconstruite, par le biais des
quatre méthodes décrites (homogene, hétérogene avec seuil, hétérogene avec fonction, Paganin). Les
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histogrammes de niveaux de gris ont été convertis en masse volumique et réajustés de maniere a ce
que l'air soit a zéro. La coupe étudiée correspond a un sous-volume de 0,33 mm?.

Une étude statistique a été réalisée pour déterriinuence des différentes cellules osseusedaur
formation, ou la résorption, de tissus osseux. 1@eatl a été publié dans le journBhysics in
Medicine and Biologysous le titre : “Quantitative evaluation of resyiged phase retrieval algorithms
on bone scaffolds seeded with bone cells” (Webanger, Tavella, Ruggiu, & Peyrin, 2016).

D’autre part, nous présentons dans ce chapitredmipre contribution technique de cette théese, a
savoir I'automatisation compléte du procédé denstaction de phase, incluant I'étape d’estimation

de phase et celle de reconstruction tomographiGeetravail a ainsi permis la reconstruction, de

maniere quasi automatique, de plusieurs dizaingewdede données relatives a des échantillons de
dents, et acquises en micro-CT de phase par priipag&e travail sera valorisé prochainement dans
une publication, les résultats des reconstructast en cours d’analyse.

La deuxiéme étude de la thése (Chapitre 1V) porteus I'étude de la nano-tomographie par
contraste de phase, pour I'imagerie haute résolutiode I'os, permettant alors la visualisation de
son réseau cellulaireLe systéme d’acquisition de la nano-CT de phaserésenté a la Figure 9; il
est similaire a celui de la micro-CT, a la diffé&cerpres que le faisceau utilisé est divergentoat n
plus paralléle. Des projections sont acquises f@rdifites distances de propagation, qui impliquent
différents facteurs de grossissement.

Figure 9: Schéma de I'instrument pour la nano-CT de phase. Le faisceau de rayons X incident (X) est
focalisé en un point focal (F), au moyen d’éléments optiques appropriés. D; est la distance entre le
point focal et I'échantillon (S), et D, est la distance de propagation.

Concernant la reconstruction, on utilise classiggremla méthode de Paganin présentée
précédemment, adaptée a I'acquisition multi-distawia la méthode des moindres carrés. Par soucis
de lisibilité, nous introduisons les deux varialdas/antes:
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- 1
Inorm,k (f) =F (Iiok) (f) (0.0.18)

et

~ Dké\nﬂ.ﬂ 2
h (f) = 1+T||f|| (0.0.19)

Comme il s’agit d’'une acquisition multi-distances Idistances de propagation sont indexéeg,pan
entier compris entre 1 &. La formule des moindre carrés, combinée a la @itgrde Paganin, nous
donne I'estimation de la phase, nofie), suivante:

-1 %legzl Ek(f)-inorm,k(f)
(%'Z§=1 Flk(f)z) +a

on
B

N -

p(x) = An(F (0.0.20)

ol a est un parametre de régularisation, fixé arbéragnt.

Cette formule nous sert, en nano-CT de phase eandiéer une premiére estimation de la phase, pour
chaque angle de projection; ces estimations sosuitenaméliorées via une méthode non-linéaire
(gradients conjugués non-linéaires). En effet,distances de propagation étant relativement longues
par rapport a la taille du pixel, la condition deamp proche n’est plus respectée. Ainsi, une
contribution non-linéaire de la phase doit étreiae.

Figure 10: Coupe reconstruite d’un échantillon d’os ostéoporotique, o1 le recalage des projections a
différentes distances a été effectué par (a) une méthode basée sur la corrélation; (b) une méthode basée
sur l'information mutuelle. La taille du pixel vaut ici 60nm, et une coupe représente une surface de
122,88um par 122,88 um. Les fleches rouges indiquent des artefacts représentatifs d'un mauvais
alignement.

Nous présentons également un nouvel outil de rgeatkes projections, automatique, qui permet
d’améliorer efficacement la reconstruction des m@s en nano-tomographie. En effet, pour une
acquisition multi-distance, les projections acgsliageun méme angle doivent étre recalées entre elles
(et rapportées au méme grossissement si besosgu’duprésent, la méthode de recalage utilisée
reposait sur le coefficient de corrélation, quuire ses limites en nano-CT, ou les images présenten
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souvent de nombreuses franges d’interférencesr(afiee de blanc et de noir). Si les franges sont
Iégérement décalées, leur contraste sera différentndice reposant sur les niveaux de gris, tel lg
coefficient de corrélation, trouve alors ses limite’'idée ici était d’étudier un indice d’informan
mutuelle, qui tient plutdét compte de la forme diescdures présentes que des niveaux de gris. Comme
le montre la Figure 10, cette méthode peut rélsssiti la méthode traditionnelle a échoué.

La nano-tomographie de phase s’avére donc étreutinppécieux pour étudier la structure fine de
I'os, en donnant acces a une imagerie haute-résol(itille de pixel effective de quelques dizaides
nanometres) sur un champ de vue de plusieurs dzae@ microns. Différents outils d’analyse (étude
du réseau lacuno-canaliculaire, volume et formeldesnes, gradient de minéralisation autour des
lacunes, orientation des fibres de collagénes)étmtappliqgués sur les échantillons disponibles : os
sain, os souffrant d’'ostéoporose et os soufframistdoarthrite (arthrose). Cette étude visait a
démontrer la faisabilité de telles analyses su, lnais aussi d’en discuter leurs limites.

Bien que nos observations soient en accord avelgupse études récentes (Jaiprakash et al., 2012;
Prasadam et al., 2013), I'influence d’'une pathaagir la structure de I'os reste controversée.

Van Hove et al. (2009) a observé, grace a un ngopes confocal 3D, des lacunes de forme allongée
pour un os ostéoarthritique, contrairement a natdes observons plutét rondes. D’autre part, Mc
Creadieet al. (2004) a observé une grande diversité dans ladat la taille des lacunes d’'un os
ostéoporotique. Il a également été montré queftegore est influencée par la charge mécanique subie
par I'os, et donc, trés dépendant de la localisati® I'échantillon. Au travers d’'un projet long e

sur la ligne ID16A de 'ESRF, nous avons l'oppoitérd'imager un grand nombre d’échantillons ;
cependant, chaque échantillon est tres petit gooraa I'os original dont il est extrait. Il daie plus
étre coupé a la main ; il y a donc une variabiiibé maitrisée de la localisation de I'échantilloa qui
peut limiter les conclusions de nos études.

D’autre part, nous avons remarqué que les recanistng de nano-CT présentaient un bruit de basses
fréquences (fond non-uniforme, voir Figure 11). iCeeut étre un frein a I'analyse, comme par
exemple I'analyse des gradients de minéralisatidoua des lacunes, qui entrave la quantification de
la minéralisation.

Gray Value
o

0 500 1000 1500 2000
Distance (pixels)

Figure 11: Exemple d’'une coupe reconstruite (a gauche), et un profil (a droite). On remarque sur
I'image de droite que le profil n'est pas uniforme, ce qui indique la présence de bruit de basse
fréquence.
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On peut penser que ce type de probléme pourrat @dmpensé par I'emploi d’algorithmes de
reconstruction plus avanceés, qui font I'objet dapitre suivant.

Le chapitre V présente le développement d’'algorithras de simulation et de reconstruction de
phase. Pour ce qui est de la simulation, un outil ed simulation d’'images de phase a été
implémenté sur la plateforme d’imagerie virtuelle ¥IP) de Creatis (Villeurbanne, France). Pour
ce qui est de la reconstruction, I'objectif était @ développer un algorithme itératif et régularise,
combinant I'estimation de phase et la reconstructio tomographique en une seule étape.

La plateforme VIP a été développée au sein de dabioe Creatis (Villeurbanne, France). C'est une
plateforme d'imagerie versatile, dédiée a la sitmoitaen imagerie médicale. Elle offre actuellement
plusieurs modalités (imagerie par résonnance magmenhucléaire, ultrasons, médecine nucléaire,
tomographie par RX, ...) (Glatard et al., 2013). Laigerie par contraste de phase n’était jusqu’alors
pas disponible, d’ou notre volonté d’en dévelopmer Cet outil a été porté en libre accés afin d’en
faciliter I'utilisation et le développement.

Via une interface graphique, l'utilisateur peut isirodifférents parameétres (énergie du faiscedlle ta
du pixel, distance de propagation), et ainsi simigie projections qu’il aurait acquises en imagp&ae
contraste de phase en propagation libre (avec iscefau parallele). L'idée est de calculer les
transformées de Radon de I'image d’atténuatiofinedie du décrément de I'indice de réfraction d'un
objet, puis de propager les projections obtenudende modéle de contraste choisi par I'utilisateu
Les simulations ont été faites en 1D (équivalenh @étecteur 1D), puis adaptées en 2D. Pour la 2D,
nous proposons une méthode de parallélisation stansia voir une simulation 2D comme une pile de
simulations 1D. Chaque simulation 1D est faitelsuprocesseur. Le code est distribué via le lobicie
Docker, qui permet alors de faire tourner le ménogiamme, avec le méme systéme d’exploitation et
les mémes librairies, bien que les machines puigtendifférentes.

Les données simulées sont utilisées pour testenddisodes de reconstruction de phase développées.

Nous nous sommes intéressés a des algorithmedifitécambinant estimation de phase et
reconstruction tomographique. D’autres algorithuhese type ont été proposés par le passé. En 2013,
Kostenkoet al ont été les premiers a proposer une méthode ogmpalliant la méthode de Paganin a
une régularisation (Beck & Teboulle, 2009). Cettthode nécessite un objet homogene, mais permet
de réduire le nombre de projections, et surpasseriéthodes classiques (Kostenko, Batenburg,
Suhonen, Offerman, & van Vliet, 2013). Elle a étéélorée par la suite par Kongskat al.
(Kongskov, Jgrgensen, Poulsen, & Hansen, 2016)laRdlet al. (Ruhlandt, Krenkel, Bartels, &
Salditt, 2014) ont proposé un algorithme ne faisardune hypothése restrictive sur I'objet, mais il
n'est pas mentionné si cette méthode est robubtar@ulement de phaselfase wrappinge’est-a-
dire quand la phase excede)2En 2016, Anastasio et Chen (Chen et al., 20b6)développé une
méthode combinée qui utilise un opérateur d'estonadle phase non-linéaire, basé sur la dérivée de
Fréchet (Davidoiu, Sixou, Langer, & Peyrin, 201d9uplée a une pénalité TV (Variation Totale).
Néanmoins, cette méthode n’est pas robuste paontagp probléme de déroulement de phase.

Ici, nous proposons un nouvel algorithme qui wilisune part un modéle linéaire du contraste (CTF)
pour l'estimation de la phase, et d'autre partgbaithme itératif SART pour la reconstruction
tomographique. Ce type d’algorithme permet lintroton d'a prioris dans le domaine objet,
contrairement aux méthodes mixtes présentées méepent qui introduisent les a prioris dans le
domaine des projections. De plus, nous y ajoutant fin de chaque itération, une contrainte
régularisation TV. Nous décrivons le formalismelaanéthode, pour des objets de phase puge (
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non atténuants), d'atténuation connue ou inconhpeésentons les premiers résultats sur des données
simulées.

Pour aller vers une complexité croissante, noumsidérons tout d’abord le cas d’'un objet de phase
pure, puis d'un objet atténuant d'atténuation cenatienfin le cas plus général d’'un objet atténuant
d’atténuation inconnue.

» Objet de phase pure (non-atténuant)

En combinant I'expression de la CTF avec I'exp@ssiu décalage de phase (Equation (0.0.2)), pour
un objet non-atténuant, on obtient dans ce cas :

- 2
Ino(F) = Spirac(f) + 2sin(mAD|f|>)F [—7%95,1] ) (0.0.21

0oURg est I'opérateur de projection a I'andgleetF est la transformée de Fourier.

Par soucis de clarté, nous notons cette expressiome :

I (f) = Spirac(f) + Ap(F)F[Re8,1(f) (0.0.22
avec Ap(f) = —27” x 2 sin(mAD|f|?) (0.0.23

Dans le domaine réel, cela donne:
Ipg(x) — 1= F HApF[RS,1} (%) (0.0.24

En substituant I'opérateur de contraste a la ptiecda transformée de Radon, dans I'expression de
SART, nous aboutissons a:
8, P (x) = 6,9V (x) + [FH{Ap PR}
Ipe(x)—1—-F1 {ADT{R,, (Sn(i‘l))}} (x) (0.0.25)
|7 ={Ap F{Re3}|*

X

Appliquer la transformée de Fourier suivie de soveise équivaut a I'opérateur identité. De plus,
I'opérateurd, permet de passer de la phgigea l'intensitél g. L’'opérateurd,,” peut donc étre vu
comme I'opérateur d’estimation de phase, permettaqtasser de I'intensifg g a@g. Nous le notons
A_p, et implémentons via la méthode des moindresésarLe dénominateur de I'expression est

simplifié suite & une étude préliminaire. Nous dlssons alors a I'expression suivante, pour
I'estimation du décrément de I'indice de réfraction

F1A_pFllp(x) — 1} — Rey

IRo I

. @ o (-1)

5. ~ 8, OB 0.0.26)

() +Rg"

Cette formulation a été testée sur des donnéebate pure simulées (fantdme de Shepp-Logan
modifi€), présentées a la Figure 12.
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(b)

2.Pi.radon(delta)/lambda (no unit)

1] S0 100 150 200 20 300 350 400
Position on the detector (in pixels)

Figure 12: (a) Objet considéré : le fantome de Shepp-Logan modifié, et (b) une projection de phase. 11
est a noter que la phase excede 27t

Les résultats obtenus, a différentes itérations, pesentés a la Figure 13.

Ces résultats semblent satisfaisants, a une coastdditive prés. Si les bords étaient mis a 2émo,
valeurs de décrément d'indice de réfraction obtenseraient trés proches des valeurs théoriques
attendues. Ceci montre que, dans ce cas, notrathige est robuste au bruit et & I'enroulement de
phase.
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Figure 13: Cartes estimées du décrément de l'indice de réfraction §,, a partir de données simulées
(modele de contraste de Fresnel) et bruitées ; la phase est supérieure a 2m. Les cartes résultantes (a
gauche), et un profil (a droite) sont présentés a la (a) premiere, (b) vingtieme, (c) quarantieme itération
de 'algorithme proposé.

* Objet atténuant, d’atténuation connue

Dans ce cas, I'expression de la CTF devient, angte@ donné :

Too () = ke (f) + Ap (FF RS, (f) (0.0.27)

avec Ap(f) = —471-[ sin(mAD|f|?) (0.0.28)
2m

et ko(f) = Opirac(f) — 2 cos(mAD|f IZ)?{TRQﬁ} €2 (0.0.29)

De la méme maniere que précédemment, nous abmgissol’expression suivante pour notre
algorithme combiné :
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La simulation de données a été faite sur I'objésenté a la Figure 14, composeé de trois fils de
matériaux différents (Aluminium, Magnésium, Poly@éme Téréphtalate).

(b)

9 (107-7)

2.Pi.radon(delta)/lambda (no unit)

0 S00 1000 1500 2000
Position on the detector (in pixels)

Figure 14: (a) Carte du décrément de l'indice de réfraction §,, du fantome constitué de 3 fils (Al, Mg,
PET) utilisé dans I'étude de Frachon et al. (Frachon et al., 2015) et (b) une projection de phase.

Supposons d’abord un objet peu atténuant. Pourmels avons réduit I'atténuation de notre fantéme
a fils d’un facteur 15. Ainsi, le coefficient d’attuation linéaire était compris entre 0,08 et £;a7?,
étant ainsi faible, mais non nul.

Les résultats sont présentés a la Figure 15. Lesltaés convergent, bien que n’étant pas
complétement quantitatifs. Les erreurs normalisiesa reconstruction sont autour de 5% pour un
matériau peu atténuant, et autour de 10% pour fidium, un matériau plus atténuant.
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Figure 15: Carte de §,, obtenue avec des données simulées (fantome de 3 fils). Le modele de Fresnel a
été utilisé en tant que modele de contraste, et aucun bruit n'a été ajouté. L’atténuation a été réduite
d’un facteur 15, simulant ainsi un objet peu atténuant. Les cartes résultantes (a gauche), et un profil (a
droite) sont présentés a la (a) premiere, (b) quinziéme, (c) trentieme itération de I’algorithme proposé.

Pour simuler un objet trés atténuant, ce méme fMamt@ été utilisé, sans aucune réduction
d’atténuation. Les résultats correspondant sorsiepités a la Figure 16.

Figure 16: Cartes de §, obtenues pour un objet tres atténuant. Les données ont été simulées en
utilisant les modeles (a) de Fresnel ou (b) CTF comme modele de contraste.
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On montre donc que les résultats sont satisfaisafdsmodele de contraste utilisé est la CTF, rmais
sont beaucoup moins pour un modéle plus réalistei¢ie de Fresnel). On montre ainsi que notre
algorithme est plus sensible a I'atténuation gi@arbulement de phase.

+ Obijet atténuant, d’atténuation inconnue

Enfin, nous pouvons considérer le cas ou I'objeigénest tres atténuant, mais son atténuation n’est
pas connue. En effet, certaines installations degpaphie de phase, comme la nano-CT de phase, ne
rendent pas possible l'acquisition d’'une image téfaiation pure (distance de propagation nulle).
Dans ce cas, notre probléme a deux inconnuedériiztion et la phase.

Dans ce cas, nous itérons tour a tour sur l'atomugou la phase) en supposant l'autre quantité
connue, et fixée. Dans le cas ou la phase semaituey on peut réécrire la CTF comme :

Ino(f) = lg(f) + Co(F)F{ReBI(S) (0.0.31)
avec
Cp(f) = —L;—ncos(mllelz) (0.0.32)
et
21
lo(f) = Spirac(f) + 2 sin(mAD|f|*) F {_7R96n} f) (0.0.33)
Ceci nous mene a:
Ipg(x) = F g} (x) = FH{CpF{ReBYI}(x) (0.0.34)

De la méme maniére que précédemment, on obtiequréssion de I'atténuation :

F-1 {A—D{iD,G - llT}} (sz) - {Rgﬁ(i_l)}(x) (0.0.35)
Ro

pO@) ~ B P(x0) +Rp"

Les tests effectués n'ont pas donné de résultisfassants.

Ce travail ouvre le champ a de multiples perspestivamélioration et de recherche : emploi d’autres
types de régularisation, ou d’autres modéles deraste moins restrictifs que la CTF, comme le
modele mixte, par exemple. Les applications etdeemiel de ce type d’algorithme sont divers :
reconstruction de données acquises avec peu dionjs (qui limiterait ainsi le temps d’acquisitio
et la dose délivrée), reconstruction de donnéesmiokeuses, etc. La possibilité d’'une reconstruction
quantitative d’objet hétérogénes s’avére égalempanticulierement intéressante pour I'imagerie de
I'articulation du genou par exemple, sans ajougjelid de contraste, car une telle région comprend de
tissus mous, de I'os, du cartilage et des vaisseaux
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Introduction générale

La technique du contraste de phase par rayonnesyeahrotron s’avere particulierement intéressante
pour observer des tissus mous (tissus biologiqdes)s la gamme d’énergie utilisée en imagerie (10 a
100keV), car elle offre un contraste environ mithés plus important que I'imagerie d’atténuation
conventionnelle. L'imagerie par contraste de phpesg étre couplée a une acquisition tomographique.
Une telle technique a été rendue possible pardiedss synchrotrons, dont le rayonnement prodtit es
trés cohérent et intense, et dont la taille duwcésis peut étre modifi€e au moyen d’optiques adaptée
Couplé a des détecteurs de haute technologie (e 2048x2048 pixels, et prochainement
4096x4096 pixels), ce faisceau permet une imagaitimensionnelle non-destructive, a une
résolution micrométrique (ligne 1D19), voire nandriguie (ligne ID16), tout en disposant d'un champ
de vue relativement large. Par exemple, nous apanacquérir des images d'os avec une taille de
pixel effective de 25nm et un champ de vue d’'ungwantaine de microns, dans les trois directions de
I'espace.

Une imagerie quantitative nécessite néanmoindisation d’algorithmes d’estimation de phase sur
les images acquises ; la plupart de ces algorittsoes concus pour des objets homogenes. D’autres
algorithmes ont été imaginés pour I'observationbfts hétérogénes, mais nécessitent plusieurs
acquisitions. L’acquisition multiple de donnéedaéeau détriment de la dose délivrée et du tengps d
scanographie. Ainsi, I'emploi d’algorithmes itéfatirégularisés pourrait permettre I'utilisation de
moins de données, réduisant alors la dose déletde temps d’acquisition. Les objectifs de ces
travaux étaient donc de développer et dimplémenertels algorithmes pour la reconstruction
tridimensionnelle de la phase. Jusqu’alors, l'idtretion d’information a priori et de régularisation
était faite dans le domaine des projections, centpst pas forcément idéal ; par exemple, 'emgkoi
régularisation TV, qui favorise une image homogpae morceaux, a plus de sens dans le domaine
objet que dans celui des projections. Ainsi, ¢ ¢itérer entre les domaines des projections et de
I'objet favorise la régularisation dans le domaifget, plutét que dans celui des projections. D&aut
part, cette thése avait pour but 'implémentatiomndoutil de simulation d’image en contraste de
phase sur la plateforme d'imagerie virtuelle VIRg&is, Villeurbanne), jusqu’alors inexistant.

Dans un premier chapitre, nous rappelons les diftés techniques d’imagerie par contraste de
phase ; parmi elles, nous nous intéressons i@nadierie par propagation libre, qui consiste askis

le faisceau se propager librement apres avoir tsav&chantillon. Le détecteur, placé a une ceetai
distance de I'échantillon (appelée « distance d@amation »), enregistre les franges d’interférsnce
induites par I'échantillon. On mesure ainsi un algrombinant la déviation de phase et I'atténuation
du faisceau induites par I'échantillon. Bien que f@ojections acquises puissent étre directement
utilisées dans un algorithme de tomographie classitype rétroprojection filtrée), I'obtention dein
image quantitative nécessite d’appliquer, au pbdalaun algorithme d’estimation de phaghgse
retrieval). Dans ce cas, on estime les projections de plyaselon peut traiter grace a un algorithme
de reconstruction tomographique pour obtenir uniwal de phase.

Nous présentons dans le second chapitre les diff@gorithmes d’estimation de phase. Puisque
l'intensité acquise combine, de maniere non-lirédiatténuation et la déviation de phase, cetipait
peut étre vue comme un probléme inverse mal pasealgorithmes d’estimation de phase se fondent
sur différents modéles de contraste, souvent ligésr et reposant eux-mémes sur différentes
hypotheses quant a l'objet imagé. Une fois la phdsechaque projection estimée, il s'agit de
reconstruire le volume correspondant grace a urnthadé de reconstruction tomographique. Si la
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méthode standard est l'algorithme de rétroprojectifirée, d'autres méthodes, algébriques ou
itératives, ont été utilisées. Nous détaillonslésd plus connues (ART, SIRT, SART, EST). Plus
réecemment, ce type de méthodes a été combiné ‘@agtinhtion de phase dans une seule et méme
étape. Nous parlons alorsatjorithmes combinéguisqu’ils combinent I'estimation de phase et la
reconstruction tomographique, habituellement réasen deux étapes indépendantes. Ces méthodes
combinées font également appel a la régularisasiaumvent nécessaire pour résoudre un probleme mal
posé. Nous introduisons les méthodes de réguliarsiats plus utilisées a la fin de ce chapitre.

Dans ce travail, nous nous intéressons aux dévetoppts en micro-tomographie et nano-
tomographie par contraste de phase, ainsi qu'aelogwement d'un algorithme itératif innovant
visant a reconstruire une carte de phase en 3 dioren

La premiére partie porte sur I'étude de différeadtgorithmes d’estimation de phase, appliqués a des
données biologiques en ingénierie tissulaire osse@®s données ont été acquises en micro-
tomographie par contraste de phase sur la lign@ Hgl’ESRF (Grenoble). Il s’agit ici d’échantillen

de biomatériaux ensemencés avec des cellules essé¢astéoblastes et ostéoclastes). Ce genre
d’échantillons, particulierement étudiés en médecigénérative, permet d’observer l'influence des
cellules sur la formation ou la résorption de I'Naus utilisons ici I'imagerie par contraste de gha
afin de pouvoir quantifier les tissus minéraliggsvellement minéralisés et mous, contraste qus nou
n'aurions pu obtenir en imagerie d'atténuation silaize. Grace a des algorithmes d’estimation de
phase utilisant différents types de régularisatimms montrons que I'emploi d’'un certain type de
régularisation nous permet d'améliorer la qualiiénage et la quantification de nos échantillons.
Nous sommes ainsi capable de différencier troisgygle matériaux, et de calculer leur volume : les
cellules osseuses, les tissus mous, le tissu osyatixétique. Une étude statistique a été réafisae
déterminer l'influence des différentes celluleseases sur la formation et la résorption du tissu
osseux. Une telle analyse n’avait pas été poskided’'une précédente étude, qui mettait en ceuvre
une meéthode d’estimation de phase plus basiqueaiti®’'gart, nous présentons dans ce chapitre la
premiére contribution technique de cette theseawis 'automatisation compléte du procédé de
reconstruction de phase, incluant I'étape d'esionatde phase et celle de reconstruction
tomographique.

La deuxiéme partie présentée ici porte sur I'étdelda nano-tomographie de phase, pour I'imagerie
haute résolution de I'os et son réseau cellulaarés avoir décrit le systeme d’acquisition, nous
détaillons les méthodes de reconstruction propres systeme. Nous présentons un nouvel outil de
recalage des projections, automatique, qui perrfanéliorer efficacement la reconstruction des
volumes en nano-tomographie. D’autre part, la nanmgraphie de phase s’avére un outil précieux
pour étudier la structure fine de I'os, en donrantes a une imagerie haute-résolution (taille gel pi
effective de quelques dizaines de nanométres)rseshamp de vue de plusieurs dizaines de microns.
Différents outils d’analyse (étude du réseau laecaaliculaire, minéralisation autour des lacuries e
canalicules, orientation des fibres de collagenes)été appliqués sur différents échantillons asseu
0s sain, os souffrant d’'ostéoporose et os souffdéodtéoarthrite (arthrose). Cette étude visait a
démontrer la faisabilité de telles analyses sig, lfpais aussi d’en discuter leurs limites.

La derniére partie de cette thése est consacrées déleloppements algorithmiques innovant pour la
reconstruction tomographique de la phase. Nouseptéss d’abord un outil de simulation d’images
par contraste de phase, porté sur la plateformmagdierie virtuelle VIP (Creatis, Villeurbanne), en
libre accés, afin d’en faciliter l'utilisation e¢ I[développement. D’autre part, nous posons lessbase
théoriques d’'un algorithme de reconstruction combinles étapes d'estimation de phase et de
reconstruction tomographique. Il utilise d’'une partmodéle linéaire du contraste (appelé Foncteon d
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Transfert du Contraste, CTF) pour I'estimation @ehase, et d’autre part I'algorithme itératif SART
pour la reconstruction tomographique. Nous décgvienformalisme de la méthode pour différents
objets (transparents et atténuants) et présergenmémiers résultats sur des données simulées.

Nous terminons ce manuscrit en rappelant les dfftdrapports de notre travail et en soulignant les
perspectives de travaux futurs. Ce travail a pedueisiévelopper des méthodes et de mettre en ceuvre
des outils visant & faciliter la reconstructiondignées en micro- et hano-tomographie par contraste
de phase, et d'appliquer ces techniques a des tddremn biologiques. D’autre part, hous avons
développé un outil de simulation, ainsi qu’un aitjone innovant de reconstruction de phase. Les
résultats obtenus sont encourageants, et ouvraexitjups perspectives de recherche pour ce type
d’algorithmes, comme par exemple I'emploi d'un autrodele de contraste (modele mixte au lieu de
la CTF), ou 'étude d’autres types de régularisatio
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Chapter I. Physics of 2Xxays and
tomography

This thesis focuses on imaging, using the particoiadality of multi-distance in-line X-ray
phase tomography. In this chapter, we give the ipaygontext of this work, by introducing some
notions about X-rays, how they are characterized laow they interact with their environment.
Secondly, phase contrast imaging is presentedditantages with respect to conventional attenuation
imaging and its requirements, as well as existewpiques that enable to perform such an imaging
modality. Finally, we present what is tomograploybtidge the gap between phase contrast and phase
tomography.
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1. X-rays and Synchrotron Radiation

In 1895, Wilhelm Conrad Roentgen discovered a nma kf electromagnetic rays, produced by the
collision of electrons on matter, and that can phssugh the body (Roentgen, 1896). He called them
“X-rays” because of their unknown nature. As amnsilfation, Figure 1 shows the attenuation of X-rays
induced by the hand of Anna Roentgen, the wife alh&®m Roentgen, bearing a metal ring. He

observed that X-rays are weakly absorbed by ssftiéis, but strongly attenuated by bones and metals.
X-ray radiography was born. Its great potentiainedicine earned W.C. Roentgen to be awarded the
Nobel Prize in 1901.

; i o T ebsdin- LIRS
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Figure 1: X-ray photograph of the hand of Mrs Roentgen.

A decade later, in 1912, Max Von Laue highlightedttX-rays are not only attenuated by the matter,
but also diffracted by crystals. In 1952, Watsonl &prick evidenced the double helix structure of
DNA by using X-rays diffraction (Watson & Crick, 39).

Synchrotron radiation (SR) was discovered in 194& bR. Elder, A.M. Gurewitsch, R.V. Langmuir

and H.C. Pollock (Elder, Gurewitsch, Langmuir, &lBok, 1947), in a General Electric synchrotron
accelerator. In the early 1960’s, synchrotron raaliaturned out to have a great potential in mddica
and material imaging, because of its peculiar priggse(developed in the Section 3).

2. The European Synchrotron Radiation Facility (ESRF)
The ESREF is the third®Bgeneration synchrotron, built in Europe in thdye#890’s, after Spring-8 in
Harima (Japan) and the Advanced Photons Source&ganie (United States). The ESRF, located in

Grenoble (France), is an international researctitums for cutting-edge science with synchrotron
radiation, which offers some peculiar propertiesitghigh intensity, stability and collimation.
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Booster
synchrotron

Figure 2: Scheme of the ESRF. Electrons are injected and accelerated in the Linac, re-accelerated in the
booster synchrotron, to circulate at a constant speed in the storage ring. Source: www.estf.eu.

The ESRF was created in 1988, thanks to the inmudwé of 12 countries. It was inaugurated on
September 301994 and nowadays employs 600 workers and rec6D@8 researchers from all over
the world each year to carry out experiments. tirie of the largest®3generation synchrotron light
sources in the world and the provided X-rays lariltie allows advanced research in many diverse
scientific areas including medicine (radiation @y, imaging), material science (from biomaterials
metals), environment and cultural heritage studies.

The principle of ESRF is depicted in Figure 2: &l@es are injected and accelerated in a linear
accelerator (inac’), thanks to a series of radiofrequency cavitiBisen, they are transmitted to the
booster synchrotrgnwhere they are accelerated to reach an energy &¢\6GeV. They are finally
injected in an 844 meters circumferesterage ring in which their kinetic energy is kept constant fo
several hours. They produced intense SR, whenngassiough arrays of permanent magnets that
deviate them to follow a circulatory trajectory.iFISR is directed toward one of the 40 existing
beamlines. There are two types of beamlines: BM Bending Magne)sand ID (for Insertion
Device3. The bending magnets sources produce a pulsed Wéh a wide and continuous spectrum,
from microwaves to hard X-rays, and less brilliiman the one produce by insertion devices. The
insertion device sources (wigglers and undulatpreduce a more brilliant beam and with higher
energies. The wigglers, which consist in a pericg#des of magnets, produce time-pulsed light of
broad energy spectrum, unlike the undulators thatdyce long-pulses light, with a narrow
(monochromatic) but tunable, energy range (Magaditg 1988). The ESRF mainly produces hard X-
rays, i.e. X-rays with energy from 10 to 100keV (in other w®r with wavelength from 0.1 to
0.01nm).

As an illustration, the electromagnetic spectrurdepicted in Figure 3, from radiowaves to gamma-
rays. The corresponding wavelength, the approxisiaeeand the tool are reported below.
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Figure 3: Electromagnetic spectrum, with corresponding wavelengths, and possible objects that can be
investigated, with the corresponding technique.

3. X-ray coherence, spectral brightness and requiremdsa for phase-
contrast imaging

Synchrotrons potentially produce remarkably brig®® times more intense than whose produced by
a conventional source) and stable X-rays. Theih higensity, stability and coherence allow to
perform quantitative X-ray imaging. We give someadle on coherence, which is a key property for
phase contrast imaging. Two types of coherencédeatistinguished: temporal and spatial (Figure 4).

On one hand, théemporal coherencéengthé; (also known adongitudinal coherencdength) is
defined as follows:

E
= 1— 131
r=A1p (1.3.1)
whereA?E denotes the energy bandwidth andhe wavelength. The temporal cohereégés thus
related to the monochromaticity of the beam. Theemmonochromatic the beam is, the more
temporally coherent it is. As an example, the epdrand paséEE at the ESRF ranges betwes)T*
and10~2. The corresponding temporal coherence lengthasitaljum.

On the other hand, thepatial coherencdengthés (also known adransverse coherendength) is
defined as follows:

a
§s = Ay (1.3.2)

where %a denotes the angular acceptance aiige wavelength. The spatial coherefigelepends on

the angular acceptance of the souiee,on the source size and the distance from the soditte
smaller the spot is, the more spatially coheretitésbeam. In the same way, the farthest from dl sma
source we are, the more point-like the source is.afh example, for a small spot size (a few
micrometers) and long beamlines (100m to 200m)sgagial coherence length is about 100pum.
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Figure 4: Illustration of spatial and temporal coherences. Image from (Davidoiu, 2013).

