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Abstract

Pediatric renal cancers account for 9% of pediatric cancers with a 9/10 survival rate at the
expense of the loss of a kidney. Nephron-sparing surgery (NSS, partial removal of the kidney)
is possible if the cancer meets specific criteria (regarding volume, location and extent of the
lesion). Indication for NSS is relying on preoperative imaging, in particular X-ray Comput-
erized Tomography (CT). While assessing all criteria in 2D images is not always easy nor
even feasible, 3D patient-specific models offer a promising solution. Building 3D models of
the renal tumor anatomy based on segmentation is widely developed in adults but not in chil-
dren. There is a need of dedicated image processing methods for pediatric patients due to the
specificities of the images with respect to adults and to heterogeneity in pose and size of the
structures (subjects going from few days of age to 16 years). Moreover, in CT images, injection
of contrast agent (contrast-enhanced CT, ceCT) is often used to facilitate the identification of
the interface between different tissues and structures but this might lead to heterogeneity in
contrast and brightness of some anatomical structures, even among patients of the same med-
ical database (i.e., same acquisition procedure). This can complicate the following analyses,
such as segmentation.

The first objective of this thesis is to perform organ/tumor segmentation from abdominal-
visceral ceCT images. An individual 3D patient model is then derived. Transfer learning
approaches (from adult data to children images) are proposed to improve state-of-the-art
performances. The first question we want to answer is if such methods are feasible, despite
the obvious structural difference between the datasets, thanks to geometric domain adaptation.
A second question is if the standard techniques of data augmentation can be replaced by data
homogenization techniques using Spatial Transformer Networks (STN), improving training
time, memory requirement and performances.

In order to deal with variability in contrast medium diffusion, a second objective is to
perform a cross-domain CT image translation from ceCT to contrast-free CT (CT) and vice-
versa, using Cycle Generative Adversarial Network (CycleGAN). In fact, the combined use
of ceCT and CT images can improve the segmentation performances on certain anatomical
structures in ceCT, but at the cost of a double radiation exposure. To limit the radiation
dose, generative models could be used to synthesize one modality, instead of acquiring it.
We present an extension of CycleGAN to generate such images, from unpaired databases.
Anatomical constraints are introduced by automatically selecting the region of interest and by
using the score of a Self-Supervised Body Regressor, improving the selection of anatomically-
paired images between the two domains (CT and ceCT) and enforcing anatomical consistency.

A third objective of this work is to complete the 3D model of patient affected by renal
tumor including also arteries, veins and collecting system (i.e. ureters). An extensive study
and benchmarking of the literature on anatomic tubular structure segmentation is presented.
Modifications to state-of-the-art methods for our specific application are also proposed. More-
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over, we present for the first time the use of the so-called vesselness function as loss function
for training a segmentation network. We demonstrate that combining eigenvalue information
of the Hessian matrix of segmentation masks with structural and voxel-wise information of
other loss functions results in an improvement in performance.

Eventually, a tool developed for using the proposed methods in a real clinical setting is
shown as well as a clinical study to further evaluate the benefits of using 3D models in pre-
operative planning. The intent of this research is to demonstrate through a retrospective
evaluation of experts how criteria for NSS are more likely to be found in 3D compared to 2D
images. This study is still ongoing.



Résumé

Les cancers rénaux pédiatriques représentent 9% des cancers pédiatriques avec un taux de
survie de 9/10 au prix de la perte d’un rein. La chirurgie d’épargne néphronique (NSS, abla-
tion partielle du rein) est possible si le cancer répond à des critères précis (e.g. le volume et la
localisation de la lésion). L’indication de la NSS repose sur l’imagerie préopératoire, en parti-
culier la tomographie informatisée à rayons X (CT). Si l’évaluation de tous les critères sur des
images 2D n’est pas toujours facile, les modèles 3D spécifiques au patient offrent une solution
prometteuse. La construction de modèles 3D de l’anatomie rénale basés sur la segmentation
est développée chez les adultes mais pas chez les enfants. Il existe un besoin de méthodes de
traitement d’image dédiées aux patients pédiatriques en raison des spécificités de ces images,
comme l’hétérogénéité de la pose et de la taille des structures. De plus, dans les images CT,
l’injection d’un agent de contraste est souvent utilisée (ceCT) pour faciliter l’identification de
l’interface entre les différents structures mais cela peut conduire à une hétérogénéité dans le
contraste de certaines structures anatomiques, même parmi les patients acquis avec la même
procédure.