Another important property of SR is its spectraigbmess. The terms brilliance, brightness and

spectral brightness raised ambiguity among the @&Rnunity; we choose to adopt the nomenclature
photons

defined by Mills et al., (Mills et al., 2005). Thipectral brightness is expressed-in

s.mmz.mradz.o.l%%

and reflects the photon flux (number of photons pecond), directed with a certain angular
divergence (in mrad?), for a certain the source §iz mm?2), with a bandwidth of 0.1% of the central

wavelength §,1% All—’l). The more intense and directed the beam is, the brdliant it is.

As an example, at a given wavelength, the briglstnes a light bulb of 60W is
about 10°photons/s.mm?.mrad?.0.1%(AA/A) , the  brightness of the sun
1019 photons/s. mm?2. mradZ2. 0.1%(A)A/A) and the brightness of & generation synchrotron around
102° photons/s.mm?. mrad?. 0.1%(AA/A) (Mobilio, Boscherini, & Meneghini, 2015).

Most phase contrast imaging modalities require raptgally coherentif. monochromatic) and
spatially coherenti. parallel) X-ray beam, with a high flux (Peyrin,o€tens, Salome-Pateyron,
Baruchel, & Spanne, 1997), to benefit from the hsgmsitivity offered by the phase-shift. The SR
delivered by the ESRF fulfils these requiremendésxplained previously.

Firstly, the temporal coherence (monochromaticisyyequired to avoicbeam hardening artefacts
during tomographic reconstruction. The beam hardens due to the absorption of low energy
photons by the sample, and results in a non-unifyney level in a homogeneous object (Figb)re
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Figure 5: Example of beam-hardening artefact on a tomographic slice of a water cylinder (A) without
correction and (B) with correction of the beam hardening. Images from (Barrett & Keat, 2004).

Secondly, the use of highly coherent beams (iritétly coherent or made coherent) makes it possible
to observe Phase Contrast effects. The differasfitniques that can be used to put in evidence the
phase-shift induced by a sample will be detaile8etion 7.

Finally, a highly bright beam allows achieving aodaspatial resolution while a sufficient signal-to-
noise ratio (SNR) in the image. Actually, the fligxreduced by the monochromator crystal, possible
optical elements, and attenuation of the sample iflsoming flux should consequently be large
enough so that a sufficient number of photons réaeltetector.

4. Interaction of waves with matter: attenuation vs. fhase
In this section, we focus on how X-rays interadiwthe matter. We consider a wave of wavelerigth

If this wave is propagating in vacuum, it is delsed by its wavenumbek, defined by:

k=2 (1.4.1)

In a medium of refractive index, this wavenumber becomi§
k' = kn. (1.4.2)
The medium can be described bydtsnplex refractive index (Jackson, 1975):
n(x,y,z) =1-38,(x,y,z) +if(x,y,2) (1.4.3)

whered,, is therefractive index decremerg is theabsorption indexand(x, y, z) are the 3D spatial
coordinates.
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Figure 6: Scheme of the coordinates used in this section.

We consider a wave propagating along the z-direafiigure 6). The wave front of a planar wave
going through the medium becomes:

¢(x,y,2) = exp(ik'z) = exp(ikn(x,y, z)z). (1.4.4)

Substitutingn by its expression (Equation (1.4.3)) leads to:

o(x,y,2) = exp(ik(l — 0,(x,y, z))z). exp(—B(x,vy,2)z). (1.4.5)

Consequently, we can observe that an X-ray beatptsses through a medium is both attenuated
and phase shifted,,, the refractive index decrement, is related topth&se shift of the incident wave,
due to the deflection of the wave front in the medi andg, the absorption index, is related to the
attenuation of the incident beam induced by theinmed

It is worth to note that these two quantities ax@prtional to the electron denspy of a medium.

First, the refractive index decrement can be esgeas (Jackson 1975)

(1.4.6)

wherer, denotes the classical electron radiuthe wavelength of the X-ray beam. This formula has
been simplified by Guinier (Guinier, 1994)being the density (in g/cinandA the wavelength (in A):

5, =~ 1.3-107°%pA2, (1.4.7)

The absorption index can be expressed as (Jack3dh)

A3 pe O fiY;
p== fZ{f. (1.4.8)
7

4m?c
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wherer, denotes the classical electron radiuthe wavelength of the X-ray beam, agnghe electron
density,c the light velocity,f; the number of electrons per atom with damping taomg;and Z the
atomic number that corresponds to the total nurobelectrons per atom. Hergecorresponds to an
electron in the atom.

5. Attenuation contrast

As seen in the previous section, the amplitudénefwtavefront is reduced by a factexp(—fz), as
far as it goes through a mediugis the imaginary part of the refractive indexatetl to the linear
attenuation coefficienu through the following relationship (Raven et 4B96):

u(x,y,z) = 4TNﬂ(x,y, z). (1.5.1)

The attenuation of X-rays through the matter hasnbdescribed by the Beer-Lambert law, as
mentioned in Section 5.f.

The attenuation of hard X-rays (10-100keV) throdgl matter is due to the photoelectric effect,
Compton scattering (incoherent scattering) and &glyl scattering (coherent scattering). At this
energy range, pair production is unlikely to occline probability of each interaction to occur is
described by itgross sectionlt is usually expressed lmarn (1 barn = 10~2*cm?), and depends on
the energy of the incident X-ray beam and the atamimber Z of the medium. The cross section is
also known as the atomic attenuation coefficiangm?/atom.

5.a.Photoelectric effect

The photoelectric effect is illustrated in FigureThe incident photon is fully absorbed and diskxlg
a bound electron close to the nucleus (K-shelltedador example), with a kinetic energy_, equal
to the energy of the incident photan, minus the binding energy of the electign

Ee_ = hv - EKJ (152)

whereh is the Planck constant & 6.62 x 1073%].s) andv the wave frequency.

The ejected electron (callgzhotoelectroh is put in motion following a direction depending the
energy of the incident photon. The atom is thuszieh (an electron of an inner shell is missingy] an
recovers a stable state by releasing characteXstiy (secondary photons), because of the passage
L-/M-shell electrons to the K-shell.

Typically, photoelectrons of energy 20keV are mpsibably emitted at 70° with respect to the
direction of the incident photon, whereas photdebas of 500keV are preferentially emitted at 25°.
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Figure 7: Illustration of the photoelectric effect.
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The photoelectric cross-sectiopyytoeiectric d€pends on the energy of the X-fayand the atomic
numberZ of the medium as (Wang, 2007):

ZS

Uphotoelectric x ﬁ (1-5-3)

5.b.Rayleigh scattering (coherent and elastic scatter@)

Rayleigh scattering is elastic and coherent, becahsre is no change in energy and phase,
respectively, between the incident and the scattph®ton. The incident photon simply bounces off
an atom, and is deviated (Figure 8). This inteoacticcurs at low energies.

Scattered
Photon

Incident
Photon

A=A,

Figure 8: [llustration of Rayleigh scattering.

The Rayleigh cross sectioRy.ign depends on the energy of the incident phdicand the atomic
number of the mediurd as (Wang, 2007):

ZZ

ORayleigh < ﬁ (1.5.4)
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5.c.Compton interaction (incoherent and inelastic sca#ring)

The Compton interaction is depicted in Figure 9.

Compton scattering Recoil /

electron
O

Target

Incident elactron - .

photon

Scattered
photon

4 a h
Ap—Ai=AA= L (1-cosh)
mye

A
Figure 9: Illustration of the Compton interaction.

The incident photon interacts with an atomic etmttof an outer electron shell (low binding energy
with respect to the energy of the incident photdhg photon is scattered with an an@leand the
electron is set in motion, with a kinetic eneffyy , and a directiowp:

E._=hv—hv, (1.5.5)

wherehv is the energy of the incident photon, @ndthe energy of the scattered photon.

Using the conservation of energy and the consenvatf momentum before and after the interaction,
we can express the energy of the scattered plwtoras a function of the energy of the incident
photonhv, and the scattering andle

_ hv
1+ hv(1 — cozs(e)) (1.5.6)
M. C

hv'

wherem,. c* denotes the electron rest mass energy ¢* ~ 511 keV)

The angular distributiofi of scattered photons and the direction of theiretectrond, are given by

the Klein-Nishina formula (Klein & Nishina, 1929Jhe anglep never exceeds 90°. Typicalky,and

0 are likely to decrease when the energy of thedemi photon increases. The Compton cross section
Ocompton deCreases with the energy, as (Wang, 2007):

Zm,.c?
Ocompton & E + m_e.cz' (1.5.7)
The Compton scattering is incoherent, becauselibeegoof the photon is destroyed (there is a change
in the wavelength), and inelastic, because of ridwester of energy between the photon and the recoil
electron.

41



5.d.Pair production

The pair production is illustrated in Figure 1Qarelquired an incident photon whose energy is highe
than 1.022MeV, which is not the case of hard X-réy&to 100keV). Briefly, the photon is absorbed
near the nucleus, and producesed@ctron-positronpair. The positron quickly annihilates with an
electron of the medium, to produce the so-calleditalation radiation, namely two photomysof
511keV each, emitted in opposite direction (FigLOb).

Positron

Ewcciron

laerdent photan

£ > 1.02 MeV

s (b) Electron

@)

Postiren
Figure 10: (a) Pair production mechanism; (b) annihilation of a positron with an electron.

The cross section of pair production typically emses with the enerdy of the incident photons. It
also depends on the atomic number of the media® (Wang, 2007):

72(E-2me.c?)’ (E+2me.c?)’

E6

(1.5.8)

Upair X

5.e.Total attenuation coefficient
The total cross sectiomyor of the X-rays with matter is the combination of #le previously

described effects. Nevertheless, for hard X-rays t(l 100keV), the pair production is unlikely to
occur, so it can be neglected.

Oror = O-photoelectric + O-Compton + GRayleigh + Gpair (1-5-9)

As an illustration, Figure 11 shows the predominafiect for energies ranging from 10keV to
100MeV and atomic numbers ranging from 1 to 100.
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Figure 11: Predominant effect, as a function of the atomic number of the material Z and the photon
energy, in MeV. Figure from (Podgorsak, 2005).

The linear attenuation coefficient usually expressed in ¢his related to the total cross sectigp
through:

u= W, (1.5.10)

whereN, denotes the Avogadro’s constaml,(x 6.022.1023mol™ 1), p the mass density of the
material and4 the atomic mass number of the medium. Figure 13vshihe linear attenuation
coefficient of several materials, as a functiothaf energy.

The mass attenuation coefficieﬁi,expressed in cm?/g, is also often used. At thRFE® could be, as

well as other physical and optical indexes, catedausing the software XOP (del Rio & Dejus,
2004). Figure 12 illustrates the mass attenuatmefficient of water for each interaction (coherent
Rayleigh scattering, incoherent Compton scattegphgtoelectric effect and pair production), and the
resulting total mass attenuation coefficient, snation of the energy of the incident photon.
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Figure 12: Total mass attenuation coefficient (cm?/g), for energies from 1keV to 50MeV (bold). Each

thinner curve corresponds to the attenuation coefficient for a specific interaction, mentioned below the
graph.

44



500 ——r—r Ty

200 -

100 |

Lead
—~

Lol

1 1 lllllll

Aluminum

Linear Attenuation Coefficient, (cmi')

Bone
~

T T T TT107

TTTTTT

11 1

vl L
10 20 50 100 200 500 1000
Photon Energy (keV)

1114111

Figure 13: Linear attenuation coefficients (in cm™?) of different materials, as a function of the photon
energy (in keV). Note the presence of an abrupt jump in the linear attenuation coefficient of the lead,
around 88keV; it is the K-absorption edge of the lead, and it corresponds to the energy of the electrons
on the K-shell of the lead, which are ejected when the incoming energy exceeds the one of the K-edge.

5.f. Beer-Lambert law

The Beer-Lambert law describes the attenuatiom@fohotons in a medium. We consider an incident
beam composed ad¥, photons of energye, going through a homogeneous material, of linear
attenuation coefficienft (in cmi'), and thickness (in cm) along thez-direction. The number of
transmitted photond; is given by:

N:(E) = Ny(E).exp(—u(E).t) (2.5.11)

If the object is inhomogeneous, its attenuatiorffaent varies spatially. The number of transmitte
photonsV, is then expressed as:

N¢(E) = Ny(E)exp(— f u(z, E)dz) (1.5.12)
path

Usually, the data are transformed in order to getdy the integral of the attenuation coefficiefibe
recorded intensity is (Mobilio et al., 2015):

o (Ne(B))
I_ln<Nt(E)>_ fu(z,E)dz (1.5.13)

path
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6. Phase contrast

During the past three decades, there has beenvangronterest in X-ray phase contrast imaging
(PCI). Unlike conventional absorption-based imaginbich is only sensitive to the attenuation of the
incoming X-ray beam, PCI also relies on the pha#eé af X-rays occurring when they pass through a
medium. The reall(— §,,) and imaginaryf) parts ofn are respectively related to the phase-shift and
the absorption. This modality offers a better d@visi than conventional radiology, since for hafed
rays (10-100 keV) and low-Z materials (such as ssdues), refraction is at least two or three de
of magnitude higher than absorption at typical imggenergies (Momose, Takeda, Itai, & Hirano,
1996), as illustrated on Figure 14.
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Figure 14: 5,/ ratio of soft tissues, as a function of the energy (in the range of hard X-rays).

Nevertheless, phase contrast is not directly meh$ejrand needs to be put in evidence by the miean o
various experimental techniques, described in & section.

7. Phase contrast techniques

Since the emergence of phase contrast, severatitees have been developed. They enable to
measure the phase shift, induced by the samptbeeokave front, or a signal related to the phasié-sh
(e.g.its gradient or Laplacian). To this aim, they taldvantages of various physical phenomena, as
refraction, diffraction, etc.

7.a.Crystal interferometry

One of the first set-up designed for phase contrastisurements was the Laue-Laue-Laue
interferometer (Bonse & Hart, 1965). It uses thoegstals with Laue geometry Momoseet al.
demonstrated the high potential of phase contrgstmaging soft-tissue with a high sensitivity
(Momose et al., 1996).

! The Laue geometry (transmission geometry) referthé diffraction of the beam from the oppositefate it
hit the crystal. This is opposed to the Bragg gaoyngeflection geometry), where the beam is refddrom
the same surface it entered the crystal.
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As depicted in Figure 15, a monochromatic bearplisigto two coherent beams using the (S) splitter
crystal. They are transmitted by the crystal miidj, so that they converge on the analyzer crystal
(A). One beam is phase-shifted when passing thrahghsample, unlike the other. This results in
interference patterns that are recorded by thectbgtdownstream to the interferometer. These images
are directly proportional to the phase itself.

7.b.Analyzer-based phase contrast

A phase contrast imaging modality, using a cryatalyzer in Bragg geometrywas introduced by
Chapman et al., in 1997 (Chapman et al., 1997)s Piase contrast modality is also known as
“Diffraction-Enhanced Imaging” (DEI), or “AnalyzeéBased Imaging” (ABI). The incident X-ray
beam is monochromatized using a typically Si(11dylde crystal monochromator, that is deviated
when passing through the sample. A second crystalally Si(333)), called the analyzer crystal,
selects the refracted beams at certain anglesré-ifia).

detector

analyzer

sample ‘
X-ray beam —

—

monochromator
(a)

=2 -1 0 1 2
Analyzer angle (urad)

=~ Normalized intensity

(b

Figure 16: Analyzer-based imaging set-up (a), and Rocking-Curve (RC) of a Si(333) crystal analyzer
(b). Illustrations from (Sztrokay et al., 2012).

The analyzer acts as an angular filter, which selemarrow beam satisfying the Bragg’s condition:
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kA = 2d.sin(6), (1.7.1)

whered is distance between two adjacent lattice planethefcrystalf is the angle of the incident
beamA is the wavelength of the incoming beam, &nd an integer (diffraction order).

The analyzer crystal is characterised by its Ragkiurve (RC), which represents the normalized
transmitted intensity as a function of the angletlué analyzer. Typically, for a Si(333) crystal
operating at 70 keV, the full-width at half-maximwhthe RC is about 0.95 prad. Thus, the ABI set-
up requires a high spatial stability.

A dataset consists in acquiring images at seva@llar positions of the sample, for two positiofis o
the analyzer crystal, usually “Plus” and “Minus”sitions on the RC (see Figure 16b), corresponding
to the angles where 50% of the intensity is trattschi By combining the recorded intensities at two
positions of the RC, the apparent absorption insgethe refraction angle (angular deviation) can be
retrieved.

The angular deviation is directly related to thagihgradient, through:

A dp
__Htoe 1.7.2
Ady 21 0x ( )

Thus, ABI is sensitive to beam deflection in oneediion (the direction parallel to the diffracted
beam), and permits the direct measurement of Ibealn deflection using a monochromatic and
parallel X-ray beam, under small refraction angiadition.

The major drawbacks of this technique are the requént of perfect crystals and high spatial
stability. Moreover, acquisitions are known to bme-consuming because the photon flux is
drastically reduced by the crystals.

This technique has mainly been applied in biomédiesearch, and particularly in mammography
(Fiedler et al., 2004; Keyrildainen et al., 2005stdage and bone imaging (lzadifar, Chapman, &
Chen, 2014; Majumdar et al., 2004; Mollenhauer let 2002), and more recently in biomaterial
imaging (Appel et al., 2015). Recently, some effdrave been devoted in reducing the delivered dose
towards clinically compatible dose (Keyrildinenagt 2008; Mittone, Gasilov, Brun, Bravin, & Coan,
2015).

7.c.Grating-based phase contrast

The grating-based technique is also called DiffegaérPhase Contrast Imaging (DPCI) (David,
Nohammer, Solak, & Ziegler, 2002; Momose, 2003])s Ibased on Fresnel diffraction in a periodic
grating system (Weitkamp et al., 2005), also kn@gntheself-imaging phenomenoit requires a
spatially coherent beam (or made spatially cohdygrat source grating).

Because of beams interference, the image of thengres then repeated regularly, at multiple of the
Talbot distance (Lord Rayleigh, 1881). The Talbstahced is defined as:

2
dp =9~ (1.7.3)
whereg is the period of the grating, aindhe wavelength of the incident beam.
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7.c.i. Talbot distances and fractional Talbot distances

For an absorbing periodic grating (of perigyd illuminated by a monochromatic beam of wavelangt
A, self-imaging ie. repetition of the grating pattern, transversadiythe propagation axis) occurs at
multiples of the Talbot distaneg-, defined in Equation (1.7.3).

If the grating is not absorbing, but induces a il phase shift of the illuminating wavefront,
the self-imaging occurs at multiples of fractiomalbot distance; (Arrizon & Ibarra, 1996):

2
g . lifa=mn/2
= — thn = 1.7.4
fr 21)2/1'W1 T { 2ifa=m ( )

7.c.ii. Set-up

The grating interferometry set-up is depicted iguFe 17.
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Figure 17: Scheme of the interferometry set-up. Go is the source grating (of a go-period), Gi the phase
grating (of a gi-period), and G2 the absorption grating (of a gz-period), placed just before the detector
D. The distance between Go and G1 is [, and the distance between Giand Gz is dm. Figure adapted from
(Pfeiffer, Weitkamp, Bunk, & David, 2006; Zanette, 2011).

A so-calledphase grating Gis placed after the sample, and induces a consegbease shift on the
wavefront without attenuating the beam. This residt periodic intensity modulation (wavefront
interferences) at fractional Talbot distarfge The absorption grating G (also known asnalyzer
grating), usually placed at,,, = fr, constructs the image.

When using a divergent and polychromatic beasguace grating @is added close to the source, to
make a series of coherent sources from the incomit@herent source. This enables phase contrast
imaging with conventional lab sources (Pfeiffeakt 2006).

It is noteworthy that the periods of, @nd G are interdependent, and the distances separaitiy e
grating are related by:

l
m
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7.c.iii. Phase stepping

The phase-stepping method, which consists in r@ugtéie signal at several (usually 3 to 6) posgion
of the analyzer grating, allows to quantify the arpsion, the phase-shift and the small-angle
scattering (SAXS) (also called “dark-field”) indutéby the sample. For the reconstruction, the
stepping curves (intensity recorded in each pasra &unction of the phase step) with and withoat th
sample, are fitted with a sine curve, and enabketonstruct the absorption, the phase and the dark
field. The decrease in intensity of the wavefronttie presence of the sample, with respect toowith
sample), its lateral shift and its decrease inbiligy are related to the attenuation, the refractand

the scattering of the sample, respectively. Thaidet reconstruction process is explained in (Trgjri
Modregger, Pinzer, Wang, & Stampanoni, 2011).

Grating interferometry offers a moderate spatigohetion, which depends on the size source, the
grating pitch size, and the distanagg and | separating each grating. Its compatibility with
conventional lab sources offers it great appliceion biomedical imaging. A recent investigatiors ha
been devoted to optimizing the acquisition of a geghaontrast clinical scanner using grating
interferometry (Mdller et al., 2015). Current resdais mainly focused on breast imaging (Anton,
Bayer, & Beckmann, 2013; Stampanoni, Wang, & THgir2011; Sztrokay et al., 2013; Willner et al.,
2014), and aims at reducing the delivered doseammography (Gromann et al., 2016; Scherer et al.,
2015). Grating-based imaging has also been uséore imaging (Potdevin et al., 2012) and brain
imaging (Pinzer et al., 2012). Its clinical potahthas been demonstrated by the development of a
laboratory set-up for phase micro-tomography (Réeiét al., 2006), and applied to soft-tissue imggi
(Bech et al., 2009).

7.d.Edge-illumination technique

This technique, firstly introduced by Olivo and 8g@e(Olivo & Speller, 2008), is also known as
coded-aperture. It does not require a spatialtgimporally coherent beamd, suitable for a divergent
polychromatic beam).

The principle of this technique is the followingawvefront distortions induced by the sample are
converted into intensity variations. The detecsondt placed in the direction of the sample bghsly
below or above (see Figure 18), so that a beamwtbald not be detected is detected because of the
deviation caused by the sample. In the same wagaan that would have been detected without the
presence of the sample is not detected, becauke deviation caused by the presence of the sample.
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Figure 18: Edge-illumination principle: (a) a beam that would have been undetected is actually
detected, and (b) vice-versa.
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Figure 19: Coded-aperture set-up (from [Olivo, 2011]). The Sample Aperture (SA) mask is placed just
upstream to the sample. The Detector Aperture (DA) mask is placed just before the detector. P denotes
the detector pixel size, and AP the illuminated fraction of a pixel.

The set-up of this technique is depicted on FidifeThe incoming beam created by the source is
divided into multiple beams, using a sample aper{®A) mask. The detector aperture (DA) mask,
placed just before the detector, is positionedhst €ach beam impinges partialfR) on a single
pixel detector (of size P). The recorded intenditys depends on the illuminated fraction of theshix
and on the refraction angle (Endrizzi et al., 2014)

This low-dose non-interferometric technique (CH&agen, Munro, Endrizzi, Diemoz, & Olivo, 2014)
has been successfully applied to cartilage imafitarenzana et al., 2012), and scaffolds (C. Hagen
et al., 2015), with an effective pixel size of 3mbu
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7.e.Propagation-based phase contrast

The simplest phase contrast set-up is propagatiseeb phase contrast imaging (PB-PCI) (Snigirev,
Snigireva, Kohn, Kuznetsov, & Schelokov, 1995; Wik Gureyev, Gao, Pogany, & Stevenson,
1996), also known &fsee space propagatiophase contrast. It consists in letting a spatiedigerent
beam propagate after passing through a sampléelfdetector is close to the sample “at contact
plane”, an absorption image of the object is reedrdPhase contrast can be achieved by moving the
detector downstream.

This technique can be easily extended to tomogeaiph@ging, by acquiring projections at several
angular positions of the object, using a high-natsoh detector (Fast REadout LOw Noise [FReLoN]
camera (Labiche et al., 2007)), to image the prafyag fringes at a sufficient precision. The reeatd
measurements are directly related to the Laplaofathe phaseY?g, in the near-fileld regime
approximation

This technique has been refined by Cloetenal. (P. Cloetens et al., 1999) to a multiple distances
acquisition (Figure 20). This particular methodca&led holotomography and consists in acquiring
projections for a complete rotation of the sampgle different sample to detector distances. This
enables to cover well the Fourier domain (the Feesansform, mentioned in the Chapter Il, can have
zero crossing at certain distances), and thus wpgothe phase reconstruction. Recently, a quite
exhaustive experimental study about acquisitiorinopation, with respect to dose delivering and
image quality, has been published by (Frachon.e2@15).

These two methods (single-distance and multipleadie) benefit from the coherence of the beam
and its high flux. Actually, they do not requireyamptical elements such as analyser crystals, which
make them free from photon losses and optical atbens. The signal intensity depends on the
propagation distance, as shown in Figure 21.
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Figure 20: Set-up for multiple propagation distances acquisition (holotomography). Image from
(Langer, Cloetens, & Peyrin, 2010).
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Figure 21: Recorded intensities of a non-attenuation object (a polystyrene sphere of 30pum thick,
covered by a 15um-thick parylene sphere), at (a) 3mm; (b) 190mm; (c) 830mm propagation distance.
Zoomed-in details of the sample at (d) 0.15m and (e) 3.08m propagation distance. Energy beam is
about 17.7keV. Images from (P. Cloetens et al., 1999).

Regardless of the number of distances used, aadassconstruction process consists in performing
phase retrieval at each projection angle, follolwgdomographic reconstruction. The existing phase
retrieval algorithms of propagation-based phaserasnhimaging will be further developed in the
Chapter II).

Because of its simplicity, and the high spatiabheson achievable (up to 20nm with magnified in-

line phase contrast), PBlI has been widely usedaiious domains, such as material science (P.
Cloetens et al., 1997), plant imaging (Peter ClugteMlache, Schlenker, & Lerbs-Mache, 2006;
Rousseau et al., 2015), cartilage and bone imagitogng et al., 2014; Kampschulte et al., 2016;
Maggiano et al., 2016) and brain imaging (Barti€lgnkel, Cloetens, Mobius, & Salditt, 2015; Rositi

et al.,, 2014). Very recently, a lab source set-ag been applied to lung imaging, achieving a
resolution up to a few micrometers (Krenkel, Tépypen, Dullin, Alves, & Salditt, 2016).
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8. Tomography

Now we have defined the phase contrast, we int®die basic principle of computed tomography
(CT), because they are both combined in phaseastr@T.

8.a.Data acquisition and Radon transform

Data acquisition in X-ray 2D parallel beam CT candescribed as follows. The detector is placed
opposite to the source. Each ray of the sourcdtésisated by the sample, positioned between the
source and the detector, and is recorded by omeealeon the detector. The attenuated intensity is
recorded, for each angle and each element of the detector. The resultatgset of projections is
namedsinogram(Figure 22).

le

a

(A)

position on the detector (xg)

Figure 22: (A) Synthetic image and (B) its corresponding sinogram, for © ranging between 0 and 7.
Courtesy of F. Peyrin.

The sinogram can be modeled thanks to the Radosftran, which was defined and studied by
Johann Radon, in 1917. This mathematical transfetaies an n-D function to the set of its integrals
over hyper planes. In the 2D case, it correspondbe set of projections of the image at angles
(Figure 23).
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pPa2(xXs)

Figure 23: Principle of the Radon transform. Image modified from (Kak & Slaney, 1988).

The object is described in the Cartesian coordiegstem(x, y) by its linear attenuation coefficient
2D-mapu(x,y). The coordinate system attached to the beanthe systengx, y) rotated with an
anglef is denoted by the systefw,,y,), as shown in Figure 23. These two systems aredink
through the following relationship:

() =%y ona)-G) (18.1)

In the same way, the systdm y) is the systen(x,, y), rotated of an angled. Consequently:

X = x4, €086 — ygsin @
{y = x4, sin @ + y; cos O’ (1.8.2)
The projection is expressed as
+00
poCi) = | uCuy)dys, (1.8.3)
which is equivalent, in the rotated coordinate aystx,, y;), to:
+co
pe(xs) = f U(xscos@ — ygsin @, x, sin 6 + ys cos 0) dys. (1.8.4)
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8.b.Fourier slice theorem

The Fourier slice theorem, also known as ¢batral slice theoremis fundamental in the theory of
image reconstruction. It states that the 1D Fourgersform of a projection of an object at angle,,

is equal to the 2D Fourier transform of the objecta line at angl@ passing through the origin. A
scheme of this theorem is depicted in Figure 24is Ttheorem is a key point to understand
tomographic reconstruction. Its mathematical dernmatien is given below.

-

\3\\

7

Space domain Frequency domain
Figure 24: Illustration of the Fourier slice theorem. Figure modified from (Kak & Slaney, 1988).

Let (fx, fy) be the equivalent coordinate systenfxfy) in the Fourier domain.

By definition of the Fourier transform, the 2D Faurtransform ofu, F,,{u}, also denoted is:

TZD{ﬂ}(fx' fy) = lj(fxrfy)

) (1.8.5)
= || wx . exp(-2mice f + vy dx dy,
Let pg(xs) be a projection of angleé andpy (f,) its 1D Fourier transform:
Fuolpo} ) = o5 = [ o) exp(~2mixsf) dxs. (1.8.6)
Subsituting Equation (1.8.4) in Equation (1.8.&)de to:
Po(fy) = -U u(xs cos 8 — ygsin 0 ,x, sin @ (1.8.7)
+ ys cos 0).exp(—2mixsfy,) dxs dys.
Substituting(xs, y5) by their equivalent in the fixed Cartesian gfigly) leads to:
Po(fy) = ff ulx,y).exp(—2mi(xcos 0 f, + ysin@ f,)) dx dy (1.8.8)
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Do (fx) = f(fx cos b, fy sin ). (1.8.9)

Note thatf, cos 8 andf, sin 6 are the Cartesian coordinates of a straight liagsipng through the
origin, rotated of an angkwith respect to the abscissa of the coordinateesys

Thenu can be inferred from an infinite number of projecs by doing an inverse Fourier transform
of fi, expressed as follows:

uCey) = [ & (fo fy) exp(2in (fox + £,3)) dfydfy. (1.8.10)

8.c.Filtered back projection

Retroprojection, or Back-projection, consists ipr&sading” the projections, according to:

T

ugp(x,y) = f pg(xcos + ysing, 8) d6 (1.8.11)
0

The simple retroprojection of all projections reésuh a blurred reconstruction, and star-like adéd,
as depicted in Figure 25A. This blurring can be\adited by the use of a high-pass filter prior acko
projection.

(A) )

Figure 25: Backprojection (A) and filtered backprojection (B) of the sinogram of a circle.

Filtered back-projection, usually shortened to FBésists in filtering the projections using a ramp
filter before backprojection. The mathematical dastmtion of this reconstruction method is given
below.

The expression of Cartesian coordinates of the i€ouwtomain(fy, f,) as a function of their

fy =ucosb

equivalents in the polar coordinaies 6) is : {f — using
=
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Recall the expression of the inverse Fourier tansfin Equation (1.8.10), and express it in theapol
system:

1 6=2m ru=+oo
ulx,y) = E,f f f(u, 0)exp(2in(u(x cosd + ysinh))|ul du do. (1.8.12)
6=0 u=-—o0

The integral of the linear attenuation coefficiabt-r , pg -, IS the same than the integralbapg,
except the sign because of the reverse direction:

Po+r(Xs) = —Po(xs). (1.8.13)

According to the central slice theorem, develope®bection 8.b (Page 55), we have the following
equality in terms of linear attenuation coeffictent

A(w, 0 + ) = ji(—u,o). (1.8.14)

Consequently, the integral ovex 8f u in Equation (1.8.12) is equivalent to an integraérn of the
absolute value af:

0= ru=+oo
ulx,y) = f f f(u, 8)exp(Rinu(cos O x + sinf y))|u|dudd (1.8.15)

0=0 Ju=-co

We apply the Fourier slice theorem in Equation.(l58:

O=m ru=+oo0
ulx,y) = f f Po(w)u| exp(2imu(cos 6 x + sinfy))dudf. (1.8.16)
6=0 Ju=-o0

Note the filtered projection at an angléy Qg:

ulx,y) = f Qg (xcosO + ysinB) d6, (1.8.17)
6
with
+00
Qp(xcosf + ysinf) = f Po (W) |ulexp(2imu(cos 6 x + sin 6 y))du. (1.8.18)

In |lu| we recognize the ramp filter. In practice, theegmale is not performed on the whole Fourier
space, but on a limited bandwidtifay, Umay:

Qg(x cosB + ysinB)

+Umax
= f Po (W |ul exp(2inu(cos 6 x + sin6y)) du. (1.8.19)

~Umax

Computing the integral on a limited bandwidth iasteof the whole space is equivalent to apply an
apodization filtep(u) defined by:
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= 1, “Upax S U S FlUpay
pu) = {0, otherwise (1.8.20)

Since the ramp filter boosts the high frequen@aes|, thus the noise, it is usually followed by loasp
filtering (as the Hann filter).In practice, thisaazation filter is a Gaussian-like filter, whiceads to
reconstruction filter (ramp filter + apodizatiottdi) as those depicted in Figure 26.

Filter Modulus
0,5

' \ —— Ram-Lak
0.4 =— Shepp-Logan
Cosinus

Hamming
—— Hanning

0,3 1

0,2

0,1 1

frequency unit

Figure 26: Examples of classical reconstruction filters.

The FBP is the standard and most popular recongtnualgorithm for parallel beam CT. It usually
gives satisfying results while reasonable comportatime, at least if the data are correctly sampled
Moreover, it has been extended to fan- and conexlig®. Some further mathematical developments
about it are given in the book of (Kak & Slaney8&%

At the ESRF, the tomographic reconstruction is dame FBP(Salomé et al., 1999). The software
currently used, called PyHST (Python High Speed dgnaphy), has been developed by A.
Hammersley and later optimized by A. Mirone (MiroBeun, Gouillart, Tafforeau, & Kieffer, 2014).

8.d.Sampling theorem

One key-point of the reconstruction using FBP ikdwe a sufficient number of projections. Recadl th
Shannon theorem (also knownsasnpling theorein

fs 2 2Umax, (1.8.21)

wheref; is the sampling frequency, ang,,, the maximal frequency of the signal. Let consider
projection of size D, sampled at a frequejicylThe number of samplé& in one projection is

N, = £.D. (1.8.22)

It is admitted that the minimal number of projen8aV,, that ensures a good reconstruction using FBP
is about:

N, ~ gzvs. (1.8.23)
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The number of projections is always a tradeoff leetw image quality and delivered dose. An
insufficient number of projections will result ites-like artefacts in the reconstructed image,ebtdgo
large number of projections will lead to a highideled dose.

8.e.3D - CBCT

Because conventional X-ray sources are commonkrgent, the FBP has been extended to fan- and
cone-beam geometries. These geometries, as witleadassical parallel beam configuration used at
the ESRF, are depicted in Figure 27.

Planar fan beam geometry is used in tHes@anner generation; the beam is divergent andeteztor
a line array. The sample rotates and translatgetta complete dataset of projections of the voltone
image (Peyrin & Engelke, 2012).

Cone-beam CT (CBCT) appeared in the early 90's,iamibwadays broadly used in dental imaging,
radiotherapy and interventional radiology. By acug 2D projectionsi(e. including all the field of
view), the sample only needs to rotate to get aptetm data set of projections.

Tuy’s data consistency condition (Tuy, 1983) staked every plane intersecting the object must also
intersects the source at least once. This is nbd-fa a circular trajectory of the source for exale.
Exact reconstruction algorithms have then beenqseg by Grangeat (Grangeat, 1987) and Defrise
and Clack (Defrise & Clack, 1994) for acquisitig®&isfying Tuy’s condition. It is based on the same
principle than the FBP, but the data are eitheinrednl to parallel configuration or filtered by a 2D
shift-variant filter.

The classical reconstruction algorithm used in CBEthe Feldkamp-Davis-Kress method (shortened
to FDK method), where a weighting step is perforrpedr to the FBP (Feldkamp, Davis, & Kress,
1984). This weighting step gives more importancthérays that are close to the cone axis. Although
this method is non-exact, it enables to reconstlata acquired for a circular trajectory of therseu
Only the slice in the plane of the source is retrocted exactly. Nevertheless, FDK method hasded t
satisfying results, and has been widely used tarting point to further developments (Turbell, 2D0
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Figure 27: Planar fan beam, cone beam and parallel beam configurations for tomography. Figure from

http://serc.carleton.edu/research_education/geochemsheets/techniques/CT.html

Conclusions

This thesis focuses on phase contrast imaging,usecdés offers an enhanced contrast with respect to
conventional attenuation imaging. Coupled to higlsotution detector and synchrotron radiation
beam, it enables to image from soft tissues to hitle a high precision. In this first chapter, we
present the physical context of this work, by idtroing X-rays properties, and their interactionthwi
the matter, as well as the requirement for phas¢rast imaging. We present the different set-ups to
do phase contrast imaging; the simplest of thethagpropagation-based imaging, which is the set-up
we used in this work. Since we are dealing with@iase contrast imaging, we finish by a section
presenting the theoretical part of tomography, frdata acquisition to volume reconstruction. The
Cone-Beam Computed Tomography is also mentionedjt ds widely used in conventional
tomography.
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Chapter II: Image formation and phase
retrieval in phase contrast tomography

In this chapter, we first introduce the differemtaige formation models of propagation-based
phase contrast tomography (direct problem) existmghe literature. These models describe the
recorded intensity of phase contrast projectiorss,aafunction of the attenuation and the phase
information, usually entangled. These phase canpegections can be directly used as input to
tomographic reconstruction algorithms, as explaiiedhe Section 2. But more generally, the
quantitative reconstruction of the refractive ind#xan object given measured phase contrast images
requires phase and attenuation detangling. Thisistealledphase retrievalinverse problem), and is
performed for each angular projection. In Sectiorw@ present several phase retrieval methods
existing in the literature, used in single- or mdistance in-line phase contrast tomography. Phase
retrieval is followed by tomographic reconstructiohthe obtained phase projections. This can be
done using Filtered Back-Projection (Chapter I)almyebraic tomographic reconstruction algorithms.
The latter are presented in Section 4, becausedteegaining ground when it comes to solving the
tomographic inverse problem. Then, we introducefeddht regularisation methods, since
regularisation has been extensively used to sdheeitverse problem of phase retrieval, or in
tomographic reconstruction. Finally, recent develepts on “combined methods’e. methods that
combine phase retrieval and tomographic reconsbruatto a single step, are presented in Section 6.
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1. Image formation and modelling in propagation-based imaging

In this section, we consider propagation-basedegbastrast imaging. The propagation of diffracted
waves in the near-field region is known &sesnel diffraction (near-field diffraction). The
corresponding set-up is extensively described iap@r . We introduce the notations that will be
used in the manuscript. We consider a parallel beamfiguration, propagating in the z-direction. The

projection plandx,y) can also be referred k= (x,y). The sample can be rotating by an arfgle
around ther-axis, in a Zz-angular range. The distance between the sampléhardktector i©.

1.a.Fresnel diffraction

In propagation-based imaging (PBI), the contragius to free space propagation in the near-field
regime of a highly spatially coherent beam, aftasging through the object. It creates interference
patterns Fresnel fringey recorded by the detector. The phase informasia@ancoded in these fringes
(J.-P. Guigay, 1977).

At each angled, the interaction between the object and the Xaawe can be described as a

transmittance functioffig, involving the projections of the attenuation ahd phase shift at the angle
6, respectivelyBy andgg:

To(x) = exp(—By(x) + ipg(x)), (2.1.9

whereBg(x) and@g(x) are projections of the absorption index and réfracindex decrement,
respectively, perpendicular to the propagationatiioa of the beam:

2
By(x) = %fﬁ(x,z) dz 2.1.2
Po(x) = — 271-[.[ on(x,2)dz (2.1.3

Thus, ifu;,.(x) denotes the incident wave front, angy (x) the wave front right after the sampiee(
at contact plane), we obtain:

U0 (x) = TO (x)uinc (x) (214

The corresponding intensity recorded by the detewatithout any propagation, is:
Iyg(x) = |u0,9(x)|2 (2.1.9

Iog(x) = |Tg(X)Ujnc () |? (2.1.9

By substituting Equation (2.1.1) in Equation (2)1\8e obtain:
lop () = |e~BoWet 0oy, ()" = |e=B0@|*| et 000 | () 2. (217

The second term of the product can be droppedubkegg (x) is real. This leads to:
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IO,O(X) = e_z'Be(x)luinc(x)Iz = e_ZBe(x)[inc(x): (218

which corresponds to the standard Beer-Lamberuksed in attenuation CT.

In the case of propagation, the free space projagatver a distanc® can be modelled by the
Fresnel transform involving the propaga®r(Goodman, 2005):

1 T
Py (x) = = exp (i |x[2), (2.1.9

or equivalently by its Fourier transforPj:

Py (f) = exp(—imAD|f|?), (2.1.19

wheref = (f,g) are the frequency variables correspondingx) (i.e. the coordinates in the
Fourier space).

The Fresnel transform can be written as the comwesluof the exit wave front,o(x) with the
propagatoiP, (x). If up (x) denotes the wave front at a distabcom the sample, we obtain:

Usually, in computer implementations, the propaget@pplied in the Fourier domain, since there it

becomes a multiplication instead of a convolutiorthe spatial domain. The equivalent of Equation
(2.1.11) in the Fourier domain is:

tip () = Po (N (f)- (2.1.12)
Sinceup usually stays in the real domain, and the propagatapplied in the Fourier domain, we get:
up(x) = F1(PpFu) (%) (2.1.13)
whereFandF ! respectively denote the Fourier transform andrnterse Fourier transform.

The operatofF+y, also known as the Fresnel transform at a propagalistanceD, can then be
expressed as:

Frp =FLBF. (2.1.14)
If we assume a unitary wave front, which meansuhgat(x) = 1, the interaction between the incident

wave front and the sample, followed by free spaopayation over a distan&ecan thus be modelled
as:

ug,p(x) = Tg,p(x) = (Tg * Pp)(x). (2.1.15)

The intensity recorded by the detector at a digénis:
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Iop(x) = lug,p(X)|* (2.1.16)
Its equivalent in the Fourier domain can be exgess (J.-P. Guigay, 1977):

In(f) = f T (x - g) T* (x 4 g) exp(—i2mx. ) dx, (2.1.17)

which is useful as a starting point for contrasedirisation. Thus, intensities recorded by theatiete
are quantitatively, but non-linearly, related te fhase shift of the wave induced by the object.

1.b.TIE Model and WTIE

The Transport of Intensity Equation (TIE) (Teagi®82) not only describes, for a monochromatic
beam propagating along an axjsthe intensity recorded in the projection plané, (x), but also it

phasep:

2m 0y (x)
Tello (D)W ()] = == — (2.1.18)

¥V, denotes the gradient operator (first derivatinethie plan€x, y), namely:

Vs = (as - aS) (2.1.19)

xS - ax' ay e A
andV, - is the divergence operator:

0s, 0s,
s =—2 42 2.1.20

This model is valid for non-interferometric measuemts (such as PBI), large Fresnel number
(equivalent to small propagation distances), armdvpal approximation (parallel beam). By Taylor

expanding the transmittance function in Equatioril.(%7), which is possible because of small
propagation distances, we get:

T(x+g> ~ T(x) +%wf|7xT(x). (2.1.21)
This leads to
AD
Ip(x) = Ih(x) — %Vx(lo(x)wa(x)). (2.1.22)

The quantity(/, (x) — I,(x))/D can be approximated by the partial derivativé,oh the propagation
direction (thez-axis), yielding:
21 dly(x)

7 or ~ Elle@ne@). (2.1.23)

A symbolic solution of this TIE was proposed by &aig (D. M. Paganin, 2006):

2 _ 1 _, 01H(x)
() =——"0 2<Vx{lo(—x)|7x (vx z 5, )}) (2.1.24)

whereV, "*denotes the inverse Laplacian.

71



The Weak absorption Transport of Intensity Equat(®TIE) has been derived from the TIE

(Equation (2.1.22)) by Bronnikov (Andrei V. Bronoik 2002), under weak absorption conditions
(i.e.if I,(x) varies relatively little with respect to the prcien plane(x, y), it can be taken out of the

gradient operator). The intensity is then expressed

I, () = Iy (x) [1 - ’21—2v§<p(x)]. (2.1.25)

A solution of the WTIE can be expressed using tiverise Laplacian (D. M. Paganin, 2006):

_2m__, (Ip(x)
p(x) = —vaz <Io(x) - 1>. (2.1.26)

1.c.CTF model

The Contrast Transfer Function (CTF) is a modeidvldr slowly varying phase (SVP) and weakly
attenuating object (Born-type approximation). Thasgumptions are summarized as follows:

{ B(x) « 1

lp(x) — p(x — ADf)| < 1 (2.1.27)

To achieve the CTF expression, the transmittanpetion (Equation (2.1.1)) is linearized to the 1
order, using classic Taylor's development:

T(x)=1—-B(x)+ip(x) (2.1.28)

By substituting this equation in the Equation (27}, and given the shift property of the Fourier
transform and Euler’s formula, the CTF expressgaltained (Cloetens et al., 1999):

Ip(f) = Spirac(f) = 2 cos(maDIf12) B(f) + 2sin@@aDIF )G, 5 1 o)

where ~ denotes the Fourier transform, &gg,. is the Dirac distribution

1.d.Mixed model

This model was developed in the early 2000's byg@yiet al. (J. P. Guigay, Langer, Boistel, &
Cloetens, 2007). It is valid for slowly varying @eaand weakly or strongly absorbing object. This
model originally aimed at finding a formulation,ligafor all objects (even strongly attenuating)atth
made both the CTF and the TIE coincide at smajp@gation distances. Using this model, the Fourier
transform of the intensity is expressed as:

I () = IZ7°(f) + 2 sin(mAD|f12) . F{lo@}(f)

D (2.1.29)
+ cos(nADIflz)ET{Vx (@V%l0)}()

Wherel"z,”=0 is the Fourier transform of the intensity at agamgation distanc®, assuming there is no
phase shift.
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It is noticeable that in this expression, the phstsift ¢ is coupled to the attenuation intendigy A
new variablap is thus introduced as the product of the attennathagel,, with the phase shifp:

P(x) = I(x). p(x) (2.1.30
Moreover, we have:
oV ly = 1yeV, In(ly) = YV, In(ly). (2.1.31)

The expression of the diffraction pattern becomes:

Ip(f) = IZ7°(f) + 2 sin(mAD|f12) . %(f)

+ cos(mADIf 1) g—im W)} e
For clarity, the following variables are introduced
Ap(f) = 2sin(mAD|f]?) (2.1.39
and
8o () = cosuDIf 1) 5 (T WRInC)}() 2139
The Mixed model expression becomes:
I (F) = I3 (N) + Ap (AP + bp () (2.1.39

This new expression can be seen as a linear prohigtm a perturbation term due to the partial
differential equation. Intuitively)(f) can be retrieved from, (f), and thus the phase shift This
phase retrieval step is further developed in trai&e 3.a.

2. Phase contrast tomography

In this section, we briefly recall phase contragshdgraphy, which consists in using the projections
directly as input of tomographic reconstructionthwut any phase retrieval step. In the considered
system, an object can be described by its complieaative index:

n(x,z) =1-38,(x,2) +if(x, z). (2.2.0

The real part of, (1 — §,,), is related to the phase shift induced by theatbgnd the imaginary part
of n, B, is related to the attenuation. Further detailsttun refractive index decremes)f and the
absorption inde¥ have been given in the Chapter I.

The absorption indeg is related to the linear attenuation coefficipriby the following relationship
(Raven et al., 1996):
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ux,z) = L;—E,B(x, z) (2.2.2)

AttenuationB and phase shifp induced by the object can be described as projecperpendicular to
the propagation direction of the beam:

B(x) = %"Jﬁ(x,z) dz (2.2.3)
Px) = — ZTHI On(x,2) dz. (2.2.4)

When the attenuation projections are used as oiptmographic reconstruction, one gets a 3D-map
of the linear attenuation coefficient. If the tomahic reconstruction algorithm is applied to tihage
contrast images, without any phase retrieval, drtains a 3D volume that encodes attenuation and
phase information. We detail below how this resgltivolume can be interpreted under some
assumptions.

We first assume that the weak defocusing condittsagespected (near-field diffraction):
AD|f? « 1 (2.2.5

In this case, the Fresnel propagator in Fouriecespzan be linearized (Cowley, 1995), and the
intensity is thus expressed as:

AD
o) = (@) |1~ - Vap ()|

2 2.2.6
_ 7exp(— B(x)).V,(exp —B(x)) .V,p(x)

whereV, denotes the gradient operator in the projectianglnd’? is the Laplacian operator:

0%s 09%s
Vis :ﬁ-}‘a—yz. (ZZD

Assuming that the attenuation varies slowly withpect to the phase, the last term can be neglected,
which leads to (AV Bronnikov, 1999):

AD
Iy (%) = I (%) [1 _ EV%(p(x)]. 2.2.9

Considering that the last teéﬁv,%(p(x) is much lower than 1, we get:

AD
Ip (x) = Io(x) exp (-Evifp(x)) (2.2.9

As mentioned in Chapter I, the intensity recordecoatact plane is:
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Iy(x) = exp(—2.B(x)). (2.2.10)

By combining Equations (2.2.9) and (2.2.10), reiplgd3 and¢ by their expressions (Equations
(2.2.3) and (2.2.4)), and defining a projectiontlees natural logarithm of the recorded intensity, we
obtain:

4 02 0?2
—In(Ip(x,y)) = 71'[.[ f(x,v,z) dz — D <ﬁ + a_yz> f 8,(x,y,z)dz (2.2.11)

The integral over in Equation (2.2.11) corresponds to the Radon toams(defined in Chapter I).
Consequently, the quantities can be retrieved bynaographic reconstruction method, such as the
filtered back-projection (FBP), which yields:

2 2 2
= -D|l—=+—=+— . 2.2.12
9(x,y,2z) = u(x,y,z) — D <ax2 + 377 + 822> On(x,y,2) ( )

The first term of the 3D reconstructed object cgpond to the linear attenuation coefficient, in 3D.
This is related to the attenuation induced by tbged. The second term is related to the second
derivative of the refractive index decrement. ffieets the variations of the sharp changes in the
refractive index. It is noticeable that when nogaigation D = 0) only the attenuation contributes to
the image (Cloetens et al., 1997; Peyrin, Cloet8akyme-Pateyron, Baruchel, & Spanne, 1997).

3. Phase retrieval

The intensity recorded by the detector is equéih¢osquared modulus of this wavefield, and entangle
phase and attenuation information. Retrieving thasp information from recorded data is thus a non-
linear inverse problem. Over the last three decadwmny phase retrieval methods have been
developed for all the phase contrast modalitiesteHeve focus on PBI-related phase retrieval,
involving one (single-distance acquisition) or sav¢holotomography) propagation distances.

3.a. Single distance acquisition

Single distance X-ray PCI acquisition consistsaquaring only one tomographic dataset recorded at a
single propagation distan€® It is convenient since it is as fast as standéehuation CT acquisition
and, the data pre-processing is easier than thananalti-distance acquisitions. The article of Bait

et al. (2011) gives a large overview and comparison o$texg phase retrieval methods for single-
distance in-line phase contrast tomography (Burlalhdstrom, Takman, Larsson, & Hertz, 2011).

3.a.i. Bronnikov method

The methods developed by Bronnikov (Andrei V. Britiom, 2002; AV Bronnikov, 1999) were avant-
garde of the methods that combine phase retrien@t@nographic reconstruction. They are valid for
near-field diffraction (Fresnel diffraction), wealefocusing conditions (Equation (2.2.5)) and slowly
varying attenuation. In other words, the absorpisoneak and homogeneous.

The intensity can be written as:
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A
Ins (0 = oo [1 = 22 7205 (0)]. (2.3.9

2w
By introducing the variablgy, defined as:
go(x) = Z):g)) -1, 2.3.2
the author rewrote the Equation (2.3.1) as:
Vg0 () = — 22 4o ). (233

If R denotes the Radon transform artie variable equal to. sin(w) + y. cos(w), we get:

2

0 1
ﬁ?wn(s, 6,w) = —ERgg(s, w). (2349

This method uses the FBP algorithm with a modifi@ehp filter, multiplied by a filter related to the
phase retrieval step. It is derived from the WTHg drom the relationship between the 3D Radon
transform of the object and the 2D Radon transfofnthe phase projections (Equation (2.3.4)). It
enables to retrieve the 3D refractive index ofdbgect into one step, by a 2D low-pass filtering:

1 s
on(x,2) = 4n2djo q *ge do, (2.35
where * denotes the 2D-convolution ads a low pass filter:

lyl
x?% +y?

q(x,y) = (2.3.

For a pure phase object, Bronnikov showed thahglesiplane acquisition is sufficient, whereas two-
plane acquisition is needed if the object inducsh mplitude and phase shifts.

3.a.ii. Modified Bronnikov method

A few years later, a so-called “Modified Bronniképproach” (MBA) emerged from Groset al.
(Groso, Abela, & Stampanoni, 2006). Whereas weaklg homogeneously absorbing objects need
intensities at two acquisition planes in the Bréorimethod, MBA gets rid of the residual absorption
providing it is almost constant. The residual apson is taken into account by adding an absorption
term in the low-pass filtering:

|yl
X%+ vy2 + agys

q(x,y) = (2.3.7

The absorption correction facter,,, is determined semi-empiricallyi.€. using simulation and
experiment). First, projections of non-absorbingveakly absorbing and known objects are simulated.
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Phase retrieval from a single intensity is impetfdae to the residual absorption. A correctiomtés
determined, because the object is perfectly kndvnis yields a calibration curve that expresses the
correction to be applied as a function of the atétion induced by the object. The final correction
parameter to apply for the imaged object is deteeohifrom both this calibration curve and a ratio
between simulated and experimental intensitiese Nwdt this method also combines the tomographic
reconstruction with the phase retrieval step.

3.a.iii. Phase attenuation-duality

The so-called Phase-Attenuation Duality (PAD) mdtias proposed by Wu and Liu in 2005 (Wu,
Liu, & Yan, 2005). It makes possible to retrieve ffhase and the absorption from a single-image. It
valid for inhomogeneous soft tissues imaged atgeerbetween 60 and 500keMe( energy range
where the Compton effect is predominant). Unlikehia previously described methods, this method
does not take into account the tomographic step.

Briefly, the PAD method expresses the attenuatrahthe phase as a function of the electron density
of the material, given the Compton cross-sectiaierdgined using the Klein-Nishina formula (Klein
& Nishina, 1929). The electron density is then esged as a function of the recorded intensity using
the Fresnel-Kirschoff diffraction theory. Therefptader the cited conditions of material and energy
the attenuation and the phase can be derived fiemetorded intensity.

Recently, a generalized PAD method (valid for Igmgpagation distances) has been applied to fish
heads imaging in phase contrast micro-tomography, (fu, & Xiao, 2015).

3.a.iv. Homogeneous Paganin’s method

In the early 2000'’s, Paganét al. proposed a method valid for single-distance adiprisin the near-
field approximation, under the assumption of an dgemeous object (D. Paganin, Mayo, Gureyeyv,
Miller, & Wilkins, 2002). For the considered matdrithe ratio between the real and complex part of
the refractive indexg,, /B8, is supposedly known. Note thit/f also depends on the energy of the
beam, which should thus preferentially be welllwaited and monochromatic.

This method relies on the TIE model and explidithes the relationship between phase and absorption
with the ratiod,, /B yielding the following inversion formula:

*(25)

1+/1D7T%n||f||2 '

On
2p

p(x) = —In(F1! (2.3.7)

This phase retrieval method is largely employethatESRF, because of its simple implementation.
The theoretical values of the physical parametetiseomaterial §,, andg) are calculated using the X-
ray Optics software XOP (del Rio & Dejus, 2004)egi its composition. The rati®,/f can also be
optimized by visual observation or using other catapvision tools (Rositi et al., 2014).
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3.a.v. Two-material object

In the vein of Paganin’s method, Beltrahal. proposed a phase retrieval method valid for single
distance acquisition of a “spatially-quantized a@bBje in the near-field approximation (Beltran,
Paganin, Uesugi, & Kitchen, 2010).

The imaged object is supposed to be composed ohbmwgeneous materials, where a first material
embeds a second material. The total attenuationphade is described by the Beer-Lambert’s law.
Absorption index and refractive index decremeneath material should be known, as previously.
Under the hypothesis that the thickness of the ediibg material varies slowly, and that the total
projected thickness is known, the thickness of ¢hngbedded material is retrieved, and thus the
corresponding phase is untangled from the measutenksity.

3.b. Multi-distance acquisition with parallel-beam

In this subsection, we consider phase retrievalguan acquisition performed with the parallel beam
holotomography (multi-distances acquisition) setagpdescribed in Chapter I. We show here how the
phase is retrieved using this model, adding posgbior knowledge on the object. The various
methods of creating a prior of the reconstructealsphdepending on composition assumption on the
object (homogeneous, multi-material, and heteropesies detailed.

3.b.i. General mixed approach

A commonly used phase retrieval method when it aotoemulti-distances acquisition is the mixed
approach. The global idea of this phase retrievgbrahm is to see the inverse problem as a
minimization problem, considering the Mixed appioateveloped by Guigagt al. (J. P. Guigay et
al., 2007) as the contrast model.

Recall the simplified expression of the diffractipattern, using the mixed model:

In(F) = I77°() + Ap (NP + By (), (239

with
Ap(f) = 2sin(mAD|f|?) (239

and
Ap(f) = cos(nAlelz);—if{vx- [ (x). V,In(I, )]} (2.3.10)

Retrievingy from several measuremeritcan be done using a least-square minimization agpro
= . 7 7 7o=0 2
B =min ) [N ~ N ~FD-bDI @231y
D

A first estimate of the phase is either set to ze*® (x,y) = 0, leading toy®(x,y) =0 or
determined using a least-square approach , giaritib termApis neglected:
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SoAp(D)- [l (F) — 11%”:°(f>]}_ (2.3.12)

0 (+) — F-1
yrm=F { S Ap ()2

In practice) (f) is solved iteratively:

2o AN () =I5~ () = 8,0 ()] (2.3.13)
%0 A0 ()2

PED(f) =
The termA, O (f) is updated iteratively following:

Ay (f) = COS(ﬂAlelz)g—iT{Vx [ ® (). Ven (Lo ()1} (F) (2.3.14)

3.b.ii. Regularised mixed approach for homogeneous object

In the paper (Langer, Cloetens, & Peyrin, 2010, sluthors proposed the resolution of the phase
retrieval inverse problem, by introducing a reggiaion term in the mixed approach, siageis
close to zero in the low-frequency range:

()
= arg ml%nZMD(f)lf)(f) — () — igzo(f) - AD(f)]lz +a|d(f) (2.3.15)
D

~ %D

The phase can then be retrieved iteratively (3 iterations are required for convergence), takimg i
account the a priog,:

; _ ZDAD(f)-[iD(f)_i(p=0(f)_AD(i)(f)'i'al/;O(f)]}
(+1) (o _ =1 D 23.1

and the ternd, P (f) is updateciccording to Equation (2.3.14).

The parametewr is a regularisation parameter that can be detexhnimsing a L-curve criterion
(Hansen & O’Leary, 1993; Hansen, 1999), as expthinaletail in (Langer et al., 2010). The residual

error of the fidelity termXp| 4, ()P (F) — [ (F) — I=°(F) — Ap (]|, is plotted as a function of
the regularisation terlhﬁa(f) —150(1”)|, to get the so-called “L-curve”. The corner of theurve

corresponds to the optimal value cothat minimizes the data fidelity error, and thgularization
error.

For homogeneous object, the a priori of the phasesigned by converting the attenuation projestion
I, into phase projections given the radig/S:

5 5,
Bo) = £D-F 55 1o )| (), 2:3.17)
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where? is a low-pass filter.

The major drawback of this method is that it regsiian attenuation scan, which is not trivial for al
samples and set-ups, from an experimental poinieat, because it implies to put the camera very
close to the sample, while letting it rotate.

This mixed phase retrieval method was successfydplied toCrossdactylodes bookermainog, a
sample that contains biological tissues and bowesKly and strongly absorbing respectively). Fine
structures in the soft tissue were visible, althougwas surrounding strongly absorbing bone.
Nevertheless, the presence of artefacts around booeed the need to go beyond homogeneous
objects.

3.b.iii.Regularised mixed approach for multi-material objects

To fit with larger classes of objects, it is po$sito assume a multi-material object compositiome T
main change lies in the design of the ptigr The different materials should be identified, dhd
projected length of each material should be knoWhmis requires a passage to the object domain,
before projections creation. The attenuation volumehus reconstructed, in order to get the 3D
distribution of the absorption indg(x, y, z), prior to conversion into a phase volume using two
severab, /p ratios (corresponding to the different materia@jice the phase a priori volurdg, is
created, the priors phase projectigngx) are obtained by a simple Radon transform, mudtiply
—2m/A (Equation (2.2.4)). The phase is finally retriewsddescribed in Equation (2.3.16).

For bi-material object, the attenuation volumehigsholded, so that we obtain an approximation of a
bi-material volume (Langer, Cloetens, Pacurean®e¥rin, 2012). Finally, the absorption volume is
turned into a phase volume by applying a cedgify3 value to each segmented part. Mathematically,
the a priori of the refractive index decrementrilisition 5, can be expressed as follows:

On,0(x,2) = m(x,2). B (x,2), (2.3.19
such that
_ 6n,a/.8a: ,B(x, Z) <t
mix,z) = {5n,b/.3b, B(x,z) >t (2.3.19

wheret denotes the threshold, usually chosen using Otsatiod (Otsu, 1979).

Most interesting samples, for example in biologse &eterogeneous, meaning thatandg vary
continuously in the sample. To convert the atteéonavolume into a phase volume, a functional
relationship between thg,/p ratio and the attenuation coefficientis determined given the
caracteristics of the material. In a recent pather,authors focused on bone, where it was shown tha
the relationship betweenandé,, /S follows a power-law trend (Langer et al., 2014).

3.c. Summary

The Table 1 sums up the various phase retrievakittgns, specifying some relevant parameters for
each. The reference of the corresponding articlgtézl in the first column, followed by the direct
model it employs, in the second column. The modedsthose presented in Section 1: the Transport of
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Intensity (TIE), the weak Transport of Intensity EquatioWTIE), the Contrast Transfer Function
(CTH and the mixed approaciMixed). In the third column, the assumption(s) on th¢ecbare
mentioned. Assumptions can be related to the atewuof the object: non-attenuatingue phasg
weakly absorbinghomogeneoysi-material heterogeneoyslowly-varying attenuationrSVA. They
can also restrict the object to have a slowly vagyphase §VB. The regime (fourth column)
corresponds to the validity conditions of the mehdn most cases, the weak defocusing conditions
(WDQ should be respected.d. near-field diffraction, equivalent to large Frelsmembers). One
method (Liu et al., 2015) has been extended to ogagation distances. The fifth column refers to
the acquisition method: single-plargngle), two-plane {wo) or multiple-plane rfultiple) acquisition.
Finally, the last column specifies if the methodiphase retrieval methoBR) or if it couples phase
retrieval and tomographic reconstructiaomfbinegl.

Phase retrieval
Direct only (PR) or
Assumptions on the . Acquisition coupled to
Reference contrast . Regime .
object planes tomographic
paper model )
reconstruction
(combined)
(Andrei V. pure phase single
Bronnikov,
2002; AV WTIE wWDC combined
Bronnikov, SVA two
1999)
(Grggc(;g,)t al, WTIE weakly absorbing wDC single combined
(Wu et al., Soft tissues from 60 .
2005) WTIE t0 500 keV WDC Single PR
. . long
(Liu et al., Soft tissues from 60 : .
2015) WTIE t0 500 keV p(rjqpagatlon single PR
istances
(D. Paganin et .
al., 2002) TIE homogeneous WDC single PR
(Beltran et al., . : .
2010) TIE bi-material wDC single PR
(Cloetens et pure phase :
al., 1999) CTF Svp multiple PR
(Langer et al homogeneous
2010) v Mixed SVA WDC multiple PR
SVP
bi-material
(Lag%irz‘)at Al Mixed SVA WDC multiple PR
SVP
heterogeneous
(Langer et al., . .
2014) Mixed SVA WDC multiple PR
SVP

Table 1: Summary of the different phase retrieval algorithms used in in-line phase contrast imaging.
In the third column, pure phase refers to a non-attenuating object, SVA to an object with slowly-varying
attenuation, and SVP to an object with slowly varying phase. The weak defocusing conditions are
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abbreviated by WDC. In the last column, PR refers to phase retrieval only, while combined refers to
methods that couple phase retrieval and tomographic reconstruction.

4. Algebraic and iterative tomographic reconstruction methods

Iterative algorithms originally raised interestNiuclear Medicine, where the data usually suffemfro
noise and low counts. Later, the Algebraic Recorsizn Technique (ART) and the Simultaneous
Iterative Reconstruction Technique (SIRT) have beead in electron tomography (Weyland &
Midgley, 2004; Yates et al., 2006), where the @ataunder-sampled and noisy, to limit the sustained
exposition of the sample to radiation. Actuallye thterests of using such iterative algorithms ryain
lies in the possibility of dose and acquisition dimeduction (by acquiring less projections), aral th
possibility of reconstructing volumes from noispjections and adding constraints.

Consider the following tomographic reconstructioalgpem:
p=Rf+n (2.4.)

wherep represents the measurements (e. g. projectignf)e unknown (e. g. the attenuation
coefficient) andR the transformation (e. g. Radon transform), arah additive noise. Note that
variables in bold refer to matrices, so that thebfegm is discretised.

Although f is an image it is represented as a column veetbere each element (pixel) ffis
indexed by the integgy leading tof;, s.t.j € [1: N]. The projections are likewise represented by a
column vector, for which each element is indexedtly integeri, leading top;, s.t.i € [1: M].
Consequently, the projection operator maRiis of dimension®f x N, usually non-square.

As explained in Chapter f, can be retrieved from the measured projectnsing the FBP. This
method solves the tomographic reconstruction probiyy using anapproximationof the inverse
Radon transform; actually the Radon transform ishemaatically non-invertible when using discrete
or a limited number of projections.

Nevertheless, if the tomographic problem suffersmfrmissing or noisy projections, iterative
tomographic reconstruction algorithms are classigiéérnatives to the FBP. In this case, the
tomographic problem is seen as an optimization Ipropaiming at minimizing thé2-norm of the
cost functionRf — p, as explained in Section 5.

In the following sections, we presented three iteea methods, widely used in tomographic
reconstruction. The three of these methods useadiggt descent, to minimize iteratively the cost
function. The gradient of the residual termRi¥Rf — p), whereR" is the adjoint oR, i.e. the
backprojection operator (described in Chapter I).

4.a. ART algorithm
The Algebraic Reconstruction Technique, ART inaitdbreviated form, (Gordon, Bender, & Herman,

1970) is an iterative method that enables to skimear problems, by minimizing the cost function of
the residual with the Kaczmarz method (Kaczmar3,7}9
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ART requires a first estimate &ff (). The unknowrf can be initialized with zeros. In this case, the
solution will converge to the solution of minimadmm. At thek!" iteration,f ) is estimated element
by element from the difference between the estichgi®jectionsRf *~ and the measuremept

The update of th¢" element off, at thek® iteration,fj(k), is mathematically expressed as:

(pi — Rif ")

lIR; 1I? (242

k k—
f}'()=f}'( 1)+AR Rij

Ag is the relaxation parameter ranging from 0 to 2.

In ART, the solution is updated element by elen{@ntel by pixel) for every ray, a ray being one
element of a projection. One iteration is completden all the rays have been processed. In practice
it converges in about 5 to 10 iterations. ART isWn to provide noisy results if the projection matr

R does not describe the geometry accurately endGak & Slaney, 1988).

4.b. SIRT algorithm

Considering that a pixel can be crossed by sevayal Dines and Lytle developed the Simultaneous
Iterative Reconstruction Technique (SIRT) (Dined.Wle, 1979). Unlike ART which processes ray
by ray, SIRT considers all rays that pass througtelament simultaneously. The correction of each
pixel is calculated by averaging the correctionuigitt by each ray. Compared to the ART method, it
produces smoother images at the end, but it neee memory, and is longer to converge. One
iteration is completed once all the rays have hgenessed.

4.c.SART algorithm

The Simultaneous Algebraic Reconstruction Techni@A&RT) was derived from ART and SIRT by

Andersen and Kak in 1984 (Andersen & Kak, 1984 idea of this efficient iterative technique is to
update the image at every projection, thus conisigeall rays of a certain projection. The SART

converges faster than the SIRT, and requires lessary. It has been shown to benefit from ART and
SIRT advantages, while alleviating their drawbag@ak & Slaney, 1988).

4.d. Equally-Sloped Tomography

The Equally-Slopped Tomography (EST) algorithm,iterative tomographic reconstruction method,
was first proposed by Miagt al.in 2005 (Miao, Forster, & Levi, 2005).

Frequency Domain Real Domain
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Figure 1: Pseudo-Polar Fast Fourier Transform bridges the gap between real domain and frequency
domain. Image from (Miao et al., 2005).
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Numerical images usually lie on a Cartesian gridergas its Fourier transform is describes in arpola
grid, if the angular step is constanf.(Central Slice Theorem, described in Chapter I)weler, no
exact Fourier transform between Cartesian and mplds exists. Therefore, the idea of a “pseudo-
polar” grid emerges: it consists in creating a ptikee grid, which enables an exact Fourier transfo
between it and the Cartesian grid. This transfoionat called Pseudo Polar Fast Fourier Transform
(PPFFT) (Figure 1). Compared to the traditionabpadirid, the pseudo polar grid is made of equally-
sloped lines (not equally-angled lines anymoren@as of the object Fourier transform can thus be
made to lie on a pseudo-polar grid by varying thgle between projections to instead have equally
sloped lines.

,.,.T . .|;:~| I 1

=, v
& by Fhiysical _:ay ¥
IL‘:'&I Cenyirwmes = oL

Figure 2: Scheme of the Equally-Sloped Tomography. Image from (Miao et al., 2005).

The schematic layout of EST algorithm is depictedFagure 2. It is initiated by transforming the
acquired projections in Fourier slices, by applyad-ourier transform. These measured slices are
deemed as constraints for the iterative loop. Migsilices (colored in green in Figure 2) are mdde o
random values. The forward PPFFT is applied to ednthese slices in the real domain. After that,
physical constraints are enforced in the real donmtae reconstructed volume is forced to be pasitiv
and null outside a defined support. Finally, therdtive algorithm iterates back and forth between
object and Fourier domain, where data are updateddasured Fourier slices (frequency constraint).
Moreover, iterations are monitored by an error fiom; which represents the difference between the
measured Fourier slices and corresponding calcllatees. Iterations tend to reduce this error
function. This method successfully achieves sigaift dose reduction (Fahimian, Mao, Cloetens, &
Miao, 2010), up to 74% for high resolution (92 pireb size) 3D imaging of human breast (Zhao et
al., 2012), using ABI.

4.e. Applications to phase contrast tomography

More recently, algebraic algorithms such as ART &R&T were largely employed in Diffraction

Contrast Tomography (DCT) with for example someliappons to crystallography (Johnson, King,
Honnicke, Marrow, & Ludwig, 2008; Reischig et &013), but also in Differential Phase Contrast
Tomography (DPCT) (Wang et al., 2011). Other diatk (Koehler, Brendel, & Roessl, 2011) or
regularised iterative methods (Cong, Yang, & Wa§12; Nilchian, Vonesch, Modregger,

Stampanoni, & Unser, 2013; Sun, 2015) appearedhtigcelhey enable to drastically reduce the
number of acquired projections, up to a factor.offs is a great improvement for DPCT that usually
suffers from long acquisition time.
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In 2015, Fuet al. proposed a 3D algebraic Iterative ReconstructidR) for cone-beam DPCT (Fu et
al.,, 2015). While FDK (Feldkamp, Davis, & Kress, 849 is usually used for tomographic
reconstruction of cone-beam data, although it ssiffieom artifacts at large cone angles, the authors
propose an new dedicated Algebraic Iterative Recactton (AIR) method. ART is here combined
with a derivative operation (on forward projectipngo take into account the nature of phase
projections in DPCT. The proposed algorithm wasete®n a numerical “Defrise phantoni’e( a
multidisk phantom), as well as on experimental datee authors show that AIR outperforms FDK,
even when the aperture of the cone beam angleaisese Nevertheless, this obtained result is still n
perfect, and takes long time to converge.

5. Introduction to ill-posed inverse problems and regularization

In the following, we consider a linear and discneteblem. The variables, written in bold, thus refe
to vectors and matrices. Recall the considereddmtywroblem for operatdR:

p = Rf. (2.5.9
The corresponding inverse problem consists inendtrg f from datap.
The well-posedness of an inverse problem has befined by Hadamard in 1923, according to the
three following conditions:
e asolution of the problem exists
« the solution of the problem is unique
« the solution of the problem is continuous with exdfo the input data.

In such a well-posed problerfican be directly accessed by invertiig

f=R1p. (2.5.2

In practice, most of inverse problems are ill-poé&dN. Tikhonov & Arsenin, 1977), because they do
not satisfy one or several of the Hadamard conditipreviously mentioned. This ill-posedness can be
due to the fact that there is no existence of aitieml (e.g. presence of noise or any other
perturbations), or conversely a limited amount afadcan cause the problem to have more than one
solution. Finally, a discontinuity in the problerarcmade the solution vary considerably with respect
to small perturbation on input data.

We can also consider the direct problem in preseheéditive noisen:
P=Rf+n (2.5.3)

To solve such linear problems, the least-squardadetan be used; this will gives the solution with
the smallest norm, by using different methods (eSingular Value Decomposition, gradient
descent, ...). Nevertheless, the solution can higblyve from the optimum in the presence of noise,
or other outliers. To alleviate this ill-posednessyularization is commonly employed. It consists i
introducing a priori information on the solutiony fexample by setting boundary condition.
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5.a. Least-square minimization and pseudo-inverse

The general idea of a minimization problem is tmnimize a data fidelity termi.e. supporting
solutions that are the closest to the measurenfenéges). On the top of that, an additional term is
often added. This can be th2-, £1- (LASSO) or TV-norm of the estimated solution.

A classic regularization method for solving ill-gak inverse problems is the least square
minimization. It consists in finding that minimizes the square difference betwpemdRf. We
denote|Rf — p| the Euclidian norm, also known as th2-norm, ofRf — p. This can be seen as
minimizing a data fidelity function, and, in othes®rds, finding an estimageof f, for whichRf is

as close as possible to the data

f = arg min(|Rf — p|?) (2.5.9
f

If the columns oR are linearly independent, and by denotitigts adjoint (also known as conjugate
transpose), the matrR*R is invertible. This leads to:

f=®PRRp. (2.5.5

This can be written as

f =R'p, (2.5.9

whereR" is a generalized inverse, namely the Moore-Penpssido-inverse aR (Bjerhammar,
1951; Moore, 1920; Penrose, 1955). In practice, pbeudo-invers®T is the solution of the least-
square problem (Equation (2.5.3)).

This method is usually used to solve an over-ddtexthproblem, for example a problem containing
one unknown and equations, as it is the case in holotomograpmgesive recorded images lat
distances to determine the phase. We may writ@iminlem as follows:

Prx = ka+ ng, (25D

wherek is an integer, such thate [1: K].
The estimate of , referred byf, using the linear least square method verifies:

1% 1%
N R?fzﬁz R;p;. (2.5.8
i=1 i=1

5.b. Tikhonov regularization and its generalization

The Tikhonov regularization (Andrei N Tikhonov, B6consists in searching for a solution with a
bounded energy. This constraint may be expressadsiog the Euclidian norm of the solution, also
called thet2-norm, and mathematically defined as:
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IfI3 = (2.5.9

Minimizing the £2-norm of the solution encourages solution with #imeallestf2-norm, and thus
excludes noise and outliers. The solution can Ipeessed as a minimizer of a functional:

f = arg min(|Rf — p|* + a|T'f|*) (2.5.9
f

whererl’ denotes the Tikhonov matrix andthe regularisation parameter. The latter parametiacts

a compromise between data fidelity and noise deitgitActually, if chosen too small, the estimated
solution would be close to the collected data,undtable if the problem is ill-conditioned. If cleos
too large, on the contrary, the estimated solusaiable but inaccurate.

There exist several and various ways to obtain pimmal value of the regularization parameter.
Among them, the Morozov discrepancy principle (Mmre, 1984) is worth citing; it chooses alpha so
that the norm of the data fidelity term approadhesnorm of the noise. The L-curve criterion (Hanse
& O’Leary, 1993) is another method, described int®a 3.b.

Using the Tikhonov regularization, a solution of froblem can be explicitly expressed as:
f=@R'R+ar"r)"'R7p. (2.5.10

The generalised Tikhonov regularisation consistadding a regularisation parameter that compares
the solution with an a priori solution.

arg min(|Rf — p|* + a|l(f — fo)|) (2.5.11)
f
wheref, is the a priori off, @ is a regularization parameter afds the Thikonov matrix. If the

Tikhonov matrix is the identity matrix the problecan be analyzed through the Singular Value
Decomposition (SVD), a matrix factorization method.

5.c. L1 regularization

The Tikhonov regularization is derived from th2-minimization problem, because it involvé2-
norm calculation.t1-regularization involves thél-norm of a matrix, defined as the sum of the
absolute values of its elements:

N

Iflly = Ei I3 (25.12)

i=1j

Minimizing the objective functios containing & 1-penalty encourages sparsity of the solution, avhil
being convex; strictly speaking, tli@-norm, defined by the number of non-zero ent@egourages
sparsity of the solution, by inciting the feweshrrero entries in the solution, but it is non-conaed
discontinuous. Moreover, tHd-norm is less sensitive to outliers and noise thafi2-norm.
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Several methods to find the solutibthat minimizes the functiondl (also known as cost function)
exist. As an example, the LASSO method (Least AlisolShrinkage and Selection Operator
(Tibshirani, 1996)) used thd -norm of the estimated as a constraint:

J(F) = IRf —plI3 + alIflly (2.5.13)

This method is used when the number of observatoabout the number of unknowns, while least
square method (involving2-norm) is used when the number of observationgens the number of
unknowns.

5.d. TV Minimization

TV-minimisation is one the most famous regular@atmethod, with the Tikhonov regularisation. It
consists in minimizing the Euclidian norm of thesidmal data fidelity term, in addition to the TV-
norm of the solution.

The TV-norm is defined as th&l-norm of the amplitude of the gradient (first dative, denoted
asv):

N M
Ifllre = D" 1Al (2514)
i=1j=1

The solutiorf is thus the minimizer of the functionglexpressed as:

JO) = IRf —plI3 + allflly (2.5.15)

It encourages solutions that have sparse gradmehthas piecewise constant regions.

Such TV-minimization is particularly used to recoust signal from incomplete datasets, and has
been demonstrated to outperform the clag@eegularisation in several applications (Bresson &
Chan, 2008; Marquina & Osher, 2008).

As an example, it has been applied to inverse prablsuch as denoising, deblurring, and inpainting
(A Beck & Teboulle, 2009; Dahl, Hansen, Jensenefisén, 2010), but also to phase retrieval more
recently (Kostenko, Batenburg, Suhonen, Offermanyaf Vliet, 2013). In the latter, three phase

contrast models were considered: CTF, Mixed apgr@aw phase-attenuation duality models. This
enables to retrieve the phase from single-, bt misltiple-distance acquisitions.

5.e. Summary of objective functions
Here is a summary of the previously mentioned nagho solve linear ill-posed inverse problem.

Consider the following direct and discrete problem:

P=Rf+n (2.5.19
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wheref is the unknown quantity we want to retriepethe measuremeng, a perturbation term

(noise) andR the linear operator, non inversible. A solutiprcan be estimated by minimizing
different objective functions, summed up below.

Least Squares:

f= argmin(IRf - plI3) (2.5.17)
Tikhonov:
f = argmin(lIRf = plI3 + allFf119) (2.5.18)
L1-reqularization:
f= argmin(|IRf —pli3 +allfll) (2.5.19)
TV-reqularization:
f= argmfin( IRf — plI3 + allVfIl1) (2.5.20)

89



6. Combined methods

Very recently, some efforts have been devoted tobioed methods,e. methods that combine phase
retrieval and tomographic reconstruction into oingle step. This aims at reducing data manipulation
while processing iteratively allows the introductiof constraints on the object, in the iterativepo
Designing such an algorithm was also an aim ofttiésis. For this reason, this section is dedictted
the state of art of combined methods.

In 2013, Kostenket al. (Kostenko, Batenburg, King, Offerman, & van VIi@Q13) first presented a
combined method using the CTF as the direct cantnaslel; in this case, retrieving the phase from
the intensity is a linear problem, solved in thastesquare sense. The Radon transform is considered
as the projection operator, to solve the tomog@phverse problem. Both phase retrieval and
tomographic reconstruction are thus regarded a&adiproblems, entangled, and solved iteratively,
with additional TV regularisation, by the use ofSFA (Amir Beck & Teboulle, 2009). This
innovative algorithm was designed for in-line PCiThomogeneous objects. It takes advantages of
redundancy between the projections in parallel beanuisition, known as the Helgason-Ludwig
consistency conditions, (Helgason, 1965; Ludwig66)9 In this paper, the authors compared
decombined, but regularized, steps (i.e. simples@hatrieval with additional TV-regularisation, and
simple tomographic reconstruction with additiona-fiegularisation) to the presented method. The
authors show that the combined regularised methaggedorms the others in most cases, for
piecewise constant objects, on both experimentareal data.

A few years later, Kongskoet al. (Kongskov, Jgrgensen, Poulsen, & Hansen, 201 §osed
further improvements of this method by solving tpgimization problem using a primal-dual method
(Chambolle & Pock, 2010) instead of FISTA. Thistput to be more robust to noise.

In 2014, Ruhlandet al. proposed a three-dimensional phase retrieval fopggation-based phase-
contrast imaging (A. Ruhlandt, Krenkel, BartelsS&lditt, 2014). The authors observed that most of
existing phase retrieval algorithms for PBI requiestrictive assumptions on the object (low-
absorption, slowly varying phase, phase and alsaorptelationship), or restrictions on the
experimental acquisition scheme (multiple distaacguisition) (Cloetens et al., 1999; D. Paganin et
al., 2002; Wu et al., 2005).

The authors tackle the challenge of reconstructingle-distance in-line phase contrast data,
without any restrictive assumption, on real angsyalata. They combine an iterative phase retrieval
algorithm (Gerchberg & Saxton, 1972) with an algébrtomographic reconstruction technique
(ART), to stabilize the low frequency problem.

!
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Figure 3: Scheme of the method proposed by Ruhlandt ef al. (2014). Figure from (A. Ruhlandt et al.,
2014).
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The scheme of this algorithm is depicted on Fighirdhe outer loop (on the right) is related to the
phase retrieval, and the inner loop (on the leflates to the tomographic reconstruction. In thierou
loop, D,, andD_,, respectively denotes the forward and inverse Etgmopagators, at a propagation
distancez,; propagators are applied on projection of a cersagle ¥ represents the modulus of the
holographic images, anpla complex projection, which can be easily sepdrai® the phase shift
and the attenuation. The mentioned object constrare positivity of the absorption indgxand
refractive index decrement,, valid for any object. The inner loop, performeaddy andg separately,
is composed of projection and retroprojection ofesa? andP 1, respectively.

The authors present the results of this methatedeon simulated data, of £3mxel objects,
using 90 projections over 180°, with additive Gassnoise. They showed that this algorithm
outperformed classical two-step methods, while ireggiless a priori information on the sample.

In 2016, Ruhlandt and Salditt (Aike Ruhlandt & S&)d2016) proposed to do first the tomographic
reconstruction and thus perform the phase retrigv8D. They showed that propagating the Radon
transform of an object is equivalent to do the Rattansform of the propagated object in 3D. This
turns out to be also computationnally efficient.

This innovative kind of combined methods were thgct of this thesis work (see Chapter V), where
we proposed a new algorithm that entangles phasevia and tomographic reconstruction.

7. Conclusion

In this chapter, we introduced the different modeiphase contrast, and their assumptions, before
describing in details some phase retrievals methpddicularly used in PBI. This step is usually
followed by tomographic reconstruction, involvingher the FBP (presented in Chapter 1), or, more
recently, algebraic or iterative algorithms, prdednin Section 4. Phase retrieval, as well as
tomographic reconstruction, aim at solving an isegproblem. To this aim, advanced methods have
been developed, involving more and more the usegilarization, which is the topic of Section 5.
Finally, we focused on new methods that combinesghatrieval and tomographic reconstruction, as
one goal of this thesis is to develop and implenseish an algorithm.
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Chapter III: Phase-contrast micro-
tomography of scaffolds seeded with
bone cells

In the field of regenerative medicine, there hasnb& growing interest in studying the combinatién o
bone scaffolds and cells that can maximize newignéal bone when used as atrtificial bone grafts. In-
line phase-contrast X-ray tomography was used tgenporous bone scaffolds (Skelite©®), seeded
with bone forming cells. This technique allows thentification of both mineralized and soft tissue,
unlike with classical X-ray micro-computed tomodngpPhase contrast images were acquired at four
distances. The reconstruction is typically perfaidme two successive steps: phase retrieval and
tomographic reconstruction. In this work, differeagularisation methods were applied to the phase
retrieval process. The application of a priori terfor heterogeneous objects enables quantitative 3D
imaging of not only bone morphology, mineralizatiand soft tissue formation, but also cells trapped
in the pre-bone matrix. A statistical study wasfgmned to derive statistically significant inforriai

on the different culture conditions. Such analys&s not possible in the previous study, since it
employed homogeneous object assumptions. By the widaeterogeneous assumption on the object,
the reconstruction is now quantitative in softuess, as well as in bone, which enable to sepahnate t
cells from other tissues. In addition, the autooratdf the reconstruction process, which was done
during this thesis, is also presented.

A slightly different version of this chapter washfished inPhys Med Biql 2016, under the
title: “Quantitative evaluation of regularized phatrieval algorithms on bone scaffolds seedet wit
bone cells”. (Weber, Langer, Tavella, Ruggiu, & fey2016)
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1. Introduction

In the field of regenerative medicine, studying tenbination of bone scaffolds and cells that can
maximize newly formed bone has been of paramoumiortance. Research has been focused on
scaffolds themselves (Hutmacher, 2000), as wedinasell development (Tortelli et al., 2009) and cel
culture techniques (Holy, Shoichet, & Davies, 2000he classical imaging method for cells is
histology, but more recently attention has beerwdr@n real 3D and non-destructive imaging
techniques. FIB-SEMHFocused lon Beam—Scanning Electron Microscdpesy, for instance, been
successfully employed to study the interaction ketw bone cells and nanofiber membranes
(Stachewicz et al.,, 2015). 3D imaging techniqueingussynchrotron radiation, such as SR-
microtomography and SR-microdiffraction, have bapplied to bone tissue engineering (Cancedda et
al., 2007). Since SR benefits from high flux andnexhromaticity, it enables quantitative and non-
destructive attenuation-based tomography. This used to study bone resorption and quantify
porosity and local thickness of scaffolds in 3D (iev et al., 2010). As mentioned in Chapter 1, SR
also enables an even more powerful imaging teclenipjobase contrast imaging.

During the past two decades, X-ray phase-contraaging has been of a growing interest for
biological samples, because it enables enhancingrasi in biological tissues compared to
conventional attenuation imaging, for hard X-ray8 fo 100keV) (Momose, Takeda, Itai, & Hirano,
1996). Several methods have been developed forept@astrast imaging and tomography, namely
analyser-based imaging (Chapman et al., 1997)ingratterferometry (David, N6hammer, Solak, &
Ziegler, 2002), coded-aperture technique (Olivo Belfer, 2007) and propagation-based imaging
(Snigirev, Snigireva, Kohn, Kuznetsov, & Schelok@®95). Propagation-based imaging (PBI) is the
simplest set-up among the other existing set-upsesit only requires a partially coherent beam,
without extra optical element in the beam. Coupldtth a high-resolution detector, for example that
available at ESRF (FReLoN camera, Labiche et G07® this modality achieves a sub-micrometric
resolution.

PBI can be coupled to tomography by imaging a saraping this coherent beam, after rotating it
over a 180° or 360° range. This yields a tomogmapdthnique that has very high sensitivity, but in
which contrast is present mainly on material irtleels (edge enhancement effect), and is usually
calledphase contrast tomographiy this case both the projections and the tonyagcareconstruction
contain phase and attenuation information (Cloettnal., 1997). The phase shift can be extracted
from such projection images, using a so-cafipdse retrievahlgorithm. We output a 3D image of the
refractive index decrement distribution in the sbmpy using these phase images as input to a
tomographic reconstruction algorithm (Cloetens let 8999). This has two major advantages: the
contrast is quantitative area contrast (as opptsede edge contrast), facilitating interpretatemd
analysis of the images, and the contrast is prapat to the local mass density in the sample
(Guinier, 1994).

The phase retrieval process from Fresnel diffracpatterns is nevertheless sensitive to noise in
the low spatial frequency range, because of thekvirsansfer of low frequency information in the
phase shift by the Fresnel transform. This canltréauspurious slowly varying patterns in the
background of the reconstructed images. To alle\tas problem, regularisation of the phase regliev
has been introduced, either by assuming homogeneljests (Max Langer, Cloetens, & Peyrin,
2010a; Paganin, Mayo, Gureyev, Miller, & WilkingQ@2), or heterogeneous objects (Langer et al.,
2014; Langer, Cloetens, Pacureanu, & Peyrin, 2012).
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Previously, bone scaffolds made of Skelite©, a neteomposed of Silicon stabilized tricalcium
phosphate (Si-TCP) and-tricalcium phosphate/hydroxyapatit@-TCP/HA), were imaged. These
scaffolds were seeded with bone cells, namely bkists (OBs) and pre-osteoclasts (pre-OCs). A
study lead by Mastrogiacomo et al. (2007), usingoenogeneous object phase retrieval approach,
showed that OBs and pre-OCs respectively inducedoo@e formation and bone resorption.

Here, we use these data to compare several respdgrhase retrieval algorithms. This is the first
comparison on experimental data that does not ummtpm objects. After choosing the most
appropriate algorithm based on quantitative categuantitative analyses of samples were performed,
such as volume calculations of the different fiawsdi, particularly the fraction containing cells. We
show that the bone cells segmentation becomeshbb®skiusing appropriate a priori knowledge for
the reconstruction. Characteristic 3D-featureshefdells such as size and volume are measuree in th
segmented volumes. These calculations were noify@sgth other reconstruction algorithms.

2. Materials & Methods

2.a. Imaged samples

Scaffolds used in this study are made of Skelitd@l¢niumBiologix Corp., Kingston, Canada), a
material that mimics the structure of trabeculanédrl his bone-like material is roughly composed of
67% Si-TCP (Silicon stabilized tricalcium phospbhatand 33% B-TCP/HA (B-tricalcium
phosphate/Hydroxyapatite). Nine samples of 9 mmadiar and 1.2 mm-height were seeded with
bone cells. Three of them were seeded with oststsb(aells that form new bone and control mineral
deposition), three others were seeded with presoktsts (cells that dissolve the bone), and the las
three scaffolds were seeded with both OBs and @#s-@Bs induce bone formation, and pre-OCs
activated by the presence of OBs should induce leserption and creation of mineralized bone
tissue. No data of empty scaffolds were availaleg,the pre-OCs samples are comparable to empty
scaffolds, since pre-OCs are activated by the poesef osteoblasts (Mastrogiacomo et al., 2007).
Cells were cultivated in the scaffolds for 8 weekken, the samples were washed in PBS, fixed in
paraformaldehyde and stored in 70% ethanol. Sarm@es finally dried before imaging.

2.b. Phase tomography

2.b.i. Phase contrast

A 3D object can be described by its complex refvadndex:

n(x,y,z)=1-38,(x,y,z) +if(x,y,2), (3.2.]

where &, y, 2 denotes the coordinates in the real space, 2guonds to the propagation axis, and
(x,y) the coordinates of a projection parallel to tihepagation direction, as depicted in the Chapter 1.
The real { — 6,) and imaginary £) parts ofn are respectively related to the phase-shift amd th
absorption. For hard X-ray and low-Z tissugsis three orders of magnitude higher tifarnwhich
offers a better sensitivity for phase-contrast imgghan conventional attenuation imaging (Momose
et al., 1996).
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2.b.ii. Propagation-based imaging

Propagation-based imaging (Snigirev et al., 199%sgnts the simplest set-up for phase-contrast
imaging. Phase contrast is achieved by lettingaiafy coherent beam to propagate after passing
through the sample. Phase contrast increases adetketor moves further away, because of the
growing of the interference patterns. Neverthelgggnsity recorded by the detector contains both
attenuation and phase information. Phase informasathen inferred from images acquired by the
detector at one (Paganin et al., 2002) or sev@lakfens et al., 1999) distances. Phase retrieval f
recorded intensities is a non-linear inverse prmobilkat requires simplifications and regularisation

be solved.

2.b.iii.Image formation

At each anglef, the interaction between the objet and the X-rawevcan be described as a
transmittance function:

To(x) = exp[—Bg(x) + ipe(x)]. (3.2.2)

AttenuationBy and phase shitpy induced by the object at an anglean be described as projections
perpendicular to the propagation direction (hdrezj-axis; note thax denotes the vectox (y)).

2
By (x) = %fﬁ(x,ze) dzg (3.2.3)
and
2
00 (%) = — 7"[ 5, (x, 29) dzp. (3.2.4)

If u;-(x) denotes the incident wave front, the wave fraghtrafter the samphe, (x) is written as:
up(x) = To(X)tinc(X). (3.2.9

The free space propagation over a distance D candaeled by the Fresnel transform involving the
propagatoP, (Goodman, 2005), defined in the Chapter I

ug,p (x) = Pp(x) * up(x), (3.2.9
which leads to:
ug,p(x) = Pp(x) * (To ()t (X)) (3.2.7)

We consider a unitary wavefront, which means that(x) = 1. We noteTy , the operator that
combines the transmission of the object at an ahgled the free-space propagation over a distBnce

ug,p(x) = Tp,p(x) = (Tg * Pp)(x) (3.2.8)
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The intensity recorded by the detector at a digtdhds:

Io.p (%) = |Top(®)|". (3.2.9)

2.b.iv. Phase retrieval

Phase retrieval consists in calculating the phhgegy, (x) from the phase contrast images at one
or several different propagation distan¢gs, (x)/D = D; ...D,,}.

In Paganin’s method (Paganin et al., 2002) the elmsdirectly expressed as a function of the
intensity recorded at one distarigeusing the following formula :

F (Iop ()

Sy _
fpe(x) = —11’1(? ! S 2 (
1+AD7T.F"||f||

2p

(3.2.10)

whereF andF* denotes the Fourier transform and its inversepesvely;ly p(x), the intensity
recorded at a distand2, the sample being rotated at an artjl&, the wavelength of the beaify;
the coordinates in the Fourier doméin §); &, the refractive index decrement ghidhe absorption
index of the object.

However this formula relies on the Transport okehtity Equation that assumes a small
propagation distand@, and on a strictly homogeneous object (Turnet.ef@04). In this study, we
used the mixed approach (Guigay, Langer, BoistelCl&etens, 2007) for phase retrieval. This
approach relies on the expression of the intemsitgprded by the detector at each distance using a
combination of the Contrast Transfer Function (C&RJl the Transport of Intensity Equation (TIE).
This mixed approach is valid for strongly absorbivigject and approaches the TIE for small
propagation distances, and enables to retrievphthse from measured intensity.

2.b.v. Regularisation

Retrieving the phase from this model is an ill-pbseverse problem due to zero-crossings in the
Fresnel transform transfer function, which candlged by introducing regularisation techniques. The
phase can then be expressed as the solution fdlkineing minimization problem:

Do) = argming > (|lg () ~ lop (| +alge@ — 0po@|)  (3:2.11)

where @4 (x) is an estimate of the phase projection at afigle
I},_D,(p (x) denotes the calculated intensiéyd using the mixed approach)
Ig p(x) is the measured intensity
a is a regularisation parameter, determined usibgarve criterion
®g,0(x) is an initial guess of the phase.

Two types of regularisation, determining the camsion of thepg ((x), were used in this study.
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On one hand, the object is assumed to be homogsngamger et al., 2010a). In this case, the
attenuation is supposed to be proportional to thase shift i(e. the ratiod, /B is constant). The
proportionality coefficient between phase and af#ion is inferred from both the chemical
composition of the sample and the energy of thenbesing XOP software (Del Rio & Dejus, 2004).
This relationship is then applied on each attepogpirojections, in order to get a prior estimatéhef
phase shiftgg o (x), in the Radon domain, expressed as:

b
Po,0(x) = 1(x) X ﬁln[le,p(x)], (3.2.12)

wherely p (x) the intensity measured at a distafzdérom the samplé,(x) a low-pass filterg,, the
refractive index decrement afidhe absorption index of the object.

In case of multi-distance acquisition, the absorptiistance is used to design the prior. This
prior knowledge is then introduced in the Tikhormegularisation, weighted by the regularisation
parameter. This parameter is determined using a L-curveegdh, as explained in details in (Max
Langer et al.,, 2010a). Basically, it consists imtjshg the model errors as a function of the
regularisation errors, for some valuesxofThis usually leads to an L-shape curve. The pairthe
corner of the “L” corresponds to the point of maxim curvature, but also gives the valuendhat
offers the best trade-off between reducing the axe the regularisation errors.

On the other hand, the object is assumed to bedgeteeous, as it is often the case for experimental
biological samples. In this case, the prior is giesd in the object domaine. that the 3D phase prior

is designed from the 3D reconstructed attenuatijeact, using a relationship between the attenuation
and the phase. This relationship could be a sitfpéshold (attenuation volume is segmented and the
corresponding part below and above the thresheld@ssociated with on%, /£ value), or a functional
relationship, as described in (Langer et al., 20I#)e estimated phase volume is eventually
backprojected to get, at each angular positiotniéial guess of the phase in the Radon domain.

2.b.vi. Reconstruction algorithms

The ratios,, /S for Skelite at 30keV was calculating using XOPtwafe (del Rio & Dejus, 2004). It is
equal to 335. Note that this value differs from tree used in the previous study (M Langer et al.,
2010b), namely 380. This is due to the fact thatahthors did not take into account the cross@ecti
of the elastic Rayleigh scattering, which influendbe linear attenuation coefficient, and thus the
6,/p ratio. The experimental data were reconstructedguthe several regularised phase retrieval
algorithms (“methods”) mentioned below.

The so-called “Method P” corresponds to Paganitgsrahm (Equation (3.2.10) and (Paganin et al.,

2002)). This method is considered as a gold standdren it comes to phase retrieval. For this

reconstruction method, only one distance acquisitias used. This distance was judiciously chosen,
among the four available, to avoid zero-crossinthécontrast transfer function (namely the fourth)

“Method A” corresponds to the mixed approach usiomogeneous regularisation (Max Langer et al.,
2010a). This method uses the four distances atiguisj with thes,, /8 ratio determined previously.

“Method B” corresponds to the mixed approach wittterogeneous regularisation (Langer et al.,
2012); the attenuation scan is thresholded and essthting part of the histogram is associated with

103



the s, /B value of the Skelite (335 at 30keV) or soft tisé2@00 at 30keV). Here, since the histogram
of the attenuation scan is trimodal (see Figurevé)have two possibilities for thresholding. Thr@sh
between the L mode (air) and the"2mode (soft tissue) of the histogram amounts tcsiclen the
sample as homogeneous, since it consists in sggatheé sample from the air. Thus, in the “Method
B” (Figure 1), we choose to threshold between theosd and the third mode, which consists in
assuming the sample as bi-material.

“Method C” designates the mixed approach using tfanal relationship between attenuation and
6, /P ratio to creates a priori knowledge on the phaag ffanger et al., 2014). The function was
created by plotting th&, /B value (at 30keV) as a function of the attenuaieigure 3), for different
materials that composed the samples (namely calldgky-mineralized bone and pure Skelite). Bone
part was interpolated using an exponential relatign as described in (Langer et al., 2014).

All these methods are summarised in Table 1.

Figure 1: Example of a filtered slice of the attenuation scan, and the corresponding histogram; the
histogram is clearly tri-modal, so that two different thresholds are possible. We used the second
threshold for method B.
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Phase .
. Assumption . Number of
retrieval Characteristics : Reference
on the sample distances
method
Method A Mixed Homogeneous 4 Langeret al, 2010a
Threshold
Method B Mixed Multimaterial b e_ztween soft 4 Langeretal., 2012
tissue and
scaffold
Functional
. relationship
Method C Mixed Heterogeneous betweery and 4 Langeret al, 2014
8,/B
Method P Paganin Homogeneous 1 Paganiret al., 2002

Table 1: Summary of the different phase retrieval methods applied.

Figure 2 shows a plot of the linear attenuatiorffc@ent x as a function of thg,, /S ratio of tissues.
This function aims at relating all types of imagedterial, from unmineralized soft tissues (collagen
and immature bone) to mineralized hard tissues ureabone and scaffold). In-between, the
mineralization is progressively increased, to cdkiertransition between soft and hard parts.
Immature bone is composed of collagen and hydrcadyt@p(HA), in variable proportions. As the
(immature) bone gets mineralized, the proportionHA increases, the proportion of collagen
remaining constant (~30%). This was used to caleulse points depicted on Figure 2. This part ef th
curve shows a power-law trend, with a good coraatoefficient (R > 0.999).

The Skelite is roughly composed of Si-T&Rueqd(67%) and of a mix of HA an@-TCP (33%).
Another formula was reported in the literature, emhe Skelite being composed wfTCP (78%),
HA (21%) andp-TCP (1%) (Gillespie, 2007). Both compositions giery similar results whether
concerning the linear attenuation coefficient @dh/g-ratio.

For completeness, the chemical formulas of thedifit material are reported in Table 2.

Material Chemical formula

Si-TCP saturated C@(Siollpo.gO&gg)g
Hydroxyapatite (HA) Ca(POy);0H

B-TCP Ca(POy)2

COIIagen Co,HsNO-CsHgNO-CsH (NO,
o-TCP Ca(PQy).

Table 2: Chemical formulas of material used in this study.
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Figure 2: Functional relationship between the attenuation and the 8,/ values at 30keV, used in
method C.

2.b.vii. Phase tomography

Projections are acquired at several angles, foeraésample-to-detector distances, using a high-
resolution detector (Fast Readout Low Noise [FRELoaAmera). Phase retrieval is performed to
extract the phase shift at each angular posititienT a usual tomographic reconstruction algorithm
(Filtered-Back Projection) enables to get a 3D-nudipthe refractive index of the object. It is
performed using PyHST software developed at theFE&Renoble, France (Mirone, Brun, Gouillart,
Tafforeau, & Kieffer, 2014; Mirone, Wilcke, Hammésg, & Ferrero, 2008).

2.c. Data acquisition

Images were recorded at the ID19 beamline, ESRén@e, France). Beam energy was set at 30keV
using a double-Si crystal monochromator. After passhrough the sample, the X-ray beam is
converted into visible light using a Gadox sciatitlr. This light is then recorded by a FReLoN
camera, with a CCD of size 2048 x 2048 pixels (thbiet al., 2007). For each of the nine samples,
2000 projections were acquired over a 360° rang#h an exposure time of 0.4s, at four different
sample-to-detector distances (namely 0.01, 0.38,&nd 0.99m). The effective pixel size is here
equal to 5um. The field-of-view, of 10mm x 7mm, wiasited by the monochromator in the vertical
direction.

2.d. Data Reconstruction

Holotomographic acquisition results in a large antoof data: usually several thousands of
projections, multiplied by 3 or 4 propagation distes. Classically, the workflow of the reconstrocti
of a single phase volume is the following:

» Dark- and flat-fielding
Each acquired projection is first corrected, ushgflat-field and the dark-field signals.
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The flat-field corresponds to the image createdllbyninating the detector with the beam,

while removing the sample from the field of viewhi§ aims at correcting the beam

inhomogeneity and beam current variations. Dep@endmhow long is the tomographic scan,
several flat fields are recorded during a singbnsc

The dark-field corresponds to the image producednathere is no beam and no sample. It
aims at correcting the detector read-out dark-ctirbackground-noise. Several dark-current
images are recorded once per tomographic scartharaerage signal is called the dark-field.
The applied correction is:

[acquired = lqark (3.2.13)
Inat — Idark

Ieorrected =

where I,cquireqlS the acquired signal,

I.orrectediS the corrected signal,
I4ark is the average dark-current signal, and
Iqa¢ 1S the flat-field signal.

Registration step

Prior to the acquisition, the translation stagehwuiite detector is aligned with the beam so that
the sample remains in the same position in the émag each propagation distance.

Nevertheless, residual shifts (a few pixels) camaia between the projections at different

propagation distances, due to set-up vibrationsaample stage motor drift. To alleviate this

misalignment, a registration of projections is tieggt This is performed at selected angles
(usually every 100 projections or less), using etation-based method (maximization of the

correlation coefficient), to determine the shifttveeen each distance, every 100 projections.
For in-between projections, shift values are imafed. As a result, one gets values of
residual shifts between a propagation plane andttier propagation planes.

Selection of the reference plane

The most stable propagation plane is deemed asefeesnce plane. It is determined by
registering images taken during the scan to imdgksn at a few angles after the scan is
complete, regarding how large are these shiftsnTheery single projection is shifted with

the calculated value before the phase retrievahaothe whole dataset is well-registered.

Choice of regularisation parameter

Phase retrieval is first performed at one projectingle, for several regularisation parameters.
The L-curve is automatically plotted. Then, therusteould select the optimal regularisation
value, before launching phase retrieval on eveojeption.

Phase retrieval

The phase retrieval is parallelised with respecttite projection angle, which reduces
computation time to a couple of minutes, dependimghe number of projections to process,
the size of the images, the number of distances, used the availability of computing

resources.

107



» Tomographic reconstruction

Once all the phase projections are collected, teer ishould launch the tomographic
reconstruction. This step has also been paraltglesed could take up to a few hours.

As one can see, this phase volume reconstructopniress several interventions of the user. For each
reconstructed sample, the user should launch deMettiab scripts, while tuning parameters, to get a
first phase map. Thus, a shell script is launcledphase retrieval on several machines, in parallel
This parallelisation is of paramount importanceste time in the reconstruction process. After
making sure that all the phase maps are retrigheduser should launch a shell script to have the
whole volume reconstructed, on a GPU (Graphicsdasing Unit).

In order to alleviate the reconstruction worklo# first contribution of this thesis was to autéena
the reconstruction workflow, so that no human weetion is required. All the steps described above
were transparently linked, so that each step iswdee automatically in sequence. The referenceeplan
and the regularisation parameter are automatiadtymated. One single Matlab script should be
launched to get the final phase volume. This ematddaster reconstruct data, and possibly process
larger amount of data. As an example, a large amofiteeth samples were imaged at the ID19
beamline, and reconstructed using this automatee ¢oollaboration with Dr P. Zaslansky, Julius
Wolff Institute, Charité-Universitatsmedizin BerliBerlin). The analysis of the reconstructed volame
is currently in progress, and become possible thamkhis automation.

2.e. Comparison of reconstruction algorithms

Comparison of the four reconstruction methods waropmed on one slice from a scaffold seeded
with cells. Each algorithm was assessed with rdésfmet¢he others qualitatively (regarding image
quality) and quantitatively (regarding the histogsa of the reconstructed image). Hence, the
reconstruction method that offers the best comlinabf image quality and accuracy was used to
determine quantitative parameters of the samples.

2.f. Quantitative 3D-parameters extraction

The reconstructed volumes were segmented basdtednstogram, so that each fraction (Skelite, soft
tissue, cells, air) of the sample can be sepafabed the others. To this aim, we modeled each modes
of the histogram by a Gaussian function. Each Huoleswas chosen by determining the intersection of
two fits. For the peak corresponding to the cik, fit was sometimes difficult. In such case, wenid

the local minimum around the peak to determinettitesholds. Then, 3D quantitative parameters
were extracted from each segmented part. The volinmetions were determined by simple
calculation of the number of voxels in each comparit. Thanks to this, we can access the total
sample volume TV), the mineralized volumeMV), the immature bone voluméB{ ), the cells
volume CV), and some volume filling fractions such as tteetion of mineralized volumeMV/TV ),

the fraction of immature bone volume in the scaffpbre spacelBV/(TV-MV) ) and the fraction of
the scaffold pore space volume filled with ce@®/((TV-MV)) .

Additionally, the local thickness (Hildebrand & Rysegger, 1997; Martin-Badosa et al., 2003) of the
different fractions that composed the samples waleulated. This yields measurements of the mean
thickness of the mineralized scaffold.Th), the mean thickness of immature boti&Th), and also
the mean thickness of the cela.Th).
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3. Results

3.a. Qualitative comparison of regularized algorithms, on a slice of the
sample seeded with OBs in a sufficient quantity

In this section, we compared qualitatively the préed regularised phase retrieval methods. The
results are presented on a slice of a sample, desitle osteoblasts, where the bone cells are glearl
visible.

Air

Glass C'.l|)ill;l;\\4

Mineralized
fraction

Immature Bone

Figure 3: Reconstructed slice of a sample filled with OBs, using method A (homogeneous mixed
approach). The dashed selection corresponds to the crop in Figure 4.
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Figure 4: Crop of a reconstructed slice, using [A] homogeneous mixed approach, [B] heterogeneous
mixed approach with thresholding, [C] heterogeneous mixed approach with functional relationship
and [P] Paganin's algorithm. The scale bar corresponds to 0.3mm. The dimensions of the crop are
2.90mm by 2.42mm.

Figure 4 shows a crop (2.90mm x 2.42mm) of a retcocied slice (Figure 3), using the homogeneous
regularisation [A], the heterogeneous regularisatwith the threshold [B], using the functional
relationship between attenuation and phase [Clisorg Paganin’s method [P] (see Section 2.b.vi).
Undesired phase contrast fringes around immatune ljoollagen) are noticeable in reconstructions
performed using methodd and C. MethodP gives a reconstruction blurred with respect tos¢ho
obtained using other regularized methods. Fronsaalipoint of view, method B seems the best since
it avoids undesired remaining phase contrast fengéile providing a sharp image.

3.b.Quantitative comparisons of regularized algorithms, on a slice of the
sample seeded with OBs in a sufficient quantity (histogram-based
study)

We reconstruct grey level images that correspond%’éan. The grey values were shifted in

order to set air to zero (due to a slight offssbgbresent in the attenuation tomograms), and then
converted into mass densities, using the formul@ainier, 1994)

5, =~ 1.35 X 107%p x A2 (3.3.1)
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The mass density is expressed in g/éirand the wavelengthin A.

1 1.5
Mass density [g/cm3]

0.02 | Counts ——Method A
L) . Skelite h
(normalised) (homogeneous)
0.018
0.016 Method B
Immature (heterogeneous -
0.014 bone Thresholding)
0.012 (collagen) ——Method C
' ‘ (heterogeneous -
0.01 Alr function)
Method P (Paganin)
0.008
0.006
0.004 \
y \/
] O
-1 -0.5 0 0.5 2 2.5 3 3.5

Figure 5: Histograms of the mass density, for the same reconstructed slice, using the four methods
describe above (see Materials and Methods). Grey levels histograms were converted into mass density
and readjust to set air to zero. The studied slice corresponds to a sub-volume equal to 0.33mm?.

Figure 5 shows histograms of the mass densitypfigr same slice of a sample seeded with
OBs, using the four methods describe above (sego8eg.b.vi). Using methods A and P, only 3
modes are distinguishable in the histogram, whilis studied slice contains 4 major materials:
Skelite®, immature bone, cells (OBs) and air. Fmodes are actually visible using methods B and C,
but method B appears more quantitative. Actuattypature bone (similar to collagen or soft tissue)
has a theoretical mass density of 1.06§/#@RU-44] and Skelite© a mass density around 1@
Thus, we choose method B to perform quantitativeupaters extraction. Actually, as we showed in
the last two parts, this method appears as the tbede-off between qualitative and quantitative
reconstruction.

3.b.i. Comparison between samples, using the same reconstruction
method (“method B”)

Using method B, we reconstructed all of the ninkum®s. Then, we compute their histograms, as
showed in Figures 6, 7 and 8.

The histograms of samples seeded with OBs (Figupreésent 4 peaks: the first corresponds
to the air. The second (small, and not presentuinpée A) corresponds to the osteoblasts, that we ca
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see by eyes in the 3D reconstruction, and whosetigyés varying from one sample to another. The
third and fourth mode of the histogram correspardpectively to the immature bone, and the Skelite.
Corresponding mass densities are in good agreem#nbur expectations: for this group, we found
an average mass density for the immature bones800t 0.02 g/crfand an average mass density for
Skelite equal to 1.865 + 0.03 g/t(to be compared to the theoretical values of 1@@Yfor Skelite,
and around 1.00g/chfior soft tissues).

001
] 1 / =@=Sample A
0.008 B2
p) Sample B
9

‘2. Sample C

Mass density (g/cm3)

Figure 6: Histograms of the three samples containing OBs.

The samples seeded with pre-OCs are considere@rdaslcsamples, since pre-OCs only
cannot induce bone resorption by themselves. Toensepeak does not correspond to the immature
bone, because the corresponding mass densityli tea low. For this group, we found an average
density for Skelite equal to 1.831 + 0.10 gicnThe lowest peak has a mass density of
0.209 + 0.10 g/ci(Figure 7). For this group of samples, we noticeligh variability of scaffolds
mass densities, unlike in the two other groups.
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Figure 7: Histograms of the three samples containing pre-OCs.

Figure 8 shows the mass densities histograms gblearseeded with both OBs and pre-OCs.
We observed that, unlike in scaffolds seeded wiBs,Qrery few cells are visible in these samples.
For this group, we found an average mass densityrfmature bone of 0.688 + 0.05 g/tamd an
average density for Skelite equal to 1.811 + 0/ We expect that pre-OCs balance minerals
guantity between Skelite and immature bone, so tiatSkelite becomes fairly less mineralized,
contrary to the soft tissues that become more ralized.
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3
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Figure 8: Histograms of the three samples containing OBs and pre-OCs.
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Figure 9: Mineralized volume average mass density (in g/cm®) [A] and Immature Bone fraction

(in %) [B] for each group, as a function of the type of seeded cells (OBs+pre-OCs, OBs and pre-OCs
respectively).

This trend can be confirmed by the average massitgtesf mineralized fraction (Figure 9A), but not
by mineralized volume fraction (Figure 9A). Thessults should be taken with caution regarding the

high standard deviations of the measurements, la@dsmall amount of samples for a meaningful
statistical study.

3.c. Quantitative parameters extracted from reconstruction using a
heterogeneous regularisation

The 3D images were segmented into 4 phases: dis, (€8, soft tissue composed of collagen or
immature bone (IB), scaffold or mineral (M). Thdldaving parameters were computed:

TV: Total Volume
MV: Mineralized Volume
IBV: Immature Bone volume
MVITV: Mineralized volume fraction (fraction of Skee in the sample)

IBV / (TV — MV): Volume filled with soft tissue, wén extracting hard parts.

CV / (TV = MV): Volume filled with cells, when excting hard parts — available space for cells.
M.Th, IB.Th, C.Th: average 3D local thickness oflephase.

Fraction (in %) Local thickness (in um)
IBV/(TV- CVI(TV-

Sample | MV/TV MV) MV) M.Th IB.Th C.Th
60.8 +/-

OBs 44.7 +/-5.0 98.2+/-8.9 5.1 +/- 4.3 121.4 93 176.0 +/-29.0 2.1

OBs + 91.7 +/- 123.66 +/- 206.23 +/- 64.71 +/-

pre-OCs | 46.4+/-1.9 14.3 0.45 +/- 0.60 20.27 43.38 26.26

pre-OCs 48.5 +/- 2.7 0+/-0 0+/-0 150.4 +/-18.8 0+/-0 0+/-0

Table 3: Summary of the measurements (fractions and local thickness) for each group.
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Table 3 summarizes the different parameters extiaicir each group. The column “MV/TV”
represents the mineralized volume fraction, “IBYT¥ — MV)” the volume fraction filled with soft
tissue, when extracting hard parts, and “CV/ (TWI¥)” the volume fraction filled with cells, when
extracting hard parts. The mean thickness and ribigk distribution of each part were computed
according to a method specifically developed tcs thim for trabecular bone characterization
(Hildebrand & Ruegsegger, 1997). The cells werduned into the immature bone part, before
thickness calculation of immature bone part, tacuoelevant holes left by cells.

The average mass density of each part was compited the thresholding. Grey levels images
correspond to the quanti%y%n 6, and were converted into mass densities usinggoation (3.3.1).

As an example, Figure 10 shows a 3D rendering séadfold, in grey levels, seeded with OBs (in
pink).

[um]
1.5e+04

: . [um]
0 1.5e+04

Figure 10: 3D rendering of a scaffold (in grey level), seeded with OBs (in pink).
3.d.ANOVA

The ANOVA test (ANalysis Of Variance) is statisli¢ast used to determine, in this example, if the
type of seeded cells has actually a significaritiérfce on the different measured parameters (vaume
and thicknesses). If a difference is detected,Tileey’'s HSD (Honest Significant Difference) test is
employed post-hoc to determine which groups wefferént from each other on a selected measured
parameter.
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For each measurement, we performed an ANOVA torohixte if the volumes or thickness are
significantly related to the type of the samplesefed with OBs, seeded with pre-OCs, seeded with
bot OBs and pre-OCs). We call “group” all the solf$ that are seeded with the same type of cells.
Thus, in our study, we have 3 groups (scaffoldsiegevith OBs, scaffolds seeded with pre-OCs and
scaffolds seeded with both OBs and pre-OCs).

There appeared to be some differences in the vauwh8kelite, soft tissues and cells, the thickmodss
the Skelite, soft tissue and cells, between theggoWe want to determine if these differences are
significant, by performing an ANOVA (with a confidee level of 95%).

Parameter of interest P-value Confidence
Mass density of MV 0.5833
Mass density of IBV 0.7328
MV 0.448
IBV 2.831 *10"-5 Fkk
CV/(TV-MV) 0.1861
M.Th 0.1808
IB.Th 0.1024

Table 4: p-values and confidence determined by the ANOVA, for different parameters of interest.
*** stands for a confidence level higher than 95%.

From the results given by the ANOVAs (Table 4), ean deduce that none of the parameters are
significantly related to the type of seeded cadlszept the volume of Immature Bone. This is to be
expected since OBs are responsible for new bomesafibon.

3.d.i. Outlier detection

On Figure 9, the average mineralized fraction ntesssity of one sample seeded with pre-OCs seems
to be an outlier, because a bit higher than therothlues. To verify this numerically, we compute t
first quartile (Q1), the third quartile (Q3) ancetinterquartile range (IQR). We chose to define an
outlier as a value lying above Q1+1.5xIQR or bel@8-1.5xIQR, according to a widespread
statistical definition. For this dataset, the giestare the following:

Quartile 0% 25% 50% 75% 100%

Average
mineralized
fraction 1.76 1.79 1.83 1.85 1.94
mass
density
(g/cn)
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We found that the IQR was equal to 0.064, thushtbkest value of this dataset, 1.94, is not aliesut
according to this definition. Nevertheless, beirgedted as an outlier is not sufficient argumertigo
excluded from a study. In the latter case, the enggality of the reconstruction is also worth
considering.

4. Discussion

In this chapter, we compared several quantitativasp retrieval methods for the analysis of bone
scaffolds seeded with bone cells. In most studiles, single distance Paganin’s phase retrieval
algorithm is used (Hesse et al., 2014; Marinesal.e2013; Mohammadi et al., 2014). In a previous
work, we discussed how to select the Bgg8 parameter in the Paganin’s algorithm accordintpéo
feature of interest in the image (Rositi et al1202014). Some other studies compare different phase
retrieval methods (Burvall, Lundstrém, Takman, lsarg & Hertz, 2011; Langer, Cloetens, Guigay, &
Peyrin, 2008; Yan, Wu, & Liu, 2011), with differeabntrast models. However, our results show that
the choice of the phase retrieval algorithms amgulegisation has a great impact both on the
gualitative and quantitative analysis of the imaghis work allowed the selection of the best
algorithm in the sense that it provides the begsaisdion between different material componentfién t
object as well as sharp details in the image. Tokoowledge, there has not been such study in the
past.

The method selected in this study is based on & mophisticated model since it assumes a multi-
material prior on the object, built from the attatian scan. It enables to distinguish the cellsftbe
soft tissue and from the Skelite. Neverthelessy @iBs are visible using this method, not the pre-
OCs. We cannot tell at this stage if the pre-OG@s @mesent or if contrast is insufficient, however,
since radiation damage to the samples has prevaatigdm validating this by performing histological
analysis on the same samples.

We expected Skelite porosity to be roughly the samaery sample. In practice, it was not the case:
we observed a much higher thickness of the Skalittome samples, and with a high variability.
These variations could be attributed to the manufang process. The number of samples is also very
low in this study. Nevertheless, mean thicknesgdbe scaffolds are in good agreement with those
reported in (M Langer et al., 2010b). Here, the AMQdid not reveal any significant difference in the
thickness of the mineralized phase due to therdifftecell cultures. However, we should be careful
with these results, since we only have 3 samplegmmeip. To achieve more accurate statistics, more
samples would have to be included, so that thexeasyund 10 samples per group. The limitation in
number of samples has mainly been due to limitegsscto synchrotron radiation X-rays for phase
contrast imaging. Using the protocol described herare data can be added to the statistical asalysi
as more images of this kind of scaffolds becomdabla.

Concerning the diameter of the cells, accordingtécature, the human osteoblasts are supposed to b
around 20-30um in diameter. Here, the average damnclose to 60um. This can be explained by
the facts that the cells are clustered. Moreowxer QBs are well visible because they are trappdkein
bone matrix. We did not attempt to separate oséstdifrom their neighbors, since this is a difficul
problem in itself, and it is outside the scope parpose of this work.

Human pre-OCs are multi-nuclei cells that contaouad five nuclei, for a total diameter around 150-
200um. In the images presented here, we cannaiglifgh pre-OCs from other tissues. This might be
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due to the pre-OCs either getting washed out frieenstcaffolds during the different steps of culture
and imaging, or alternatively they are also embdddehe immature bone matrix but the contrast is
not sufficient to distinguish them.

In the OCs group, we see (Figure 10A) that the Kdilised fraction density is a bit lower, but not
significantly so, than in the other groups. Thisildobe explained by the reconstructed image quality
that seems to be worst for this group. It couldlbe to samples moving during the acquisition, since
each samples of a group were scanned simultaneously

Immature bone volume fractions closed to 100% spiwad to samples that are very filled with newly
formed bone and cells. This confirms the activityDi8s. Bone resorption would have been expected
for (OBs + pre-OCs) samples, but not really visibéze. We can see that the control group, seeded
with pre-OCs, was not at all filled with newly foeth bone, which is in good agreement with our
expectation.

5. Conclusion

This chapter presents the comparison of severallagged phase reconstruction methods for
propagation-based phase tomography.

In this work, we showed that the design of the pigocrucial for the quality of the reconstruction
(reduction of some artefacts). Although there isananique solution to design the prior, it infloes
the quality of the reconstruction.

With respect to the previous work (M Langer et aD10b), more advanced regularised methods
enables to see and quantify the cells, which wetevisible in the previous study. We were able to
separate them from the rest of the sample.

We presented a framework for statistical analykthis kind of cell cultures. Nevertheless, theitad
number of samples did not enable to find any siggit differences in the different tested culture
conditions. Acquisition of further data is mainignited by a restricted access to synchrotron ramhiat
facilities. However, the whole imaging and analysistocol should allow completing the dataset used
for statistical analysis, and thus improving itsasn as new experimental data becomes available.
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Chapter IV: Phase nano-tomography of
bone

In this chapter, we focus on phase nano-tomograptify, applications in bone imaging. We present
the entire imaging process, from the set-up to mheonstruction method. We present a new
registration tool, enabling an efficient, and autbed, registration of the projections acquired at
different distances that is more robust than previmethods. We experimentally demonstrate its
efficiency on real data, acquired on the ID16A bkxaen Then, we show that the nanometric
resolution provided by this beamline is a precitme to analyze the structure of the bone, throagh
feasibility study combining several analysis tools.
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1. Phase-contrast nano-tomography

X-ray phase contrast tomography has been of a gpinterest, particularly in the fields of medicine
and biology, because it enables non-destructivendiying of samples with a very high sensitivity
and high spatial resolution. Some structures cay lom resolved at a nanometric scale. Even though
phase-contrast micro-tomography is now well esthbli and widely used, hard X-ray nano-
tomography has only emerged during the last fewsyeasing magnified phase contrast imaging
(Langer et al., 2012; Mokso, Cloetens, Maire, Ludwig, & Buffiére, 2007). The sensitivity and
resolution of this technique are also due to thatively large propagation distances (phase contras
increases as the propagation distance increases)tha cutting-edge instrumentation and detectors
employed. Like phase contrast micro-tomographyuses multiple distance propagation-based
imaging, except that the incoming beam is not jlrbut divergent. Beam divergence and different
sample-to-detector distances induce different niagiion factors of the projections recorded by the
detector. In practice, the projections are rescébethe highest magnification factor that gives the
smallest pixel size. Phase retrieval is finallyfpaned according to the presented scheme: a linear
least-squares method to roughly assess the phakea, r@on-linear conjugate gradient (NLCG) method
to refine it.

1.a.Set-up of phase nano-CT

The set-up of phase nano-CT is depicted in Figukarkpatrick-Baez (KB) mirrors, curved reflective
optics, focus the incoming parallel X-ray beam fXyizontally and vertically onto a focal spot (B).

is the distance between the focal spot and the Isaf8p, andD,, is the propagation distandes. the
distance between the sample and the detector.

Figure 1: Set-up of phase nano-CT. The incoming parallel X-ray beam (X) is focused onto a focal
spot (F) using specific optical elements. D, is the distance between the spot (F) and the sample (S), and
D, is the propagation distance.
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Since the beam is spatially divergent, recordingiraage at sample-to-detector distarize also
induces, apart from phase contrast, magnificatidhe projections (Figure 1). The magnificatilghis
expressed using the well-known Thales’ theorem:

M=t (419
D,

We obtain projections with different magnificatfoby modifying the effective propagation distance.

In practice, the detector and the focus point edfi.e. D; + D, is kept constant. It means that the

sample is moving along a translation stage to meiges with different magnifications, while in the

parallel set-up, the detector moves further froemsample.

It is noteworthy that in this case of divergentnedahe wave front is spherical; the spherical wave
Fresnel diffraction phenomenon can be seen asre plave illumination problem at the defocusing
distance D (Guigay, 1977), defined by:

1

L_1 + (4.1.2
D D, D, o
which is equivalent to:
DD, D,
D=——""—=—, 4.1.3
Di+D, M ( )

In a few words, this defocusing distan2as an equivalent of the propagation distance tilegs into
account the magnification. The distandéy, D,, ..., Dy, ..., Dg] denote the equivalent propagation
distances, and are indexediyyvith K the total number of distances used. We write:

Diy. Dyy
Vk € [1:K],D;, = ———, 4.1.
[1:K), Dy = 5 (4.14
with:
Vk € [1:K], D1y + D,y = D; + D, = constant. (4.12.9

In practice, we acquire projections for a complettion of the sample, at different propagation
distanced;.

1.b. Phase nano-CT workflow

As an introduction, we present the workflow of phasno-imaging, a bit similar to phase micro-CT,
from the data acquisition to the analysis.

ACQUISITION:
a. Projections of the sample are acquired for a cotmpbinge of tomographic angléfrom 0 to
180°).

b. At the end of the scan, projections are recorded, & and 180°, in order to evaluate the
sample motion during the scan.
c. The acquisition step is repeatédimes,K being the number of propagation distances.
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PRE-PROCESSING:

d. Images are flat-fielded.

e. One checks if the sample moved during the scargobyparing images during and after the
scan, for every distance (also called “planes”)e Thost stable plan is considered as the
“reference plane”.

f. The projections are rescaled to the same smaliest gize (in other words, to the highest

magnification).

The projections of different propagation planes\ary 108 projection angle, are registered.
To get the shifts values for every projection angl@olynomial interpolation of the shifts is
performed.

i. Application of the shifts to every projection.

- @

PHASE RETRIEVAL:
j. First estimate using a chosen linear least-squaetlsod (presented in Section 2.b)
k. Refinement using non-linear conjugate gradient oe{jpresented in Section 2.c)

TOMOGRAPHIC RECONSTRUCTION
It can be done using the FBP, or an algebraicnstoaction method.

POST-PROCESSING
As an example, one can perform filtering, segnientaetc.

DATA ANALYSIS
1.c. Experiments

During my thesis, | was involved in ten experimeifids a total of 12&hifts A shift being 8 hours of
beamtime, this represents 6 months of working daysong all these experiments, one was running
on ID16A, through the Long-Term Project MD830. Frdérabruary 2014 to May 2016, we were
allocated 56 shifts, enabling to image bone samfdesesearch in various fields:

- bone micro- and nano-structure description (Lac@aoalicular Network morphology,
extracellular matrix mineralization and collagebrili arrangement) for bone undergoing a
particular pathology (osteoporosis, osteoarthriisteonecrosis) or mechanical stress (in
collaboration with K. Raum and P. Varga, both frGhmarité, Berlin, Germany)

- bone gquantitative ultrasound imaging and bone babrarics (in collaboration with P. Laugier
and Q. Grimal, both from LIB, Paris, France)

- effects of compression tests on bone micro-pilf@mscollaboration with Ph. Zysset from
EPFL, Lausanne and U. Wolfram & Jakob Schwiedtadth from ISTB, Berne, Switzerland)

- nano-architecture of bone, in normal, immobilized aisease-affected bone (in collaboration

with H. Birkedal from Aarhus University, Aarhus, Deark)

- gravity effect (and mechanical strain) on bone mi@gnd nano-structure, and, more recently,
bone microvascularization (in collaboration with\lico and M.-H. Lafage-Proust, both from
LBTO, Saint-Etienne, France) on ID19.
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2. Phase retrieval in phase nano-CT

The phase retrieval process is similar to the anghiase micro-CT, described in the Chapter Ill. As
pre-processing, the projections at different prepiag distances are dark- and flat-fielded before
being registered. In the case of phase nano-CTretistration is harder: the projections shouldtfir
being rescale to the same magnification factor, #ned presence of multilayers monochromators
induce strong regular patterns, which can makeegistration fail. The non-linear contributionsthe
phase make the use of non-linear iterative algworithandatory, to improve the resolution of the
retrieved phase maps.

2.a.Direct contrast model

To retrieve the phase information from the imageorded by the detector (which is a non-linear
problem), and since we are still in the Fresndralition regime, we can use the Contrast Transfer
Function (CTF) (see Equation (2.1.19) in ChapterNEvertheless, for nano-tomography, propagation
distances are relatively long compared to the @kad. The near-field condition is not met any leng

so that the non-linear contribution of the phaseno&be neglected. In this case, the CTF is resmwritt
by adding a non-linear term to the measured intgrsiading to:

In(f) = 8perea(f) — 2 cos(mAD|f|?) B(f) + 2sin(mAD|fI*)@(f)

+ Iyup (). 423

Phase retrieval is thus performed in two stagefrsfiinitial guess of the phase is determined gisin
classical linear least-squares method, describe8eiction 5 of Chapter Il, and recall in the next
section. This first guess corresponds to the lipeat of the retrieved phase, but is not sufficient
provide good image quality at such high resoluti@aonsequently, the non-linear term is determined
recursively, using a non-linear conjugate gradagorithm, described in Section 2.c. It improves th
recovery of the high frequencies of the phase thuslits resolution.

2.b. Linear least squares method

2.b.i. General method

We consider a global image formation model:

In,(f) = &) X(f) (4.2.2)
Wherelp, is the recorded intensity, a contrast transfer functiop,the quantity to be retrieved and
denotes the Fourier transform.
The Wiener filtering gives, for the previous prablean estimate gf(f), notedi(f), that minimizes
the mean quadratic error:

& (F)-To, ()
Ek*(f)- Ci (f) + aWiener’
where é," denotes the conjugate 6f, and ay;.ner IS @ regularization parameter, related to the
spectral density of the noise.

In the multi-distance acquisition, the least-sqaamethod consists in minimizing the quantity
guadratic errog, with:

(4.2.3)

x(f) =
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K 2
=" [lactn. 20 - 1o, a. (4.2.4
k=1
This leads to:

2T 6 ). In ()

) = .
(7 2K (D-ah) +a

4.2.9

2.b.ii. Homogeneous CTF model

The least-squares method, described previouslpeapplied on the CTF model, in order to solve the
phase from recorded intensities. If we consideue phase objeci.¢. no absorption), in the near-
field regime, the Fourier transform of the intepsitcorded by the detector at a distafgefrom the
sample can be expressed as:

Ip, () = 6peiea(f) + 25in(@AD,|fI)G(f). (4.2.6)

In most cases, we cannot assume a pure phase, @gj¢bat the absorption term cannot be neglected.
In this case, our problem will have two unknownise tabsorption and the phase. However, the
problem can be rewritten as a “one unknown-probleéyn’assuming that the sample is composed of
one homogeneous material. The absorption is coeségiuproportional to the phasee( the §,,/8

ratio is constant). In this case, the attenuatamlze written as:

B(x) = f 5,(x,2) dz =

A 5,78 /ﬁw(x) (4.2.7)

Tl

leading to:

cos(mADg|f1?) + 2 sin(mADy |fI) | ¢(f). (4.2.8)

- 1
o) = Spaea ) + 257

This is the expression of the intensity recordedit®y detector at a distandg from the sample,
assuming that the near-field condition is fulfillethd the imaged object is homogeneous. The least-
squares formulation becomes:

2
(8 7 cos(mADy|f|?) + sin(mAD,|f] )) 16
= 4.2.9

1 1 3
= EZ [6 75 cos(ADy | f1?) + sin(mADy |f1*) | Ip, (f)
k=1 "

Mx

1
K

This method can be used on phase nano-CT datata¢onine the first estimate of the phase, which
will be refined using a non-linear method.
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2.b.iii. Extension of the Paganin’s method to multi-distance acquisition

The Paganin’s method (Paganin, Mayo, Gureyev, Mi8eWilkins, 2002) expresses the phase shift,
for an homogeneous object:

[ o(52) )

@ = 2.2 o)
@ 2B {1+Dk(lsgnznllf”2 } (4.2.10)
\ )

wherelp, (x) is the intensity at a propagation distaige F andF~1 denote the Fourier transform

and its inverse respectiveliy(x) is the intensity at contact plang,/S is the ratio of the refractive
index decrement to the absorption index, aiglthe wavelength of the beam.

For readability, we introduce the three followirgriables:

- 1
hormac ) = F (7)) (4.2.11)
_ S
Fi(f) = 1+ 2% i1 (4213
and
A(f) = Flexp (26—ﬁ(p(x)>} . (4.2.13)

Combining Equations (4.2.10), (4.2.11) and (4.21&8}ls to:

inorm,k(f) = A(f) Ek(f) (4-2-14)

Retrieving the phase from multi-distance measurésnesing the least squares method to the Paganin
formula leads to the following estimate of the ghakift:

T_l %ZE=1 Ek (f) inorm,k(f)
(&S, B (?) +a

, (4.2.15)

wherea is an arbitrary regularization parameter.

In phase nano-CT, a first estimate of the phaséeastetermined using this Equation (4.2.15), before
being refined using a non-linear method, for eyanjection.

2.c.Non-linear conjugate gradient methods

The idea behind conjugate gradient (CG) methods #nd a solution for quadratic functions. We
showed previously that the least-squares methodewgoyed to solve the linearized phase retrieval
problem. Nevertheless, in the context of phase 1@hahe non-linear contributions in the expression
of the recorded intensity are greater due to thetfat the near-field condition is not met anygen
The first estimate of the phase, given by the lsgaaires method, is thus refined iteratively using
non-linear conjugate gradient (NLCG) method.
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2.c.i. Principle of the method

The aim of a non-linear conjugate gradient algaritls to minimize iteratively a non-linear
function J(r). This minimum can be a local minimum. The valuetd local minimum is updated
iteratively, according to:

Tk+1 = Tk + A Sk (4216

where a; is the steplength and, the conjugate gradient direction (search diredtiampdated
recursively.

An iteration of such NLCG algorithm is designedakw:
1. Find the steepest search direction
The gradient gives the direction of the maximakéase of the function. Consequently, the
steepest direction we choose is set as the opmghs#tion of the gradient direction, where we
have the maximal decrease of the function:

—9r = —Vi (1) (4.2.17)

2. Calculate the conjugate directiome( the search direction},, where B, is calculated
according to a chosen method described below.

5 = {—gk Bese ko1 (4.2.18)
3. Get the optimal value for the step length by performing a line search:
ap = argmin /(v + as) (4.2.19)
This will minimizes/ along a line
4. Update of the solution:
Tk41 = Tk + A Sk (4220)

2.c.ii. Calculation of the parameter [

Several formulas have been designed to computeahee of the parametdf,, used in Equation
(4.2.18), that allows to update the conjugate timac Among all the existing formulas, four are el
known and widely employed, and a first one was ifipatly designed for phase retrieval in phase
nano-CT. Originally, a conjugate gradient (CG) noetlvas proposed by Hestenes and Stiefel to solve
linear systems (Hestenes & Stiefel, 1952):

HS _ gg(gk B gk—l)

(4.2.21)
ST (gK — k1)
Then, Fletcher and Reeves proposed the first maatiCG method (Fletcher, 1964):
2
pr = 1ol (4.2.22)
lgr—1ll
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A few years later, Polak and Ribiere (Polak & Ribiel969) and Polyak (Polyak, 1969) designed the
following expression ofy,:

T
Ik Gk — Gi-1)
]fRP = —||gk—1||2 (4.2.23)

All these three methods are equivalent when apptidthear problem. For non-linear problems, it is
admitted that the Fletcher-Reeves method is thiesta® implement, while the Polar-Ribiere-Polak
method converges faster and turns out to be gffitéeat.

More recently, Dai and Yuan (Dai & Yuan, 1999) meed a formula that presents a stronger
convergence, with respect to the previous proposstiods:

oy lgell®

‘ Sk-1(9k = Gk-1)

(4.2.24)

A few time later, P. Cloetens (unpublished) desigadormula that is based on the orthogonality of

Sk—1-

T
clo _ gk- Sk-1 (4.2.25)
Sk-1-Sk-1

More details on the conjugate gradient method carfdund in the article of Shewchuk (1994)
(Shewchuk, 1994). Whatever the formula used forcdleulation of the value of,, it is admitted
than the more optimal method has to be selecteerignentally, depending on the data.

2.c.iii. Application to phase nano-CT
In this section, we present how the non-linear egaje gradients are implemented at the ESRF.

All these five methods fog, calculation, presented in the previous sectioa,implemented in the
reconstruction code available at the ESRF. Experially, the last method (Equation (4.2.25)) is
usually used and provides very satisfying resaltmost cases.

In our case, the functioni(r) can be expressed as:

K R
1 2
J(r) = o 2 Z |Ip, meas (™) = Ip, carc ()| (4.2.26)
k=1r=1

whereK is the total number of distancedss the total number of pixels of a projection, dpgd,ecqs
is the recorded intensity at a propagation distabge Ip, cqic IS the calculated intensity at a
propagation distande,, using:

Ip,cate™ = |T() * Py ()| * jo(r) (4.2.27)
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whereP), is the Fresnel propagator, defined in the Chapt&quation (2.1.9)T is the transmittance
function of the object (see Chapter Il, Equatiorl(P)), andj, models the transfer function of the
optics (determined experimentally).

The gradient of is calculated as:

o dj(n)
0=~ gres (4.2.28)

We used typically 8 to 10 iterations for NLCG.

3. Registration of recorded images using mutual information

A well-known drawback of multi-distance acquisititsn as shown in stegp of the workflow (section
1.b), the need for projection registration withie tdistances. Actually, due to a possible misaligmm
of the camera and the sample through the beamamdspossible vibrations of the moving motors, the
projections are usually misaligned a few pixels. peform the registration, we can use different
methods, presented in this section. In phase ndhow& considerrigid registration i(e. only
translation and rotation) of multi-resolution imagge. different magnifications), and we limit to
translation only (in both vertical and horizontaledtions).

3.a.Correlation-based methods

Usually, correlation-based methods are employeth@tESRF, to perform the registration of the
projections. Beforehand, the data are flat-fieldwa rescale to the same magnification factor,gusin
the theoretical values of the magnification (Equat{4.1.1)). Then, the horizontal and vertical tdrif
of the projections are determined. In order to hireeshift value for every single projection, witito
performing the registration for every projectiohgtcalculated shifts are fitted with a polynomial
function (Figure 2).
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Figure 2: Example of shifts curves. The projection number is reported on the abscissa, and the shift
value (in pixels) on the ordinate. The blue line is drawn from the measurements every 100 projections
and the red curve corresponds to the polynomial fit. Note that the difference between measured and
fitted values is less than one pixel in all plots, which is characteristic for a successful registration, and a

stable scan.
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Correlation-based methods consist in determiniegstiifts for which the correlation coefficient bbt
different projections is the highest. It performstg well when it comes to phase micro-CT data. In
phase nano-CT, the images usually suffer from gtramd regular lines artefacts (due to the KB
mirrors), as shown on Figure 3. In this case, tbeetation-based method could fail (Figure 4),
because of these regular strong patterns, stibilgislespite the flat-fielding.

Figure 3: Projection of a bone micro-pillar (a) without and (b) with flat-fielding. The lines artefacts
from the KB mirrors are clearly visible on (a), and attenuated on (b), but still visible. A projection is
2048 * 2048pixels. The effective pixel size, taking into account the magnification, is 39.27nm.
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Figure 4: Example of the Figure 3, where the registration using a correlation-based method fails, most
probably because of the artefacts induced by the KB mirrors. The vertical shifts are reported on the
left, and the horizontal shifts on the right. We notice differences up to several tens of pixels between
the measured (blue line) and the calculated (red line) values.

If the correlation-based method reveals unsucckstiare is still a possibility to perform the
registration automatically, by using the ImageJgplu“Turbo Reg®, which performs a multi-
resolution registration based on intensity (ThézeRattimann, & Unser, 1998).

! http://bigwww.epfl.ch/thevenaz/turboreg/
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Otherwise, the registration can be done manualhickvmakes it possible to align some projections
by hand. Nevertheless, this method is still vemyeticonsuming and operator-dependant, which is not
convenient.

3.b.Mutual information-based method

Given the limitations of the intensity-based regison methods, we investigated another approach fo
the registration of Fresnel diffraction patternscollaboration with a trainee (Annika Hansch).sThi
new method is based on mutual information (Ml),allsuemployed in multi-modality imaging, where
the contrast can be different (Moddemeijer, 1988 mutual information has the major advantage to
be invariant to intensity changes, as inversiorresh

Consider two imaged andB. Their pixels are indexed hy andb, respectively. The Ml index of
andB is expressed:

— pas(a,b)
MI(A,B) = EZPAB(G; b).log (m) (4.3.))

a€A bEB

where pss(a, b) is the joint probability distribution function o and B, p,(a) and pg(b) the
marginal probability distribution functions dfand B, respectively.

The Ml index of two images can be null or positiites equal to O if the two images are independent
and increases with the similarity of the two images

In our case, we can have different contrast becatismmaining interference fringes. The idea behind
this method was to lie on a morphological, geombaiged criterion, rather than an intensity-based
criterion (as the correlation coefficient).

The softwareElastix (Klein, Staring, Murphy, Viergever, & Pluim, 2018hamonin et al., 2013) was
used to align, automatically and in parallel, tmejgctions. Even if being not successful every time
this method has the major advantage of being falifjomated.Elastix enables to use different
similarity indexes, such as the MI, and can hanuléi-resolution images. It was thus possible t@ta
into account the magnification of the images, ienéto phase nano-CT projections. In this case, the
magnification factor determined from the images] aot from the theoretical values. This method
was integrated to the reconstruction process, aflddcvia a new approach for shifts determination.
Then, the shift determination of every projectisrdone by polynomial interpolation, as mentioned in
the workflow.

As an example, Figure 5 shows an example where rtbig method outperforms the classical
correlation approach. On the slice reconstructdl thie classical approach (a), misalignment artgfac
are clearly visible. On the contrary, the use oftidsed method improves a lot the image quality (b).
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Figure 5: Reconstructed nano-CT slice of an osteoporotic sample (OP151c), where registration of
multiple distance projections were registered using (a) a correlation-based method, (b) a MI-based
method. The pixel size is 60nm, and a slice is of size 122.88um x 122.88um. The red arrows highlight
typical misalignments artefacts.

3.c.Application to bone micro-pillars

The bone micro-pillar samples were prepared at ligitute of Surgical Technology and
Biomechanics (ITSB, Bern, Switzerland). A microkguil was cut out of a piece of ovine bone
(Schwiedrzik et al., 2014). The acquisition was enatl ID16A beamline (ESRF, Grenoble), in July
2015. The energy of the beam was set to 33.6ke®0 pPojections were acquired over a 180° range,
with an exposure time of 0.4s per projection. Tiiective pixel size was equal to 25nm.

We reconstructed a 3D phase map of the sample db&dPaganin’s method, extended to multi-
distance acquisitions using least-squares, follolyed 10-iteration NLCG. Thé&,, /8 ratio was set to
645, as calculated for cortical bone at 33.6keV.tla scan, we compared the classical correlation
based method and the registration method usingldfcribed in Section 3. The results are shown on
Figure 6, for two different heights. To better ursiend the presented slice, a 3D rendering of the
whole sample is visible in Figure 7. We can seentieo-pillar on top of a larger base.
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(2)

(b)

Figure 6: Example of phase §, volume after registering the projections using (a) a correlation-based
method; (b) the MI-based method (Elastix). The left column shows a slice in the micro-pillar part, and
the right column a slice in the base of the micro-pillar, made of bone. The red arrows highlight typical
misalignments artefacts.

Figure 7: Volume rendering of the micro-pillar (‘istb_mp5_25nm_tomo3"). The box is 51um (X) by 51um
(Y) by 19.9um (Z). A lacuna is visible on the bottom left of the base.
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We see that the MI-based method clearly improverdigéstration, in addition to be fully automated.
Nevertheless, it fails when registering projecti@uitaining only the micro-pillar, because of the
interferences fringes (Figure 8). Thus, it is regdj to correctly image this kind of samples, tefke
the base of the pillar in the field of view, becab®ne lacunae are useful for registration.

Figure 8: Acquired projection of the micro-pillar only, a more difficult case when it comes to
registration.

4. Application of phase nano-CT to bone imaging

4.a.Introduction to the bone structure

To better understand the images presented inltlister, we first introduce the human bone structure

At the microscopic scale, human mature bone is oy of two types of bone, as depicted on Figure
9:

- compact bone, also known eartical bone is dense. Its functional unit is theteon
- spongy bone, also known abecular boneor cancellous bone, is porous (from 30% to 90%
porosity). The functional unit of trabecular boedhietrabecula

Compact Bone & Spongy {(Cancellous Bone)

Lacunae containing osteocytes Osteon of campact bone

Lamellae Trabeculae of Spondgy

Canalicul bone

Qistenn | dopdl. == Haversian

FPeriosteurn

Yialkmann's canal

Figure 9: Macroscopic structure of bone (image from an online biological textbook, boundless.com.)
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Here, we are mainly interested in human corticaleyince it is the most important in strength and
failure. As depicted in Figure 10 (left), humantamal bone is composed obteonsbasic constituting
units created during bone remodelling around a Hdae canal containing nerves and vessels. The
osteons are connected by interstitial lamellace@=il and interstitial regions are separated by-a s
called cement line(visible in Figure 12). Alacuna is a small space containing one bone cell
(osteocyte Lacunae are interconnected by small canals caldnaliculi, as shown on Figure 10
(right). The system composed of the lacunae andctreliculi is called thdacuno-canalicular
network(LCN).
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Figure 10: Macroscopic structure of bone (left), and zoom in on an osteon (right). Figure modified
from (Taylor, Hazenberg, & Lee, 2007).

Chemically speaking, mature bone is composed by 76P6inorganic material (mainly
hydroxyapatite), and 30% of organic material (9@®4vhich is collagen). The hydroxyapatite (HA)
ensures the rigidity of bone, while tbellagen fibrilsensure its flexibility.

4.b.Bone imaging with phase nano-CT

As a first exploratory investigation into changestlwe bone ultrastucture, samples from a donor
diagnosed with osteoarthritis, with osteoporosis aithout diagnosis as control, were imaged.

The healthy samples were obtained from the diaphyait of human femurs removed during multi-
organ collection, which complied with the requirertgeof the French Transplant Administration. The
donors were women aged from 85 to 92 years old.didgghysis is the middle section of a long bone,
made of cortical bone. Bone samples underwentantent (Biobank ®) consisting of supercritical
carbon dioxide for delipidation, chemical bath tler to eliminate medullary proteins and gamma
irradiation for sterilization. They were provideg the Laboratoire d’'Imagerie Biomédicale (LIB,
Paris, France), through the involvement of Dr Rudiar and Dr Q. Grimal.

The osteoporotic and osteoarthritic bone sampkye wbtained from human femoral heads,
removed during hip arthroplasty of donors perforragthe Orthopedic Department of the Hospital of
Orleans (CHR d’Orléans), within the involvementofC.L. Benhamou.
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All these samples (healthy, osteoporotic, osteatichwere imaged using magnified phase
nano-CT at the ID22-beamline (ESRF, Grenoble) ih02@hrough the allocated beamtime MD-431.
CT scans were acquired at 4 sample-to-detectoartiss. The energy of the X-ray beam was set to
17keV, and the effective pixel size varied from 8bto 60nm, leading to a field-of-view from about
70 to 120um, respectively. The detector was a FRetamera of size 2048 x 2048pixels. The
smallest pixel size (35nm) was used to image hgalimples, while the larger pixel size (60nm) was
used for the imaging of pathological samples. A &eR500projections, over a 360° range, was
acquired for healthy samples, with a counting tiofe0.1s per projection. For osteoporotic and
osteoarthritic samples, the number of projectioas 8000, over the same range, with a counting time
of 0.1s per projection. The average number of ®imthe reference image, for each condition, is
given in Table 1.

The data were reconstructed using the method détail Section 2. The registration was performed
using the classical correlation-based method, aier,| Ml-based method when appropriate. A first
estimate of the phase map at each projection avegedetermined using a linear least-square method,
assuming a homogeneous composition (linear leastreg extended to Paganin’s method). {8
value for these samples was set to 202, as cadcudat cortical bone at 17keV. Then, the phase maps
were refined using 10 iterations of the NLCG metHeédally, a filtered back-projection of these maps
output the 3D phase volume.

4.c. Observations of the LCN

The high spatial resolution provided by phase n@mowith relatively large field-of-view, enables a
precise observation of the LCN, in 3D. The LCN wsagmented using a region growing (hysteresis
thresholding) algorithm (Canny, 1986): a first gireld is applied on the image to select the lacunae
from the rest of the volume. Then, the lacunae melis refined by adding pixels that are conneated t
this volume, provided that they are below a secand higher threshold. Once the lacunae are
segmented, they were analysed by determining tha&eu of lacunae in a volume (and the volume
fraction of bone occupied by lacunae), as wellhaslacunae volume, shape and orientation, using
tools developed by the team (Dong et al., 2014)inAhis paper, small structures due to noise (less
than 82u ) were removed.

4.c.i. Healthy sample

The total imaged volume is about 72um x 72um X72wm;count 5 lacunae in this volume, which
represents 0.34% of the total volume. A 3D rendeohthe raw reconstructed volume, made using
the softwardParaview(Ahren, Geveci, & Law, 2005), is shown in Figurke This volume is similar,

in terms of visible features, to the one foundhe literature (Langer et al., 2012). The cemer it
also distinguishable, and highlighted on the slicEigure 12. The orientation analysis of the lamin

indicates elongated lacunae, with orientation wecic= 0X + 1Y + 4Z, i.e. lacunae principally
oriented in the-direction, as obvious on the rendering.
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Figure 11: 3D rendering of the reconstructed phase volume (‘felip_228D_35nm_’) of size 71.68pum x
71.68um x 71.68um. The lacunae and the canaliculi are depicted in shades of yellow-orange.

Figure 12: Reconstructed slice of a healthy sample. The image is 2048x2048 pixels, which corresponds
to a physical size of 71.68um x 71.68um. The red arrows indicate the cement line.

4.c.ii. Osteoporotic sample

For the osteoporotic sample, we count 27 lacureggeesenting 0.66% of the total volume. On the 3D
rendering presented in Figure 13, we can obseties@idal lacunae, as well as the presence of soft
tissue in some lacunae, more visible in the recootsd slice in Figure 14. The orientation analysis
predicates elongated lacunae, oriented along tt@n&1X + 3Y + 6Z , i.e. mainly oriented in the x-
direction, as visible on the 3D rendering.
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Figure 13: 3D rendering of the raw reconstructed volume (‘nano_OP237_al_’). It is rotated so that the
elongate structure of the lacunae appears clearly. The box is of size 122.88um x 122.88um x 122.88 um.

Figure 14: Reconstructed slice of an osteoporotic sample. The pixel size is 60 nm, and the scale bar
represents 10um. Grey, corresponding to remaining soft tissues, is visible inside lacunae, as well as
their elongated shape.

4.c.iii. Osteoarthritic sample

Even if osteoarthritis is known as an inflammatpgthology of the cartilage, there has been little

work on its effects on the bone cellular structuke.visible on Figure 15 and Figure 16, this sample

presents mostly round lacunae. We count about eith&e, representing 1.49% of the total volume.

Moreover, we can observe the presence of minedalissue in some lacunae, as well as degraded
lacunae. These observation were confirmed in skgtndies: Prasadamt al. (2013) showed that

142



osteocytes grown on OA matrices tend to be rour(@®dsadam et al., 2013), by using scanning
electron microscopy. Moreoveiaiprakastet al. (2012) also highlighted this rounded shape, a$ wel
as an increased lacunae density in osteoarthotie band a disorganized mineral distribution, which
could be compatible with our observation of mine@htaining lacunae (Jaiprakash et al., 2012).

Figure 15: 3D rendering of the reconstructed osteoarthritic sample (‘nano_A95_1_1a_’). The black
arrows indicate visibly degraded lacunae. The rounded shape of the lacunae is also noticeable. The
box is of size 122.88um x 122.88um x 122.88 um.

Figure 16: Reconstructed slice of an osteoarthritic sample. The pixel size is 60nm, and the scale bar
represents 10um.

4.c.iv. Summary

The Table 1 summarizes our observations, for theetpresented samples. The first part is dedicated
to the acquisition conditions. The second parttesldhe total studied volume (TV). The third part
expresses the bone volume (BV), as well as the frangon (BV/TV). The fourth part is dedicated to
the segmented lacunae: their number (Lc.numbeeg),tdkal volume of lacunae (Lc.TV), and the
lacunae fraction (Lc.TV/TV), as well as the averagiume of a lacuna (Lc.V). Each lacuna is fitted
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with an ellipsoid; the average length (Lc.L1), viidt.c.L2), and depth (Lc.L3) is precised, as well a
the ratios Lc.L1/Lc.L2 and Lc.L2/Lc.L3, and the lgkb orientation of lacunae (Orientation).

Sample Healthy Osteoporotic Osteoarthritic
Pixel size (nm) 35 60 60
Energy (keV) 17 17 17
Number of
projections 2500 3000 3000
Exposure time (s) 0.1 0.1 0.1
Average counts in
the reference (a.u)) 1430 1190 1235
TV (unv) 209604,81 1442891,17 1457251,48
BV (unv) 208616.27 1433403.67 1435606.22
BVITV (%) 99.53 99.34 98.51
Lc.number 5 27 49
Lc.TV (um3) 988.54 9487.50 21645.26
Lc.TV/TV (%) 0.47 0.66 1.49
Lc.V (in unt) 197.71 351.39 441.74
Lc.L1 (in pm) 18.87 20.75 16.99
Lc.L2 (in pm) 7.36 9.21 12.15
Lc.L3 (in pm) 3.74 4.04 6.03
Lc.L1/Lc.L2 2.56 2.25 1.40
Lc.L2/Lc.L3 1.97 2.28 2.01
Orientation 471 1Y 31X/3Y/6Z X23/Y17/ 21

Table 1: Summary of the results. The acquisition conditions are recall in the first part, followed by the
descriptive parameters. TV is the total studied volume, BV is the bone volume, Lc.TV is the total
lacunae volume, Lc.V is the average lacuna volume. Lc.L1, Le.L2, and Lc.L3 denote the average length,
width, and depth, respectively, and Orientation the global orientation of the lacunae.

4.c.v. Discussion and conclusion

We presented the first observations of osteocyteniae from human bone in 3D using phase nano-
CT, enabling high resolution imaging of a relativédrge field-of-view. Actually, other techniques
such as transmission X-ray microscopy providesagesolution (40nm) but has a very limited field
of view (5.5um x 5.5um x 5.5 pm) (Andrews et a01@).

Qualitatively, we observed large differences betwesteoporotic, osteoarthritic and healthy tissue.
Although our observations are in good agreementis same recent studies (Jaiprakash et al., 2012;
Prasadam et al., 2013), the influence of pathotmgpone structure remains controversial. Van Hove
et al. (2009) observed, using 3D confocal microgcefongated osteocytes in osteoarthritic bone (van
Hove et al., 2009). Moreover, Mc Creaéteal. (2004) observed a large diversity in sizes angetud
osteocytes, in osteoporotic samples (McCreadielidti, Schaffler, & Goldstein, 2004). It is also
evidenced that the shape of osteocytes is infliebganechanical load of the bone, and is thus ighl
dependent of sample location.
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The descriptive parameters, summed up in Tableelgaite in good agreement with a previous study
(Dong et al., 2014). In this paper, the authoress®n average size of lacuna of 18.9 + 4.9um in
length, 9.2 £ 2.1um in width and 4.8 = 1.1um in the@ur results are in these ranges, and the
anisotropic ratio length:width:depth is also arodn@:1. Nevertheless, the average lacuna volume of
the healthy sample seems quite small with resmettd previous study, and the results of the two
other samples. This is probably inherent to thepsejrwhich contains much less lacunae than the
others. Nevertheless, the imperfect automatic saetatien is worth mentioning. It sometimes
segments some canaliculi with the lacuna, and spiite others in two (due to image artefacts). This
could be responsible for results variability.

Even if the number of available samples and regisnso low to state whether or not there is an
impact of disease on bone ultrastructure, we hkeosvgphase nano-CT as a promising tool to get
insight into it. The analysis of a larger set aihgées, through different locations is worth consiuig,

and has already begun with experiments conductedigh the LTP on the ID16A beamline (ESRF,
Grenoble).

4.d.Further analysis of mineralization and MCF orientation

4.d.i. Quantification of mineralization gradient around lacunae and
canaliculi

We briefly recall the method used for this studyhickh aims at determining the mineralization
distribution, as a function of the distance frora tacuna and canaliculi. This method is descrilped i
the work of Hesset al. (Hesse et al., 2015).

We select, out of the entire reconstructed voluanemall volume of interest (VOI) containing one
lacuna and canaliculi. These particular structuvesye segmented by hysteresis thresholding
(thresholds determined empirically). Moreover, heseaof local tomography, the reconstructed phase
values are offset. To compensate for this off¢et,volume was rescaled so that the mean grey value
inside the lacuna is set to zero.

For each voxel, the shortest distance to the dldsesnar surface and to the closest canalicular
surface is calculated, leading to a 3D map of dista. For a given range of distances, the equally-
distanced voxels are gathered into a class. The mwed standard deviation of this class is calcdlate
from the original volume (mass density volumeSgrvolume). As an illustration, Figure 17 shows the
obtained graphs in the study lead by Hestsal; they represent the mean mass density, as a dancti
of the distance to the closest lacuna, for sevegibns. The sub-figures correspond to the differen
studied locations, illustrated in Figure 18.

These different locations were studied to mimic #ging of the tissues: the osteonal regions are
deemed as young tissues while the interstitialoregimimic older tissues. BRONJ (Bisphosphonate-
Related Osteonecrosis of the Jaw) correspondsrie bbpatients treated with bisphosphonates (BPs),
known as inhibitors of the osteoclasts activifye.(reduce bone resorption, as mentioned in
Chapter Ill). As a consequence, the mineralizatibthe bone tissue increases, as well as the averag
tissue age (Roschger, Paschalis, Fratzl, & Klawshd?008). Thus, the BRONJ regions mimic
potentially even older tissues than healthy osteana interstitial tissues.

As we can see in Figure 17, the mineralizatppadientis higher for young tissue, and the average
mineralization increases with the tissue age, satiliration. It is noticeable that the maximum esm
density is not at the surface of the lacuna, muosthably due to partial volume effects.

145



= 0 o=
) o ©

\,
o

(23
o

)

o
N

peri-lacunar osteonal B peri-lacunar interstitial 155} peri-lacunar BRONJ

mass density in g/cm3

o
o
o

05 1 15 2 0 05 1 15 2 0 05 1 15 2

oY

Figure 17: Average mass density of bone, as a function of the shortest distance to the lacuna, shown
for (A) peri-lacunar osteonal, (B) peri-lacunar interstitial and (C) peri-lacunar BRON]J regions. The
number of studied regions is (A) 3, (B) 11 and (C) 9. The average mass density in each study is
represented in black dashed lines. Figure from (Hesse et al., 2015).
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Figure 18: Illustration of the peri-lacunar osteonal region (green box) and peri-lacunar interstitial
region (blue box)

Exemplary, we perform the presented analysis ofsn@ensity distribution on one VOI of an
osteoporotic sample, depicted in Figure 19. Thisime is of size 36um x 18um x 24um, being a
small part of the whole volume, for time computatiaeasons, but also to limit the low frequency

artefact.
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Figure 19: 3D rendering of the volume of interest (VOI) used for this mineralization study (from the
osteoporotic sample). The selected VOI is of size 600x300x400, which corresponds to a physical size of
36um x 18um x 24um.

In our case, as depicted in Figure 20, the massitgegradient ice. the mineralization gradient) is
very low, which may indicate the presence of ageslie, or could be related to the pathology of the
sample (Roschger et al.,, 2008). Moreover, we caudtice that the average mass density is
surprisingly low with respect to the previous stiiesse et al., 2015). A possible explanation could
be the quality of the reconstruction, which presstning ring artefacts, and low-frequency artefacts
Low frequency artefacts, as shown in Figure 21,raagor bottlenecks when it comes to retrieving
guantitative phase values. Nevertheless, evereisthdied region was kept small to limit the vagyin
background, we cannot ensure that this kind ofactdias no influence on the reconstructed quantity
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Figure 21: Reconstructed phase slice (left) and a profile (right). The profile is not flat, but has a
rounded shape, indicating a non-uniform background (low-frequency noise).
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4.d.ii. 3D orientation of mineralized collagen fibrils

This work was done in collaboration with P. VargdO( Research Institute Davos, Davos,
Switzerland) (Varga et al., 2013, 2014), on thdthgaample.

Previously orientation information was extracteshi 2D data, and inferred to 3D (Galvis, Dunlop,
Duda, Fratzl, & Masic, 2013). Here, the orientatiminthe mineralized collagen fibrils (MCF) is
directly extracted from 3D data, by the use of a&@ocorrelation function (3D-ACF). It enables to
determine the degree of anisotropy, and the otienteof the collagen fibrils. The results of tisisidy
are presented in Figure 22 and Figure 23. The €ig8rshows the orientation angle of the fibrils for
different positions in the y-direction (depicted igure 22a).

Figure 22: (a) Reconstructed phase slice of a healthy sample. The effective pixel size is 35nm. The MCF
orientation was determined for the ROI (blue rectangle) from osteonal region, and is represented by
cylinders in (b).

3D ACF: Mean +/- SD of In-plane angles DA(ACF) > 1.2

‘ T ‘
B o i
O [rrre e G
8O | mremmm e e S

150

Angle in degrees
© ®
o o

@
o

W
o

o

LB [ e 4

y position (microns)

Figure 23: 3D ACF-based degree of anisotropy (DA) analysis of the collagen fibril orientation. The red
line represents the mean orientation, and the green lines correspond to the standard deviation.
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On Figure 22b, we observe twisted plywood (leffjd ascillating plywood (right), as shown in the
literature, where the authors find that these tatigons are the dominant patterns in human cortical
bone (Varga et al., 2013).

5. Conclusions and perspectives

Morphological images given by phase nano-CT camp helbetter understand bone properties, in
relation to the anatomical site and pathology. Tigho several projects and the long term project
currently in progress on ID16A beamline, we areestigating bone cellular structures (LCN, MCF
orientation, mineralization), as well as bone vémtization, on a large series of samples.

Nevertheless, the difficulties lie in the choicetlod region of interest, and the large variabitityoone
structure depending on the location, in the sameebolro perform high quality nano-CT
measurements, we actually need a very small piebere (~500um in diameter), from an inherently
large bone, cut manually. The analysis on a lasgeos samples is thus required to draw statistical
relevant conclusions. Moreover, reconstructiontarfe number of sample are now facilitated by the
new tool developed for registration of the projecs, which is known as a time-consuming step.

The aim of this chapter was to present the phase-6d, and possible applications on bone, with
tools to finely analyse its 3D structure. Sinceleatudied element is long to compute, we only
presented it on a selected volume of interest. Blare we showed that the presence of low frequency
noise in the reconstructed volume, reflected itowly varying background, can be prohibitive when

it comes to quantitative analysis, such as mineatn gradient study. This problem motivates the
introduction of a priori knowledge in more sopldatied reconstruction algorithms, as those presented
in Chapter V.
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Chapter V: Innovative algorithm to
combine phase retrieval and
tomographic reconstruction

In this chapter, we introduce the state of theamethods combining phase retrieval and tomogaphi
reconstruction, as described in Chapter Il. We firgesent a simulation tool, developed during this
thesis, aiming at creating phase contrast datadpagation based-imaging. This tool is ported ® th
Virtual Imaging Platform (Villeurbanne, France, wveneatis.insa-lyon.fr/vip/) in the framework of
the LabEx PRIMES. Then, we propose an innovativalined algorithm, with different formulations
for pure phase to attenuating objects. It aimseabmstructing the refractive index decrement of an
object in a single reconstruction step, but iteedyi, using the recorded intensities as input. \We u
the simulated intensities to test the proposedriligons, and present here the obtained resultsli¥ina
we discuss these algorithms and detail the pelispeact

Table of contents

O [ 1 {0 (U1t i o] o H TP PP PP PP PUPRPP P 155
2. Data simulation for propagation-based iMmaging............ueeeeieeeiiiiiiiiiiiiiiee e 156
2.a.  Numerical PhantOmMS.........coooiiii i r e e e e e e eeeaeeeeaees 158
2.0, ProOJECHONS CrEALION .....ceiiieiiiiiiitie et e e e e e e 158
2.c. Image formation models for in-line phase contrast..........cccceeeeeeiiiiiiieeiiee s 159
P2 o TR N\ (o 1T PP PPPPPPPPPPRPPPP 160
2.e. Interface with the Virtual Imaging Platform ..................cccc 161
2.0 PEISPECEIVES ...ttt ettt e e e a4 et e e e e e e e e e e e e 162
3. Theoretical formulation of the proposed algorithm.............ccccooiiiiiiiiiii e 163
3.a. Phase retrieval using the linear least squaresaaeth............ccccoooiieiiiiiiiiin v iceeen. 163
3.b. Combined algorithm for pure phase ObJECT ...........cooviiiiiiiiiiii e 164
3.b.i. FOIMUIALION ...t 164
3.b.ii.  Discussion of the proposed fOrmuUIALION ... eeeeeeeiiiiiiiiiiiee e 165
3.biii.  Finale proposed formulation............ ... i 166
3.c. Combined algorithm for mixed OBJECE .........comeiiii e 166
3.C.l. KNOWN @IEENUALION. .....eeiiiiiiiiiie it mmeee ettt 167
3.Cil. UNKNOWN @ttENUALION. .....eeiiiiiiieiiiieie e e e e 167
3.0, TV reQUIAISALION ....ceeiiiiiiiieiee ettt e e e e e e e e e e e e e e e e e e e e e aan 168
3.e. Implementation of the reconstruction framMeWOrK ..............cccvvvveiiiiiiiiiiiiiee s 168
3.f.  Numerical simulations and phase wrapping effect..............cccccoeeiiiiiiiiiieeeees 169
3.fi. Pure phase Sheep-Logan phantom ...........coeeiiiiiiiii e, 169

153



3.f.ii. Attenuating Phantom ... 170
3.0. Evaluation of the algorithms ..............ewceeeeeuiiiiir e 171
A, RESUIES ..ot e e et e e e e e e e e e e e e e 172
4.a. Phase retrieval and TV regulariSation .......ccccceevieeiiiieieieeieeeeieevieevevveeeeeee e 172
4.a.i. Pure phase object (Shepp-Logan) ... 172
d.a.ii.  Three-Wire PhantOM ..........ueuiiiiiiieriiiiii e sransrnanennne 174
4.b. Proposed combined algorithm ..o 176
4.b.i. Pure phase ODJECIS .......ovviiiiiiiiee s eeeeeeer e 176
4.b.ii.  Weakly attenuating ODJeCE .......ccoiiiiiii e 180
4.b.iii.  Strongly attenuating ODJECT...........cooiiiiiiiiie e 182
5. DISCUSSION .ttt eemem ettt ettt e e ekt e e e e eme e e e e e e e e e et e e e e e 183
6. CONCIUSION ...ttt ettt et ettt e e e e e e s emmn e e e e e e e e e st nnn e e e e e e e e e e aannnns 183
I o = =1 o =1 )= 184
LT (=T =] o [0 S PP P PP PRPP PP PP 518

154



1. Introduction

So far, phase tomography has mainly been considesed two-step processe. a 2D phase
retrieval step followed by a 3D tomographic recamdion step. The phase retrieval step usuallgseli
on linearization of the contrast model to achiefficient, filtering-based algorithms. The most well
known linear models include the transport of intgnequation (TIE) (Nugent, Gureyev, Cookson,
Paganin, & Barnea, 1996), the contrast transfection (CTF) (Cloetens et al., 1999), and the mixed
approach (Langer, Cloetens, Guigay, Valton, & Rg\2007), presented in Chapter II.

Some work has been done on improving the spatsalugon, still in 2D, by considering the full
non-linear problem, as the use, in phase nano-tcapbyg, of a non-linear conjugate gradient
algorithm to refine an initial reconstruction with linear algorithm (as presented in Chapter IV).
Davidoiu et al. investigated the use of the Frechet derivativedéfine a Landweber iteration
(Davidoiu, Sixou, Langer, & Peyrin, 2011), and Measnet al. used a non-linear filtering-based
approach (Moosmann, Hofmann, Bronnikov, & Baumba€ii0).

There are various ways to solve combined problemnimaging, and particularly in phase contrast
imaging. As an example, Nilchiaat al. (2016) recently proposed a combined method irirgrddased
radiography, which consists in denoising the alismmgmage while retrieving the phase information
from the measured radiographs, all being constddiryeT V-regularisation (Nilchian et al., 2016).

Combined methods in phase contrast tomography stanstombining the phase retrieval step, with
the tomographic reconstruction of the refractivdeix into a single step. Such methods have gained
ground during the last decade, since they enabéeldoconstraints in the object domain, or use less
data {.e. reduce the number of projections, to save time gose). Moreover, to further reduce the
assumptions on the imaged object, it seems thigt3 iterative algorithmsife. direct retrieval of the
complex refractive index) have to be used. Sucbratgns, extensively described in the Chapter I,
Section 6, are summed up in the following.

In 2013, Kostenkeaet al first proposed a combined method, using Pagammethod and a total
variation (TV) penalty term in the object domairy,the use of Fast Iterative Shrinkage-Thresholding
Algorithm (FISTA) (Beck & Teboulle, 2009). They moduced an algorithm that, albeit still requiring
homogeneous objects, allows to reduce the numberiests acquired in the tomographic scan
(Kostenko, Batenburg, Suhonen, Offerman, & van ty#913), and outperformed classical two-step
approaches. A few years later, this method wasadfiby Kongskowet al. (Kongskov, Jgrgensen,
Poulsen, & Hansen, 2016), by the use of a primal-dwethod (Chambolle & Pock, 2010) instead of
FISTA for the TV regularisation. Ruhlanet al. used a Gerchberg-Saxton type algorithm with a
consistency constraint, coupled to an algebraicogpaphic reconstruction technique (ART), to
reconstruct the complex refractive index (A. RuliarKrenkel, Bartels, & Salditt, 2014). Unlike
previous methods, their algorithm does not implyy amstrictive assumption on the object.
Nevertheless, it is unclear if this algorithm iHuet to phase wrapping, however, since it was only
demonstrated on weak objects. Two years later,dRalhland Salditt (Aike Ruhlandt & Salditt, 2016)
proposed to do first the tomographic reconstructod then perform the phase retrieval in 3D, to
achieve a more efficient phase reconstruction. Tddgorithm was tested on simulated data,
demonstrating that the method is robust to the gmees of Poissonian noise, as well as on
experimental freeze-dried cells (Bartels et al12)0In 2016, Anastasio and Chen (Chen et al., 2016
proposed to use a non-linear phase retrieval apetaased on the Frechet derivative (Davidoiu et al
2011), coupled to TV penalty terms. Notwithstandlitigs method was not robust to phase wrapping
(i.e.when the phase shift is larger thar).2
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The aim of this work is to combine iterative tomaginic reconstruction and phase retrieval to
retrieve directly the 3D refractive index distrilmut, with the intention to reduce the assumptions o
the imaged object by allowing less restrictive @idlo this aim, we present a new algorithm for 3D
refractive index retrieval that combines the CTH ahe simultaneous algebraic reconstruction
technique (SART) (Andersen & Kak, 1984).

2. Data simulation for propagation-based imaging

Synchrotron radiation beamtime is rare and nonheasiailable. To alleviate this experimental

limitation, and in order to test new algorithms, fivet propose to simulate propagation-based intgin
datasets of known objects. A few simulators havenbaeveloped for particular PCI set-up, that is
analyzer-based imaging (Khromova et al., 2010}jrggebased imaging (Wang, Huang, Zhang, Chen,
& Kang, 2009) and more recently propagation-baseahing (Peter et al., 2014), using Monte-Carlo
method (Binder & Heermann, 2002). Our idea wasetgetbp a simple analytical tool to simulate PBI

data, and to port it into the open-source Virtuabhging Platform (VIP) of Creatis (Villeurbanne,

France), so that it could be used by all the comnityun

In this section, we present all the simulation stegs depicted in Figure 1. The simulated acqorsiti
geometry is depicted in Figure 2. We first presér numerical objects that can be used in the
simulations. Given the linear attenuation coeffitiand the refractive index decrement volumes
(step 1), attenuation and phase projections amgestgstep 2, Section 2.b). They are used as toput
in-line phase contrast models, recalled in Sed@ienPropagated images can additionally be cordupte
by noise (Section 2.d). Finally, the interfacing tre platform, and the tunable parameters are
presented, as well as some perspectives.
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Figure 1: Scheme of the simulation workflow.
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Figure 2: Schematic of the acquisition geometry in X-ray in-line phase tomography, in 2D. The object
is here a polystyrene sphere, a transparent material. 6 denotes the rotation angle and D the
propagation distance.
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2.a.Numerical phantoms
These simulations were implemented for numericahpdms. The phantoms included so far are:
- a simple sphere, for which the user can choassiite and the composition
- a pure phase Shepp-Logan phantom, widely usetlimierical assessment of algorithms

- a three-wire phantom, inspired from a real phamtdesigned in the framework of an optimization
study for holotomography acquisitions (Frachonlet2®15). It is made of a wire of aluminum (Al) of
diameter 250um, a wire of magnesium (Mg) of diametd5um and a wire of polyethylene
terephthalate (PET) of diameter 200pum, as shoviaigare 3.

- another numerical phantom was derived from the mmreviously described. It is composed of three
wires, of fixed diameters (250, 200 and 125um),vitnich the material can be defined, given its
attenuation coefficient (in cm-1) and its refractive index decremépt

It is noticeable that, these phantoms can be u#itérein 2D {.e. the object is 2D, and the
corresponding simulated projections are in 1D),3@ (in this case, the object is 3D and its
corresponding simulated projections are 2D).

Figure 3: Example of an attenuation slice of the three-wire phantom. Wires, from left to right: Al, Mg
and PET, of diameters 250pum, 125um and 200pm respectively.

In addition, the simulation of data from any realxglated objects was developed to enable the
simulation of more complex objects. In this cabe, inputs are two .mhd volumes: one being the 3D
distribution of the linear attenuation coefficigntand the other being the 3D map of the refractive
index decremeng,, .

2.b.Projections creation

The Radon transform is performed using tleon( ) function of Matlab/Octave. It uses tipe or
6,-maps, as well as the tomographic angles as inphessnumber of tomographic angles is set by the
user, as well as the tomographic range (180° or°)36lhe projections can also be calculated
analytically, when possible. For instance, whendhject is a circle of radiug, centered inxy; v,),

its Radon transform at an angleRy g, can be expressed as:
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Rogw) = 24/152 — (u — xo cos(8) — y, sin(8))? (5.2.1)

The data are oversampled by a factor of 2 befoieghgropagated in the Fourier domain, to avoid
aliasing.

2.c.Image formation models for in-line phase contrast

The image formation models in propagation-basedjingawere extensively described in Chapter II.
Here, we briefly recall the context and the two miaiodels used for data simulations. The scheme
axis used is the same than previously: zkexis is the beam propagation axis, and the (x,y)
plane is the projection plane.

2.c.i. CTF model

The first model is the Contrast Transfer FunctiGi k). It is a linear contrast model, valid for atige
that have a slowly varying phase and are weakgnatting. CTF expresses the Fourier transform of
the recorded intensityl, o, as a function of the Fourier transforms of theageh shift and the

absorption, respectively denoted@sandBy:

iD,G(f) = Opirac(f) — 2 COS(TMD|f|2) Ee(f) + 25in(ﬂ)lD|f|2)(,l~)g(f), (5.2.2)
where ~ denotes the Fourier transform, &g, the Dirac distribution

2.c.ii. Fresnel model

The second model is the Fresnel model. It is lessictive than the CTF, since it has no assumption
on the phase or the absorption of the object. \taitd for spatially coherent beam illuminating an
object, The intensity recorded by the detectopraintermediate distand2 from the sampleHresnel
region), is:

Ine (@) = [upe@)|°, (5.2.3)

where
upg(x) = T‘lﬁDT{uo,e}(x). (5.2.4)

The operator§ andF~! respectively correspond to the forward and irwétsurier transform, and
Pp is the Fresnel propagator, which models the fpeee propagation over a distaizd Goodman,
2005), and is expressed as:

1 T
Pp(x) = = exp (iEIxIZ). (5.2.9

The Fourier transform of the Fresnel propagatexjmessed as:

Py (f) = exp(—imADIf?), (5.2.9
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wheref = (f, g) are the frequency variables correspondin@dq).

The two of these models can be used for data sfionga The Fresnel model is obviously very
realistic and relevant, since it does not assuragicgve constraint on the object, while the CEBF i
only valid for low attenuation and slowly varyindpase. Nevertheless, this model was included for
comparison.

2.d.Noise

The simulated projected phase images can alsorbgpted by noise. Since simulations deal with X-
rays, a Poisson noise model is known as more neleMevertheless, for high photons counting, as it
is the case here, the Poisson distribution appesahGaussian distribution. Thus, we let the user t
choose the noise distribution: Gaussian or Poidgiribution.

2.d.i. Poisson noise

The Poisson probability distribution function (pdf)parametef, is

ApXe‘AP

, (5.2.7)
X!

P, (X) =

where X is a random variable. The Poisson noise is gesgrliom the simulated data, using the
Matlab functionpoi ssr dn() . It generates random numbers (in our case, omgesimumber) from
the Poisson distribution of mean paraméetger The parametet, is set as the intensity value of the
“clean” simulated image:

Ap(x) - IDk(x). (528)
Then, the intensity is replaced by the generatedoau, leading to:
Ip, (x) = P, (X), (5.2.9)

X being an integer, chosen randomly. The noise leaelbe tuned by the user by specifying a scaling
factor.

2.d.ii. Gaussian noise

The Gaussian noise is added to the simulated W&tagenerate a noise map, following a Gaussian’s
distribution (Equation (5.2.10)) of meam and standard deviatios, using the Matlab function
r andn( ) and add it to the original image.

—(x—-m)?

e 20° (5.2.10)
X = ——
Pmo (%) =~

The user can tune the amount of additive Gaussmse by specifying the PPSNR (Peak to Peak
Signal-to-Noise Ratio), expressed (in dB) as:
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I
PPSNR = 20.log10< ‘”””) (5.2.11)

amp

wherel;,,is the maximum amplitude of the signaé(the recorded image), amg,,,,the maximum
amplitude of the noise.

2.e.Interface with the Virtual Imaging Platform

The Virtual Imaging Platform (VIP), developed ate@tis (Villeurbanne, France) is a versatile
platform dedicated to medical imaging simulatioB$atard et al., 2013). Currently, various modaditie
are available, such as magnetic Resonance Imadiij)( ultrasounds (US), Positron Emission
Tomography (PET) and X-ray Computed Tomography (CY¥)phase-contrast CT simulator was
missing. This work was done in collaboration witbri8a Pop from Creatis, for the porting of the
application to VIP.

We choose to develop only in-line phase contraddatity, since it is the modality we are interested
in. To this aim, we developed a Python interfacee (§igure 4), as an example of what our VIP
application could look like.

- GUI for simulation (PBI) + . 0X
[Circle! Phantom 3 wires | Custom object
Size of image
Radius of the circle (in pixels)
Coordinates of the center (in pixels)

X Ye

Linear attenuation coefficient u (in cm-1)
Refractive index decrement, delta (107°-7)

Absorption index, beta (10°-9)

Output directory Open

Output prefix

Energy (in keV) Add noise
Yes

Pixel size (in um) * No

If yes, how much?
Distances (in m), separated by a space PPSNR (in dB)

Direct model

Number of projections CTF
Fresnel
Oversampling factor Creation of sinogram
° 2 * Analytically
4 Using radon

Launch Simulation

Figure 4: Python interface for data simulation, when the object is a 2D-circle. The upper part (white
background) corresponds to the parameter related to the chosen object. The lower part (gray
background) refers to the general settings.
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The energy, the pixel size, the propagation diganas well as the chosen direct contrast moddF (CT
or Fresnel) can be set by the user, as well ag gtiaetical settings (output directory, name of the
output, ...). Once the settings are fixed, the sitmacan be launched. The simulation being finished
the propagated projections are then available amshibadable by the user.

The simulations were first proposed in 1ix. we begin with a 2D object, calculate the Radon
transform of this image, to get the 1D projectidhat will be propagated using the chosen phase
contrast model.

For 2D simulations, i.e. starting with a 3D objesk proposed a parallelization scheme, to benefit
from computational resources available on the dtidonsists in calculating the Radon transform of
each slice of the volume, in parallel. Since thpan usually takes long, benefiting from the reses

of several machines can reduce the computation tvieeobtained, for each slice, a sinogram.

We recombined each sinogram to get 2D projectiwhi&;h will be propagated in parallel. Finally, we
obtain a complete dataset of propagated projectasthe ones acquired at the ESRF.

To easily distribute our programs on different niaeh, we use the software Docker
(https://www.docker.com/). We are thus able to oum programs using the same operating system
(Centos) and the same version of the software @ctanwd the same libraries. In a few words, we build
an image of our environment (Docker image), whiah be copied on every machines, so that the
programs will run exactly the same, whatever thsterg OS and programs installed on it. It is ayver
interesting solution for parallelization, were timachines used can be very different from each other
The Docker image we used is available at:

https://hub.docker.com/r/camarasu/creaphase/

2.f. Perspectives

In medical physics, Monte-Carlo simulations haverbeidely used to model the transport of particles
(photons, electrons) in matter. The type of thermttion (Compton, Photoelectric, and Rayleigh) is
stochastic, conditioning the interactions of theipke with matter. Given the model of the consete
media and the source of the particle beam, we etermdine the evolution of every particle (energy,
direction) after each interaction using a Montel@€armulation. This simulation modality has been
considered as a powerful and accurate tool, toukste, for example, the energy deposit in every
position of a medium (radiation therapy planningatment) or the amount of scattered radiation
(radiology, CT). Moreover, it can handle complexmetries such as the anatomy of a patient.

An interesting perspective of this work is to impknt, on the VIP, a modelling that combines Monte
Carlo simulation of the stochastic process forrati¢ion imaging with an analytical model for free-
space propagation and phase shift. This is beimg dio collaboration with a trainee (Zhenjie Cen).
Moreover, to better fit with real experimental daitcould be worth to take into account the
distortions induced by the optical elements of beamline (slits, attenuators, monochromators,
mirrors, etc.) and transfer function of the detecto

The simulated data presented previously were wsezbst these proposed algorithms. It enables o pla
with the object composition (from pure phase olgjdot strongly attenuating objects), while varying
some parameters (propagation distances, pixeleeggy, data size, etc.).
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3. Theoretical formulation of the proposed algorithm

This section presents a new iterative algorithmploaise reconstruction in SR micro-CT, using multi-
distance propagation-based phase contrast imddmgo now, phase retrieval and tomographic
reconstruction were processed as two separatedeprebHere, the aim is to jointly reconstruct the
3D phase map from the propagated images (Figure 5).

Our approach combines a linearized version of thatrast model (namely the CTF, extensively
described in the Chapter Il) with an algebraic tgnaphic reconstruction method (SART, described in
the Chapter Il). We come up with the formulatioraof algorithm we named CTF-SART, formulated
for different types of objects: pure phase, andeaigbject with known or unknown attenuation. We
also consider including TV regularisation withiretreconstruction algorithm.

Classical phase

reconstruction workflow

@' P"T TR’ &
\Lh o

Iterative combined phase
i reconstruction workflow

Reg. % -

N N S

~ H(TR+PR)

>

Figure 5: Schemes of the classical phase reconstruction workflow (up), presented in the previous
chapters, and the iterative combined phase reconstruction workflow (bottom) proposed in this
chapter. “PR” stands for phase retrieval, “TR” for tomographic reconstruction, and “Reg.” for
regularisation.

3.a.Phase retrieval using the linear least squares method

In this section we give the expression of phaseatahuation using the linear least-squares method,
used later in the proposed combined algorithm.

The linear CTF contrast model (5.2.2) can be usexblve for phase (or attenuation) using lineastlea
squares optimization, assuming the attenuatiopliase, respectively) is known. We here express the
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estimation of the solution in three cases: knowanaiation, known phase shift, and non-attenuating
object (pure phase).

Assuming the attenuation at an an@lé,, is known, we can express the estimated Fouaastorm
of the phase shift at an andlejy, as:

Po(f)
f=12. sin(n)le|f|2)[ka_9 (F)+2cos(mAD | f|*)Bo () — 5Dirac(f)] (5.39
[XR=14.sin*(AD|f9)] + @

whereq is an arbitrary regularisation parameter, @gdesignates the estimated@j.

In the same way, if the phase shift at an adgle,, is known, the least square method yields an
estimation of the Fourier transform of the atteimraat an anglé, By:

Bo(f)
=K1 2.cos@AD |f1?)|Ip, 6 (F)—2sin(mAD | f|2) G () — Spirac(f)] (5:3.2
B [XX_, 4. cos*(mAD, |f1)] +

For a pure phase object, the cosine term disappetite CTF expression. The estimate of the Fourier
transform of the phas@y (f), then becomes:

k=12-5In(mADE | f1)[Ip,, 6 (F) = Opirac (f)]

[YK_, 4.sin2(mAD,|f|2)] + a (5.3.3

Po(f) =

The regularisation parameter should be set to avidwe, in order not to influence the denominator.
Some preliminary tests showed that setting theparameter t01073° is a good choice, to
quantitatively retrieve the phase.

3.b.Combined algorithm for pure phase object

Here, we combine CTF and SART to achieve a refraatidex retrieval algorithm, for pure phase
object.

3.b.i. Formulation

We start by expressing the Fourier transform of ithensity as a function of the refractive index
decrement, for a pure phase object (the attenutgiomvanishes):

- 2
o6 (F) = Spirac () + 25nGEADUSIDF |~ T Rebp| (. (639

whereRg is the projection operator at angleand¥ is the Fourier transform.

For simplicity, we rewrite this as:
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ka,G(f) = 6Dirac(f) +ADk(f)T[R96n](f)r (5-3-3

where Ap, (f) = —ZTN. 2 sin(mAD, |f?). (5.3.9

The contrast can then be written in the spatialaoras:

Ipo(x) =1 = F{Ap, FlRgSn1}(x). (5.3.7
Substituting the contrast operator ®iin the SART formula yields the following iteratidormula:

(t) (L 1)

() = 8,700 + [ {4p, FRe})|
I, = 1= {an, 7 g (6, ”)}}m 538)
X

7= {an, FRa3)|

3.b.ii. Discussion of the proposed formulation

In the following, we simplify and discuss the obtdl expression at Equation (5.3.8).

On one hand, the denominator can be simplifiedguBarseval’s theorem, yielding:

|7 {4, F {Re}}” |4p, F{Ra}|". (5.3.9

On the other hand, the transpose tffT{4, FR,}|', if seen as a product of matrices, can be
rewritten to:

- T -
[F~H{Ap, FRe}|" = Re"FTAL, [F1]. (5.3.10)
Ap, can be seen as a propagator, enabling to go @#gnto I, 4. Thus,AEk can be seen as a

backpropagator from the recorded intensity to thasp. This is performed using the least squares
method, and denoted dsp, .

Equation (5.3.10) is thus written:
[F~{4p, FR)|' = Re"FA_p, F (5.3.11)

For the denominator, we performed some unsuccegsfliminary tests keeping the whole term that
mixes the real and the Fourier domains. By exclydhre propagator from the normalisation term,
keeping only the Radon normalisation in the reahdin, the results seem better:

A0, FRe}|” ~ IIRe 1% (5.3.12)
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Concerning the choice of the algebraic tomograpbaonstruction algorithm, it is noticeable that
using SIRT {.e. calculate the correction projection by projectibnt go through all the projection
before updating the object) instead of SART wowddeljuivalent to perform a least squares approach
on all the projection, and then a tomographic retroation. This would be equivalent to a classical
two-step approach, but would enable the additiopradrs in the object domain. On the contrary,
using SART as tomographic reconstruction enablescdmbine the phase retrieval and the
tomographic reconstruction, by updating the recottd object at every projection.

Concerning the backpropagation using the leastrequaethod, we come up to two possibilities:

» either we iterate only on the projection anglestéad of iterating on the projection angles and
the propagation distances), and perform the clalslsast-squares on the intensities of all the
propagation distances.

e or we iterate over the projection angles and thapagation distances, and we perform a
“shortened least-squares”, that consists of peiifayra least square on one distance instead of
on all the propagation distances.

3.b.iii.Final proposed formulation

Combining the proposed simplifications, we comenmith the following formulation:

OE)
~5 @

( - (i-1)

Ipe(x)—1-F 1{ADkT{R9 . }}( ) (5.3.13)
+Re"F 1A F

IRl J

Noticing that applying consecutively the forwarddanverse Fourier transforms leads to the identity,
as well as applying consecutively the operadtgrandA_,. The previous expression is rewritten:

6, ~ 6, ")

s (i-1)
F- 1A DkT{IDk Q(X) - 1} :RG

IRo 12

x0)}]  (6.3.14)

+ Ry

This formulation was tested on simulated pure pliasa.

One iteration of the proposed formulation (5.3.1gh)performed by sweeping randomly all the
projection angles and all the propagation distances

3.c. Combined algorithm for mixed object

A mixed object designates an object that inducek btienuation and phase shifts of the incident X-
ray wave. The absorption term in the CTF (Equafm@.2)) cannot be neglected anymore. The idea
here is thus to iterate alternately on the absomgtidex (or the refractive index decrement), keepi
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the refractive index decrement fixed (or the absonpindex, respectively), therefore assuming it is
known.

3.c.i. Known attenuation

We first assume that the attenuatioe, the absorption inde& is known.

At one angl&d, the CTF becomes:

Iowo () = ko(F) + Ap, (NF RS (f) (5.3.15)

with Ap, () = —‘;—” sin(mAD,|f1%) (5.3.16)
21

and Ko () = Birac(f) = 2 cos(mADIf ) F { = R} () (5:317)

Separating the known terms from the unknown tegads to:

Ip, 0 (X) — F{kg}(x) = F 1 {ADkT{Re (5n)}} ) (5.3.18)

This problem can be solved using the SART by:
5. (x)
=5 (5.3.19)
- - ~ (i-1) 3.
r g0 (%) — F {ke}@) = F {45, F{Re (8, )} 0}

7= {an o]

+ |71 {4p, FiRe}}]

From the simplifications discussed in the previsestion, we obtain:

F1 {A—Dk{ka,G - ke}} (x) — {Regn(i_l)

IR 12

} ) (5.3.20)

NG o (-1)
b () =6 T+ Ry

It is noticeable that the terfA~! {A_Dk{ka‘g - ke}} can be calculated once, before iterating on the
refractive index decrement.

3.c.ii. Unknown attenuation

If the imaged object is attenuating, but the atigion is unknown€.g.in nanotomography, we do not
have access to an attenuation scan for instruni@mtaasons), the problem has two unknowns.

In this case, we first assume that the refractdex decrement,, is known. The CTF can then be
rewritten as:
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Ino (D) = lo(F) + Cp, (HF{ReBI) (5.3.21)

with
Cp,(f) = —L;—ncos(n/lelflz) (5.3.22)
and
21
1o (F) = Boirac(F) + 25in(ADIf ) F {~ = Robu} () (5.3.23)
leading to
Ip,,6(X) = F~Hlg}(x) = F 7 {Cp, F{Ref}} (%) (5.3.24)

In the same way than for known attenuation in thevipus section, we obtain the following
formulation:

F A {Ippe — lo}} (0 — {RePTV} () (5.3.25)

3D (x) = BV (x) + Ry
B (x) = p*"7(x) + Ry Ral?

Combining Equations (5.3.20) and (5.3.25) let ustdmate alternatively between the absorption
index and the refractive index decrementassuming turn by turn that the refractive indegrdment
and the absorption index (respectively) is knowmisTould lead to retrieve both indexes iteratively

3.d.TV regularisation

TV denoising can be enforced at the end of eachtita.

To do so, we used the TVAL3 Matlab solver, devetbpg Li et al. (Li, Yin, Jiang, & Zhang, 2013),
using augmented Lagrangian and alternating dinectitgorithms for anisotropic total variation
minimization. We enforce a positivity constraintthie solution, since the retrieved values,pfor )
are positive. The minimized objective function is:

Y IIDiball, st 8420 (5.3.2
i

where|. ||, is the 1-normp;é,, is the discrete gradient vector&f at positior.

3.e.Implementation of the reconstruction framework
Here, we present the numerical implementation efpftoposed framework. Projections and distances

are randomly swept. The projection loop and théadise loop could be permuted, in an equivalent
way.
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## Loop
for it=1l:iterations
for j=1:projections
for k=1:di stances
1/ Projection of delta_rec at the angle |j
2/ Propagation of this projection
3/ Calculation of the difference between neasured
and propagated projection
4/ Phase retrieval on this difference using | east
squar es
5/ Normalisation of the difference
6/ Backprojection of the difference
7/ Apply a mnmask on the reconstructed image
(constrained to be null outside the object)
8/ Update delta_rec
end of sweeping the distances
end of sweeping the projections

9/ (optional) Apply TV regul arisation on the result
end of iterations

3.f. Numerical simulations and phase wrapping effect

The X-ray energy used for these simulations wase¥9knd the pixel size was 3.5um, which
corresponds to common experimental conditions erbdamline ID19 of the ESRF.

3.f.i. Pure phase Sheep-Logan phantom

We simulate a pure phase object using the ShepprLpbantom, of dimensions 256x256. The 2D-
attenuation map was null, and the @8Dmap was the numerical Shepp-Logan phantom, wilhega
rescaled between 0 arl®~° or 1077; in the first case, the phase ranges between Rargb, thus
largely exceeding®2(Figure 6). In the second case, the phase rarggegén 0 and 2.24, being lower
than . Based on the energy and pixel size, the fouowolig propagation distances were chosen
according to Zableret al. (Zabler, Cloetens, Guigay, Baruchel, & SchlenkerQ03):
D=[0.303; 0.636; 1.635; 1.968]m. 360 projections avesimulated over a 360° angular range.
Detection was simulated by possibly adding noisdghsd the Peak-to-Peak Signal to Noise Ratio
(PPSNR) is equal to 48 dB in the simulated intésitvhich is in agreement with the amount of noise
observed in data acquired at the ESRF.
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(b)

2.Pi.radon(delta)/lambda (no unit)

1] S0 100 150 200 0 300 350 400
Position on the detector (in pixels)

Figure 6: (a) Original object, a modified Shepp-Logan phantom, and (b) a phase projection. Note that
the phase exceeds 2.

3.f.ii. Attenuating phantom

We used an attenuating numerical phantom, insgisethe one used in the study of Fracletral.
(Frachon et al., 2015), to test the robustnesdgoirithms facing attenuating objects. The phantem i
described in details in Section 2.a. The attenoadiod/or the phase maps were possibly reduced by a
factor of 15, the phase shift ranging, in this ¢césen 0 to 3.93 (lower thant. If no phase reduction,

@ ranges from 0 to 58.03. Three propagation distmare chosen according to the study of Frachon
et al. (2015):D =[0.100; 0.280; 1.056]m. 599 projections were sated over a 360° angular range.

2

S00 1000 1500 2000
Position on the detector (in pixels)

Figure 7: (a) §,-map of the three-wire phantom (Al, Mg, PET) used in the study of Frachon et al.
(Frachon et al., 2015), and (b) a phase projection map.
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Figure 8: Attenuation map of the 3-wire phantom.

As mentioned in several publications (Chen et2416; Davidoiu, Sixou, Langer, & Peyrin, 2013;
Sixou, 2014), the phase retrieval can suffer figmase wrapping effegtsvhen the retrieved phase
exceeds 2 Ruhlandet al. used a Gerchberg-Saxton type algorithm with aisterecy constraint to
reconstruct the complex refractive index (A. Ruldliaet al., 2014). It is unclear if this algoriths i
robust to phase wrapping, however, since it wag deimonstrated on weak objects.

3.g.Evaluation of the algorithms

We mainly test the algorithms on the presented: dhata modified Shepp-Logan phantom for pure
phase objects, and the three-wire phantom for w@térg object.

The three-wire phantom is made of PET (a weaklgnathting material), Al, and Mg, as described
above. The Table 1 presents the theoretical vaifiise linear attenuation coefficient(in cri®), the
absorption indeg and the refractive index decreméptfor the cited material, at 19keV.

Material @ (um) u(cm™) B (10°) 8, (107 5,/B
Al 250 10.78 5.59 15.03 268
Mg 125 5.57 2.89 9.92 343
PET 200 0.89 0.46 8.27 1797

Table 1: Diameter of each wire (in microns), and theoretical values of the linear attenuation
coefficient y, the absorption index B, the refractive index decrement &, and the ratio &,/ for the three
studied materials (Aluminum, Magnesium, and Polyethylene Terephthalate), at 19keV.

Moreover, we tested the algorithm on 2D data, the reconstructed objects are 2D, and the
corresponding projections are 1D. In the absencgat$factory results, we did not perform further
tests in 3D, but the theoretical part describedvabmight as well be applied on 3D reconstructed
object.

To quantitatively evaluate the reconstructed réifracindex decrement slice, we calculated the
normalized error (NE), and the relative standandatimn (RSD), for each of the three materialsha t
wires phantom, and for selected regions of the Sh&gan phantom (as depicted on Figure 9).
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Figure 9: ROIs selected for qualitative assessment on the Shepp-Logan phantom reconstruction. The
upper ROI corresponds to bone, the middle ROI to soft tissues (ST) and the bottom ROI to air.

The NE, expressed in percentage, is defined as:

Spin— 6
NE(%) = 100."'”16—;1"’"9“, (5.3.27)
n,

whereé,, ., andd, meqs Stand for the theoretical the measured (mean)evafuthe refractive index

decrement, respectively. The smaller the NE isntbee correct are the reconstructgdvalues with
respect to the expected theoretical values.

The RSD, expressed in percentage, is defined as:

0-671 meas
RSD(%) = 100, —nmeas, (5.3.28)

6n,meas

wheregs  is the standard deviation of the measured valubefefractive index decrement, and

Onmeas 1S the mean measured value of the refractive inigexement.

4. Results

4.a.Phase retrieval and TV regularisation

The following section presents the results of thase retrieval step only, using least squares rdetho
adding, or not, TV regularisation, for differentrgilated images (pure phase object and attenuating
object). TV denoising is enforced on the retriepbdse maps, before the tomographic reconstruction.
The phase was retrieved in 1D on projection, arndslice is reconstructed using FBP.

4.a.i. Pure phase object (Shepp-Logan)

Using CTF as the forward phase contrast model &in égimulation, the results are qualitatively
satisfying whatever the range of the phase shédt phase wrapping or not). The normalized error
ranges from 2.63% to 7.33%, using, or not, TV ragshtion (Table 2).
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Forward contrast model : CTF
gaussian noise (48 dB) no noise
No phase wrapping Phase wrapping
theoretical No TV TV theoretical No TV TV

value denoising denoising value denoising denoising

NE (%) bone 2,63E+00 2,95E+00 5,26E+00 2,60E+00
RSD (%)
bone 1,00E-07 2,19E+00 2,37E+00| 1,00E-06 4,60E+00 9,92E-01
NE (%) ST 6,33E+00 6,33E+00 7,20E+00 7,33E+00
RSD (%) ST | 3,00E-08 2,98E-01 2,76E-01 | 3,00E-07 2,57E-01 2,35E-01

Table 2: Normalized error (NE) and Relative Standard deviation (RSD), expressed in percentage, for
bone and soft tissues (ST). The data were simulated using CTF as forward contrast model. The results
are calculated for data presenting no phase wrapping, but additive Gaussian noise (48dB) and for
unnoisy data but with phase wrapping.

Consequently, a linear phase contrast model enablestrieve quantitatively the phase on a pure
phase object, whatever the range of the phase(Bhgfire 10).

9, (10°)

0.97
0.73
0.49
0.25

0.00

Figure 10: Example of retrieved phase for data simulated using the CTF model, with phase wrapping
and additional gaussian noise (48dB). TV denoising was added after the phase retrieval.

Using Fresnel as the forward phase contrast magtedldta simulation, the results are qualitatively
satisfying if there is no phase wrapping, as degiét Figure 11. Quantitatively, the error rangesnf

3 to 6.33%, if no phase wrapping, which looks reatte. On the contrary, if the phase shift is highe
than Zr, the error is around 16 to 19% (Table 3), andrém®nstructed phase map presents artefacts.
The strongly attenuating structure, mimicking tlo@ds, could be responsible for such artefacts.
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Figure 11: Reconstructed phase without (a) and with (b) phase wrapping effect.

Forward contrast model : Fresnel
gaussian noise (48 dB) no noise
No phase wrapping Phase wrappin
theoretical No TV TV theoretical No TV TV

value denoising denoising value denoising denoising

NE (%) bone 3,30E+00 3,63E+00 1,93E+01 1,94E+01
RSD (%)

bone 1,00E-07 3,07E+00 3,25E+00| 1,00E-06 4,62E+00 4,53E+(

NE (%) ST 6,33E+00 6,33E+00 1,66E+01 1,66E+01

RSD (%) ST | 3,00E-08 2,79E-01 3,25E+00 | 3,00E-07 6,28E-01 6,12E-01

Table 3: Normalized error (NE) and Relative Standard deviation (RSD), expressed in percentage, for
bone and soft tissues (ST). The data were simulated using Fresnel as forward contrast model. The
results are calculated for data presenting no phase wrapping, but additive Gaussian noise (48dB) and
for unnoisy data but with phase wrapping.

As a conclusion, if one uses the CTF as directrashimodel, the reconstruction will always be close
to the ground truth, because the direct and forwawdels are the same in this case. Nevertheless, th
CTF poorly describes the Fresnel diffraction pheeoom, particularly in case of strong objects. On
the contrary, the Fresnel model is more realidtitt, also potentially induces more errors in the
reconstructed phase, as the object is harder.préiBninary result can be helpful in the evaluatain
the proposed combined algorithm. Moreover, we iloat the regularisation of the result shows not
outstanding quantitative improvement (see NE anD)RBrobably because little noise was added; but
it qualitatively enables to get rid of possible amstruction artefact at the borders of the image
(smoothing of the reconstructed image).

4.a.ii. Attenuating object (three-wire phantom)

For data simulated using the CTF as forward contraslel, the retrieved refractive index decrement
show very good agreement with the theoretical \v&lwdth normalized error being lower than 1%,
even if the data are noisy or have large phasésshif

As an example, Table 4 presents the results oagtdfie index decrement of the three considered
materials. They were obtained using the least squethod for phase retrieval, followed by FBP, for
simulated intensities at three propagation distsnegthout any reduction of phase or attenuation.
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This can be considered as the “worst” case, siheeattenuation is not weak, neither is the phase
variation. The attenuation is assumedly known. Theaesponding reconstructed map and a line
profile are shown in Figure 12. We notice thattheonstructed slice is a bit blurred around thesedg

of the wires.
Th tical | M d Standard deviation of
va(leuoeri Ica \;eaitlr}err;easure measured value | NE (%) | RSD (%)
Material mth nmeas Snmeas
Al 1,50E-06 1,49E-06 1,49E-06 0,67 3,90E-p2
PET 9,92E-07 9,88E-07 9,88E-07 0,41 4,48E-D1
Mg 8,27E-07 8,25E-07 8,25E-07 0,23 6,22E-D2
Bacg;i:;)und 0 -1,33E-09 411E-10 X X

Table 4: Normalized error (NE) and Relative Standard deviation (RSD), expressed in percentage, for
the different materials (Al, PET, Mg, air). The data were simulated using CTF as forward contrast
model, without any attenuation/phase reduction (u lies in the range [0 : 10.78]cm! and ¢ lies in the

range [0 :22.4]). The cross (X) indicates an undefined result (division by zero).

1.000E-7

o
S
i
«©

Gray Value

0.000E0
0 50

Save...

Copy...

100 150 200
Distance (pixels)

Live

250 300

Figure 12: Reconstructed &,-map for conditions described above (CTF as forward model, no
attenuation and phase reduction).

For data simulated using Fresnel contrast modelrdbults are satisfying if the attenuation is oedu

Actually, Figure 13 suggests that strong attennagamore critical than the phase wrapping for phas
retrieval using least squares.
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0.37
(a) -0.72
-1.81
-2.90
3.9

3 (10°)

Figure 13: Retrieved refractive index decrement for: (a) the original data (no phase or attenuation
reduction), (b) a phase reduction by a factor of 15, (c) attenuation reduction by a factor of 15.

Moreover, if we considered three wires all madelastic, without any attenuation or phase redugtion
we achieve satisfying results, as presented ineTabl

Theoretical | Measured mean | Measured

é6,value 6, value standard deviation | NE (%) RSD (%)
PET 8,27E-07 8,53E-07 8,19E-09 -3,16E+00| 9,61E-01
Background
(air) 0 1,00E-08 9,26E-09 X 9,26E+01

Table 5: Retrieved §,,-values, for a three-plastic wires phantom, with corresponding normalized error
(NE, in %) and relative standard deviation (RSD, in %). The cross (X) indicates an undefined value
(division by zero).

This leads to conclude that a strongly absorbimgcgire is more critical for quantitative phase
retrieval than a structure inducing large phasdtsshwhich is in agreement with CTF validity
conditions.

4.b.Proposed combined algorithm

In this section, we present the results obtain@sgu$ie innovative proposed algorithm, on simulated
data, in various conditions.

4.b.i. Pure phase objects

First, the results of the combined algorithm (wit4 regularisation at each iteration), on simulated
intensities of a pure phase object, without additbnoise, are presented on Figure 14 and Figbire 1
The reconstruction was performed based on EqudBidhl4). The results are presented for data
simulated using the Fresnel model as direct cantnaslel, because it was the more critical case. The
retrieveds,,-map was initialized to zero. The number of itenas was set experimentally, so that the
results converge. The regularisation parameter seasto 1073°, according to the phase retrieval
preliminary study (Section 4.a).

Figure 14 shows the reconstructg@dmap (on the left), with a corresponding profila the right), at
different iterations (1, 20 and 40). We note ttreg teconstruction becomes sharper as the iteration
increases. To assess the quality of the recongtnualong the iterations, we plot the normalizeer
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for bone- and soft tissues-like materials (FiguEg. We can see that the solution converges to a
normalized error around 15%; so, the phase is sd@caurately retrieved as desired. We notice an

offset at the border of the image (visible on thatpd profile).

100 150
Distance (pixels)

Figure 14: Retrieved §,-map for data simulated with Fresnel as contrast model, without noise, and
phase exceeding 2m. The resulting map (on the left), and a corresponding profile (on the right) are
presented at (a) the 1+t iteration, (b) the 20t iteration, and (c) the 40" iteration of the proposed

algorithm.
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Figure 15: Normalized error (NE), in %, for Soft tissues zone and Bone zone, as a function of the
iterations, for unnoisy data.

Then, we used the same data, with addition of ngist® 48dB PPSNR. The results are presented, the
same way as previously, on Figure 16 and FigureFigure 16 shows the reconstrucggmap (on

the left), with a corresponding profile (on thehtlg at different iterations (1, 20 and 40). Wet fitee
normalized error for bone- and soft tissues-likaamals, as a function of the iterations, on Figlire

We can see that the solution converges, but theeplsanot accurately retrieved. Surprisingly, the
result of noisy data seems to be sharper than wiithoise. We notice an offset at the border of the
image (visible on the plotted profile). If puttitige borders at zero, the delta values would beechas

the theoretical values. This could show that tigerthm is robust to the presence of noise.
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Figure 16: Retrieved d,-map for noisy data simulated with Fresnel as contrast model, and phase
exceeding 27. The resulting map (on the left), and a corresponding profile (on the right) are presented
at (a) the 1stiteration (b) the 20t iteration, and (c) the 40t iteration of the proposed algorithm.
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Figure 17: Normalized error (NE), in %, for Soft tissues zone and Bone zone, as a function of the

iterations, for noisy data.
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4.b.ii. Weakly attenuating object

In a second time, we applied our proposed algorithee Section 3.c.ii) on weakly attenuating object.
For the sake of computation time, the reconstruntedje was cut to 256 x 256 pixels. We tested the
algorithm proposed in, on the three wires phantoomposed of Al, Mg and PET), but we reduced its
attenuation by a factor of 15. Note that even & #itenuation was reduced, it is no-null (the linea
attenuation coefficient, in this case, ranges [0.08:1.07] cm™?, roughly corresponding to air and
soft tissues at imaging energies.

The reconstruction was performed based on Equéi@n20). The retrieved,,-map was initialized to
zero. The number of iterations was set experimgntsd that the results converge. The regularisatio
parameter was set 1®3°, according to the phase retrieval preliminarggt(Section 4.a).

Data were simulated using the Fresnel model. Theltseare presented in Figure 18 (reconstructed
&,-maps and profiles) and Figure 19 (normalized &reds in the previous section, results converge,
despite being not fully quantitative. The errore around 5% for weakly attenuation material, and
around 10% for aluminum, a more attenuating mdteria
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Figure 18: Retrieved &,-map for data simulated with Fresnel as contrast model, without noise, and
phase shifts exceeding 2m. The attenuation map was reduced by a factor of 15. The resulting map (on
the left), and a corresponding profile (on the right) are presented at (a) the 1+ iteration, (b) the 15t
iteration, and (c) the 30t iteration of the proposed algorithm.
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Figure 19: Normalized error (NE), in %, for Al (red), Mg, (green) and PET (blue), as a function of the
iterations of the proposed algorithm. The attenuation was not reduced, and the CTF contrast model
was employed. No noise was added on the simulated intensities.

As a comparison, we perform the same study onsiatalated with CTF as contrast model. As Figure
20 and Figure 21 show, the results are very saiigfyvhether it be qualitatively or quantitatively.
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Figure 20: Retrieved 6,,-map for data simulated with CTF as contrast model, without noise, and phase
shifts exceeding 27. The attenuation map was reduced by a factor of 15. The resulting map (on the
left), and a corresponding profile (on the right) are presented at (a) the 1¢ iteration, (b) the 15t%
iteration, and (c) the 30t iteration of the proposed algorithm.

181



NE for Alminium e
NE for Magnesium
NE fOr PET s

0 5 10 15 20 25 30
Iterations

Figure 21: Normalized error (NE), in %, for Al (red), Mg, (green) and PET (blue), as a function of the
iterations of the proposed algorithm. The attenuation was not reduced, and the CTF contrast model
was employed. No noise was added on the simulated intensities.

4.b.iii.Strongly attenuating object

Finally, we test the combined algorithm on the é¢hwdre phantom data, without reducing the
attenuation. No noise was added on the simulateghsities, and Fresnel and CTF were used as
contrast models.

The reconstruction was performed based on Equéi@20). The retrieved,,-map was initialized to
zero. The number of iterations was set experimigmtsd that the results converge. The regularigatio
parameter was set t073%, according to the phase retrieval preliminarydgt{Section 4.a). The
corresponding retrieved phase maps are presenteijore 22.

Figure 22: Retrieved §,-map of a strongly attenuating object, using the combined algorithm. Data are
simulated using (a) the Fresnel contrast model and (b) the CTF contrast model.

The Fresnel model is more realistic, because it dme required any restrictive assumptions on the
object. Therefore, our proposed algorithm does Ieatl to satisfying results, when applied on
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attenuating object. For completeness, we assessiihieof the reconstructed quantities, as a foncti
of the iterations (Figure 23). The error exceedgei® orders of magnitude for all the material,
whether it be weakly or strongly attenuating.
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Figure 23: Normalized error, in %, for Fresnel data of attenuating object.

5. Discussion

We presented the first results obtained with thewoed algorithm. One advantage of the combined
approach is that it enables the introduction ofulagsation in the object domain. We obtained
encouraging results for pure phase and weakly wtarg objects. However, the results show that we
may obtain large errors in some situations, pderty for strongly attenuating objects. It seematth
the model employed for the simulation of the ddsaypa predominant role in the algorithm. Actually,
the Fresnel model induces larger errors in thenstcoction, but is also more realistic since itsloet
assume restrictive constraints on the object. Tiberetical formulation of our proposed algorithm is
probably limited because of the linear contrast ehaded, which makes it restricted to a certaire typ
of object (slowly varying phase and weakly attemgabbject). To go further, the mixed approach
(Guigay, Langer, Boistel, & Cloetens, 2007) coutddmnsidered as contrast model employed in the
combined phase reconstruction method.

6. Conclusion

In this chapter, we presented a tool developedglfase-contrast data simulation, and ported on the
Virtual Imaging Platform. Secondly, we set up thedretical formulation of a new algorithm that
combines phase retrieval with tomographic reconttyn, and includes TV regularisation. It enables
the introduction of a priori in the object domaB8ome preliminary results, obtained on simulated,dat
are then presented. Thanks to tailor-made simulddta, we investigated several objects (pure phase,
weakly attenuating, strongly attenuating), and eat@d qualitatively and quantitatively the results.
We showed that the results are very dependent ercohtrast model used, and the algorithm is
probably restricted to weakly attenuating objects.
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7. Perspectives

Further investigations on running this algorithmdgolving the attenuation and the phase, turn by, tu
should be considered.

In a practical point of view, and for the sake oimputation time, the ASTRA toolbox is worth
considering, particularly when it comes to 3D (Vsarle et al., 2015). This would be true for both
simulations and phase reconstruction algorithm.odohately, in this work, we failed to use it,
because of compatibility between Octave and thibdxg but it seems possible since recently using a
Python overcoat layer (Pelt et al., 2016). Thip stepears to be crucial for the implementatiorhaf t
work on real and 3D data, usually much larger tihawone employed here.

The reconstruction with less data is also a paemtivantage of such combined and regularised
method, and could be investigated. Actually, theoofuction of constraints usually enables to aahiev
the same reconstruction quality with less data. Magr benefit of this, particularly when it comes
synchrotron data, is the potentially reduced tinsansand delivered dose when acquiring less
projections; it could facilitate the imaging of mosamples, eveim vivo imaging, or reconstruct data
from sparse acquisition, as it is the case in #aoence tomography for example.
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Conclusions et perspectives

Dans ces travaux, nous présentons des développeetatds applications de la tomographie de phase.
En effet, cette nouvelle technique qui offre untcaste bien supérieur a celui de I'absorption, pdss

de nombreuses applications potentielles pour I8tigation des tissus biologiques. Nos travaux se
sont essentiellement concentrés sur des systemascde-tomographie et de nano-tomographie de
phase par propagation, développés sur des lignesurd&re a I'ESRF (Grenoble), pour les
applications au tissu osseux.

Les deux premiers chapitres ont été consacrésraaxte des travaux.

Nous avons rappelé en détail les principes physiges interactions entre les rayons X et la matiere
ainsi que les principes physiques sous-jacentoatraste de phase. Nous avons ensuite introduit les
notions de tomographie et de tomographie par cstetide phase. Un deuxiéme chapitre a été employé
a présenter les différents modéles de contrasphase, ainsi que les méthodes d’estimation de phase
existantes. La plupart de ces algorithmes fontpdiiése d’objets observés homogénes, comme c’est
le cas pour la méthode de Paganin, largement édili€ette méthode trouve ses limites dans
I'estimation des informations de hautes fréqueneespnduit donc & un résultat souvent légerement
flou. Pour pallier a cela, I'acquisition multiple dcanographes est couramment utilisée. Des méthode
basées sur un modele de contraste mixte ont akdrsdéveloppées, et permettent I'imagerie
quantitative d’objets supposés homogénes ou héédesgy Ces méthodes sont régularisées via
l'introduction d’a prioris dans le domaine des puatjons. Néanmoins, I'acquisition multiple de
données se fait au détriment de la dose délivrée éémps de scanographie. D’autre part, I'ajout de
régularisation dans le domaine des projectionst pas forcément idéal ; par exemple, I'emploi de
régularisation TV, qui favorise une image homogpae morceaux, a plus de sens dans le domaine
objet que dans celui des projections. L'emploi gbaithmes itératifs régularisés pourrait alors
permettre I'utilisation de moins de données, réhti@lors la dose délivrée et le temps d’acquisitio
ou l'ajout de régularisation dans le domaine olpeitét que dans celui des projections. Ainsi, nous
avons présenté, a la fin de cette partie relativeantexte des travaux, les méthodes qui visent a
combiner I'estimation de phase et la reconstrudibmmographique en une seule étape.

Les trois autres chapitres ont été dédiés auxibotibns apportées par ces travaux.

Dans une premiere étude, nous avons appliqué leoftimographie de phase a des biomatériaux
ensemencés de cellules osseuses. Les cellulessess&tudiées ici étaient les ostéoblastes,
responsables de la formation de I'os, et les oktétas qui induisent au contraire la résorptiofiate
Nous avons présenté différentes méthodes d'estimaté phase : la méthode de Paganin, qui fait
I'hypothése d’'un objet homogene, et les méthodeédmsur le modeéle de contraste mixte, qui ont été
adaptées a des objets homogénes, ou hétérogénespa@tisent des a prioris dans le domaine des
projections. Nous avons d’'une part automatisé ¢egssus de reconstruction en micro-CT de phase,
qui rend le traitement des acquisitions plus singbleapide, laissant plus de temps pour I'analyese d
données. Cette automatisation a pu étre utilisg@atigue, et prochainement valorisée sur des image
de dents, dont l'analyse est en cours. D’autre, pastis avons montré que, dans le cadre de
I'holotomographie, [I'utilisation de méthodes régiddes avancées permettait d’améliorer
qualitativement et quantitativement la reconstarcipar rapport aux méthodes employées jusqu’ici.
Nous avons également quantifié les différentes gghaomposant les échantillons (a savoir les
cellules, le biomatériau, I'os nouvellement formaur les échantillons étudiés, nous avons montré
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gue la présence d'ostéoblastes augmentait la past mbuvellement formé, contrairement a la
présence d’'ostéoclastes. Malheureusement, le nopduretlevé d'échantillons, et I'acces limité au
rayonnement synchrotron, n’a pas permis d’en @es conclusions statistiguement significatives.
Néanmoins, nous avons développé les protocoles letsnp’acquisition, de reconstruction et
d’analyse pour ce type d’échantillons.

Une seconde étude a été consacrée a la nano-tgghagoe phase sur des échantillons d’os humains.
Nous avons imagé et reconstruit les volumes 3D Hesiqurs échantillons (sain, souffrant
d'ostéoarthrose et souffrant d’ostéoporose), esreons présenté plusieurs outils d’étude visant a
caractériser la structure fine de ces échantilldpses avoir décrit les méthodes d’estimation dasgh
propres a la nano-CT de phase, nous avons prasemiguvel outil automatique visant a recaler entre
elles les projections acquises a différentes distade propagation. Pour ce faire, il utilise
linformation mutuelle plutdét qu’un critere de célation, utilisé habituellement. Nous l'avons
appliqué sur des données réelles, et nous avongéruiil est souvent plus robuste que le criteze d
corrélation classique, en plus d'étre completemautiomatisé. L’application de cette technique
d’'imagerie a I'os nous a permis d’avoir une visiapprofondie du réseau cellulaire osseux. Par
exemple, nous avons pu déterminer le volume atrlad des lacunes, et comparer nos résultats avec
ceux d'études menées par d'autres instituts deerebbs. Nous avons présenté des outils dédiés a la
caractérisation de la minéralisation de l'os et'aridntation des fibres de collagéne. Une telle
caractérisation peut permettre de mieux compretedrgropriétés de I'os, probablement liées a sa
pathologie.

La derniére étude a été dédiée au développemelgodtames de simulation et de reconstruction
d’'images de phase tridimensionnelles. Nous avomsgse un outil de simulation d'image en contraste
de phase, analytique. Cet outil, nommé « CreaPhaseété porté sur la plateforme d'imagerie
virtuelle VIP (Creatis, Villeurbanne, France) afitle la rendre accessible a toute la communauté
scientifique. Ceci a également permis de mieuxésgnter la modalité de contraste de phase sur la
plateforme. Des axes d’amélioration, tel que leetldppement d’'un code Monte Carlo pour la
simulation de contraste de phase, est en courke figais d’'un stage. D’autre part, nous avons étudi
plusieurs algorithmes pour la reconstruction desphen 3D, que nous avons ensuite pu tester sur des
données simulées. Ces algorithmes sont innovamtgscaombinent I'estimation de phase avec la
reconstruction tomographique en une seule étagmravant découplées en deux étapes distinctes.
Pour ce faire, nous avons utilisé un modéle derastat linéaire, couplé a un algorithme algébrigeie d
reconstruction tomographique. Ceci nous permetapi@urs I'ajout de régularisation TV (Variation
Totale) dans le domaine objet, alors qu'elle étmiparavant introduite dans le domaine des
projections. Les résultats obtenus sont prometiguaed il s’agit d’objets dont I'atténuation esbfa

ou connue, mais montrent des limites pour des shjes atténuants, ce qui est néanmoins cohérents
avec les hypothéses de validité du modéle de ciatmmployé. Ce travail ouvre le champ a de
multiples perspectives d’amélioration et de rechercemploi d’autres types de régularisation, ou
d’autres modéles de contraste moins restrictifslgu&TF, comme le modele mixte, par exemple. Les
applications et le potentiel de ce type d’algorighsont diverses : reconstruction de données agjuise
avec peu de projections (qui limiterait ainsi lenpes d’acquisition et la dose délivrée), reconsiounct

de données volumineuses, etc. La possibilité di@wenstruction quantitative d’objet hétérogéenes
s'avére également particulierement intéressanter fiouagerie de [larticulation du genou par
exemple, sans ajout d’'agent de contraste, carallgerégion comprend des tissus mous, de l'os, du
cartilage et des vaisseaux. Ainsi, nous avons dppél plusieurs outils visant a automatiser la
reconstruction, ainsi qu’un outil de simulation quéut s'avérer utile pour tester de nouveaux
algorithmes, avant de les tester sur des donnélesémoins facilement accessibles. A travers une
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étude de données en nanotomographie de phaseavmns pu constater que I'amélioration des outils
de segmentation (ici, du réseau lacuno-canali@)lagst un point essentiel quant a I'analyse des
images. De tels outils pourraient également étpdicapes a la segmentation de la vascularisation de
I'os ou de tumeurs par exemple.
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Annexe : étude dosimétrique

Une courte étude, visant a calculer un ordre dedgar de la dose recue par un échantillon, a été
menée sur la ligne ID19 (ESRF, Grenoble) en awil4L Cette étude n’a pas vocation a faire une
dosimétrie de précision, mais bel et bien d’aveoiroudre de grandeur des doses délivrées durant une
acquisition tomographique réalisée dans les canditprécisées.

1. Protocole de mesures

La chambre d’ionisation utilisée au cours de céttele est une chambre d’ionisation semi-flexible
PTW de type 31010 (PTW-Freiburg, Allemagne). Solum@ de mesure est d’environ 0,125°cm

La chambre d’ionisation est introduite dans undamd de plexiglas de type « souris » (PTW31002)
(Figure 1), de maniére a ce que I'’échantillon puissirner librement (acquisition tomographique),
tout en veillant a ce que la totalité de la paatitve de la chambre soit dans le faisceau d’iatéati.
Les dimensions du fantdme sont précisées dansgessk 1 et 2.

\-— b‘lt

ctrometre

2cm

Figure 1: Schéma du montage (vue de face). La chambre d’ionisation est connectée a un électrometre.

7 mm
—> @ >« >
6,5 mm 6,5 mm

Figure 2: Vue du dessus du fantome. Le trou destiné a 'insertion de la chambre crayon est coloré en
gris.
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Compte tenu de la géométrie du fantdme ‘souris’V{FHTeiburg, Allemagne) utilisé (Figure 1 et
Figure 2), on a les taux d’absorption et de trassion suivants :

» Transmission totale du fantdme a 19,6 ke¥kp(—0.849 x 2 x 0.65 ) = 33.16%
» Absorption totale du fantdme a 19,6 keM = exp(—0.849x2x 0.65) = 66.84%

* Transmission a mi-profondeur a 19,6 ke\exp(—0.849 x 0.65) = 57.59 %
* Absorption a mi-profondeur a 19,6 keVl= exp(—0.849 x 0.65) = 42.41%

D’autre part, on néglige l'atténuation de l'air.

2. Conditions expérimentales

La dose délivrée est égale au débit de dose mélpgl le temps d'irradiation. Dans nos conditidas,
temps d'irradiation correspond approximativementnambre de projections multiplié par le temps
d’exposition. On néglige dans ce cas l'irradiatisubie par I'échantillon durant son centrage, et
l'irradiation pendant I'acquisition des images é&rences.

On se propose d’évaluer la dose délivrée durantagneisition « type ». Le dispositif expérimental
est celui utilisé durant I'expérience LS2292 (dollMarléne Wiart, CREATIS, Villeurbanne) destiné
a I'imagerie en propagation libre de cerveaux deisaschémiques.

Le dispositif utilise I'onduleur U17.6, dont le gast réglé entre 28 et 34mm. Aucune filtration
additionnelle n’a été ajoutée dans le faisceawndrgie du faisceau vaut environ 19,6keV.

Concernant les conditions d’'imagerie, une seuléadc® de propagation a été utilisée. Le temps
d’exposition pour chaque projection est de 0,1surRme tomographie, 1995 projections ont été
acquises. Ainsi, le temps d’exposition est évaleéwron 200s.

3. Estimation du débit de dose

3.a.Calcul a partir d’'une estimation de la fluence

Le TERMA (Total Energy Released per Mass jrdesigne I'énergie totale délivrée par unité de
masse ; la totalité de cette énergie n'est pasfiéede aux électrons et positrons du milieu. O® not
KERMA (Kinetic Energy Released per Mass uté portion d’énergie effectivement transférée. Le
KERMA présente lui-méme deux composantesK g, (énergie transférée au milieu par collisions)
et leK, .4 (énergie transférée au milieu par collisions).

Ko représente I'énergie déposée dans le milieu pésioas (élastiques ou inélastiques). C'est ce
qui représente la dose, sous condition d’équildestronique. L&K,.,4 représente I'énergie perdue
par radiation (brehmsstrahlung, annihilation étmwfpositron). Cette énergie est typiquement de
'ordre de 1 a 5%, et peut étre négligée dans matsgphotons de basses énergies).

Le KERMA collisionnel est défini par :
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u
Keou = lp% (7-3-])

~ Hen

OUT représente le coefficient massique d’absorptiéme¥gie fnass—energy absorption coefficignt

exprimée en chfg, ety est la fluence en énergie, exprimée en 2/cm

La dose recue a I'entrée de I'échantillon s’exprooeme :

Dy = lpo.E.‘% (7.3.2

ouy, est la fluence en entrge,, /p le coefficient d’absorption massiquefet'énergie des photons.
Pour un point P se trouvant a une profondediun matériau de coefficient d’atténuatipnon a :

Dp = Poexp(—uz). E. “7

La valeur def® pour I'eau & 19,6 keV, noté‘éﬂ)
p P 7/ eau,19.6keV

entre les valeurs tabulées a 15 et 20keV (NHXP, ://www.nist.gov). On trouve :

a été déterminée par régression linéaire

“ﬂ) = 0,616 cm?g ™!
P eau,19.6keV

De la méme maniere, le coefficient d’atténuatioarg®au a 19,6 keV vaut :
Heau19.6kev = 0,849 cm™?

La fluence nous est donnée par une modélisationpogrid en compte les différents facteurs et
éléments propres a la ligne (ID19, ESRF), telslgqumurant du faisceau, le « gap » des onduleess, |
filtres, le wiggler, ... (P. Tafforeau). Pour nos didions expérimentales (wiggler U17.6, pas dedjltr
on obtient une énergie moyenne de 19,6keV, etuxil’entrée de I'échantillon estimé a :

Yo(gap = 28 mm) = 2,43.10 1 ph/mm? /s
Yo(gap = 34 mm) = 2,86.10°ph/mm? /s
9

Cette fluence nous permet d’estimer le débit de doka surface d’entrée de I'échantillon, nbté en
utilisant la formule (7.3.2) :

Dz(gap = 28 mm) = 47,00 Gy/s = 2820 Gy/min
Dg(gap = 34 mm) = 5,53 Gy/s = 331,8 Gy/min

On peut ainsi calculer le débit de dose a mi-prdéam, qui correspond aussi au débit de dose at poin
de mesure de la chambre d'ionisation :

Dp(gap = 28 mm) = 23,69 Gy/s = 1421 Gy/min
Dp(gap = 34 mm) = 3,18Gy/s = 190,8 Gy/min
Pour une irradiation de 200s, comme c’est le caamdwn scan, la dose d’entrée s’éléeve donc a :
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Dg(gap = 28 mm) = 9400 Gy

Dg(gap = 34 mm) = 1106 Gy

3.b. Estimation du débit de dose a partir de mesures

3.d.i. Corrections des mesures données par la chambre d’ionisation

Les mesures données par la chambre d’ionisationp@ivent étre influencées par différents facteurs
ambiants, tels que la température, 'humidité, taspion atmosphérique, la polarité de la tension
appliquée. Ainsi, ces mesures doivent étre mudgslipar les cing facteurs correctifs suivants :

* k¢p, facteur de correction de la pression et tempégatiuest défini par :

_ Py.(273,24T)

-t 7.3.
TP 72732+ Tp). P (7.33

ouT etP sont la température et la pression ambiantes amemibde la mesure, respectiveméghest
exprimée en °C &b en hPaP,et T, sont les pression et température de référencigjlidéels dans la
notice de la chambre d’ionisation. Dans notre lessyaleurs de références sont :

Py = 1013,25 hPa
{ T = 200 (7.3.9

Le jour des mesures, les valeurs ambiantes éidéent

{P = 999,30 hPa
T =19,6°C

Ceci nous donne un facteur correctif de :
kTP = 1,013
* ky, facteur de correction de I'hnumidité

Il vaut 1 si 'hygrométrie est comprise entre 2088@%. Dans notre cas, I'hnygrométrie ambiante au
moment des mesures était de 30%. On considére:donc

ky=1 (7.3.9
*  kyo, facteur de correction de la polarisation
A conditions de mesure identiques, une polaritééainte de la tension appliquée a la Cl peut
entrainer une variation de la valeur affichée. aedur correctif correspondant s’exprime comme :

_ M+ M7

Kpor = T (7.3.9
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ou |[M*| et [M~| sont les valeurs absolues des mesures sous umétépglositive et négative
respectivement, toute conditions étant identiqueaieurs. M*/~ est le signal obtenu a la polarité
utilisée habituellement. Dans notre cas, nous agonsidére :

kpol =1

Néanmoins, la littérature stipule que cette appnaxion n’est peut-étre pas tout a fait adapté pesr
faisceau de photons basse énergie (Podgorsak,.2005)

ksqt, facteur de correction de la saturation

Ce facteur tient compte de l'effet de la recomisionj qui dépend de la tension appliquée a la
chambre. Il s’exprime comme :

M Myp\?
ksat = ao + alM_z + az (M_z) (737)

ou M, etM, sont les mesures réalisées sous les tensiondatésatonV,,;, ,etV,,, , respectivement,
etay, a, et a, sont des constantes tabulées (IAEA TRS398).

. kQQO, facteur de correction de I'énergie

kqq, reflete la dépendance en energie de la chamhweiskition. Le facteur de correction n'a pas éete

établi pour les basses énergies (comme celles que utilisons). Nous la considérons égale a 1, tout
en gardant a I'esprit que cette approximation géetinvalide.

3.d.ii. Mesures

Notre Cl est calibrée selon le protocole TRS 398s@dans I'eau). Le facteur de calibration de la
chambre estp , :

Np,, = 3,045.108Gy/C
D= ND,W'kT,P'M (738

Les mesuresn ont été faites en placant la chambre dans unfant®TW 31002, pour différentes
valeurs de gap de I'onduleur. Les autres conditeqeerimentales sont données a la Section 2.

m(gap = 28mm) = 4495nC/s
m(gap = 34mm) = 549nC/s
Ce qui nous donne le débit de dose suivant (dase lddantéme), en appliquant la formule (7.3.3) :
Dp(gap = 28mm) = 13.82 Gy/s
Dp(gap =34 mm) = 1.69 Gy/s

Si on se rapporte a la surface d’entrée du fantémeptient :
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Dz(gap = 28 mm) = 24.00 Gy/s
Dg(gap = 34 mm) = 293 Gy/s
Pour une irradiation de 200s, comme c’est le caardwn scan, la dose d’entrée s’éleve donc a :
Dg(gap = 28 mm) = 5600 Gy

Dg(gap = 34 mm) = 586 Gy

4. Discussion

Tout d'abord, on observe que les doses estiméestiah ge mesure a la chambre sont environ deux
fois moins importantes que celles estimées a pitia modélisation du flux.

Les différences entre les deux méthodes peuverplgjeer d'une part par les différents facteurs
correctifs que nous avons négligés, faute de les déterminés. L'ouvrage de Podgorsak (Podgorsak,
2005) nous indique que cette approximation n’estgaaptés pour le facteur de polarisatigg pour

des faisceau de photons basse énergie. D’autre lpadt & noter que le débit de dose maximum
mesurable par la Cl semble dépassé pour les fuglles intenses (gap faible).

Ensuite, notons que les doses exceptionnellementé&s dans ces conditions expérimentales
particulieres n'autorisent pas I'imageiievivo. Pour ce faire, il conviendrait de diminuer lexflde
photons (par I'ajout de filtres), ou diminuer diggement le temps d’exposition (réduction du nombre
de projections, diminution du temps d’exposition).
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