Le premier objectif de cette thèse est d’effectuer une segmentation des organes/tumeurs
à partir d’images ceCT, à partir de laquelle un modèle 3D sera dérivé. Des approches
d’apprentissage par transfert (des données adultes aux images enfants) sont proposées. La
première question consiste à savoir si de telles méthodes sont réalisables, malgré la différence
structurelle évidente entre les ensembles de données. Une deuxième question porte sur la pos-
sibilité de remplacer les techniques standard d’augmentation des données par des techniques
d’homogénéisation des données utilisant des Spatial Transformer Networks, améliorant ainsi
le temps d’apprentissage, la mémoire requise et les performances.

La segmentation de certaines structures anatomiques dans des images ceCT peut être
difficile à cause de la variabilité de la diffusion du produit de contraste. L’utilisation combinée
d’images CT sans contraste (CT) et ceCT atténue cette difficulté, mais au prix d’une exposition
doublée aux rayonnements. Le remplacement d’une des acquisitions CT par des modèles
génératifs permet de maintenir la performance de segmentation, en limitant les doses de rayons
X. Un deuxième objectif de cette thèse est de synthétiser des images ceCT à partir de CT et
vice-versa, à partir de bases d’apprentissage d’images non appariées, en utilisant une extension
des Cycle Generative Adversarial Networks. Des contraintes anatomiques sont introduites
en utilisant le score d’un Self-Supervised Body Regressor, améliorant la sélection d’images
anatomiquement appariées entre les deux domaines et renforçant la cohérence anatomique.

Un troisième objectif de ce travail est de compléter le modèle 3D d’un patient atteint d’une
tumeur rénale en incluant également les artères, les veines et les uretères. Une étude appro-
fondie et une analyse comparative de la littérature sur la segmentation des structures tubulaires
anatomique sont présentées. En outre, nous présentons pour la première fois l’utilisation de
la fonction “vesselness” comme fonction de perte pour l’entrâınement d’un réseau de segmen-
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tation. Nous démontrons que la combinaison de l’information sur les valeurs propres de la
matrice hessienne des masques de segmentation avec les informations structurelles d’autres
fonctions de perte permet d’améliorer les performances.

Enfin, nous présentons un outil développé pour utiliser les méthodes proposées dans un
cadre clinique réel ainsi qu’une étude clinique visant à évaluer les avantages de l’utilisation de
modèles 3D dans la planification préopératoire. L’objectif de cette recherche est de démontrer,
par une évaluation rétrospective menée par des experts, comment les critères du NSS sont plus
susceptibles d’être trouvés dans les images 3D que dans les images 2D. Cette étude est toujours
en cours.
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Chapter 1

Introduction

1.1 Medical context

Pediatric renal cancers account for 8-9% of pediatric cancers and are mainly nephroblastoma
(95%, also called Wilms’ tumors - WT) [58]. They are common in children younger than 5
years old but 9/10 survive at the expense of the loss of a kidney. As a matter of fact, when one
kidney is removed, the other one takes over the full job of filtering, resulting in a higher risk
of long-term cardiovascular disease such as hypertension, and of chronic renal insufficiency.
According to the new international treatment protocol (Umbrella SIOP Protocol [12]), radical
nephrectomy (RN, total kidney removal) is the current standard for unilateral tumors, while
nephron-sparing surgery (NSS, partial removal) is recommended in some specific cases such as
bilateral WT (5% of the cases), syndromic patients with a predisposition to bilateral tumors
occuring, and unilateral WT with a diseased contralateral kidney. In the last years it has also
been proposed in unilateral non-syndromic WT [105] if specific criteria are met (concerning
volume, location and extent of the lesion within and out of the kidney, as well as estimated
amount of the remaining spared tissue). The evaluation of this conservative approach is one
of the secondary aims of the Umbrella SIOP protocol. Indication for NSS relies on preoper-
ative imaging (after four weeks of neoadjuvant chemotherapy), and X-ray contrast-enhanced
Computerized Tomography (ceCT) is usually done. Another important indication for medical
doctors on the SIOP protocol is how to decide the surgery approach, whether laparoscopic
(LS) or open (laparotomic, LT) approach. Even if laparoscopic NSS is not yet recommended.
Assessing all protocol criteria in 2D images is not always easy nor even feasible, and 3D mod-
els could be a good solution. Moreover, these models could help surgeons as per-operative
guidance. An abdomino-visceral anatomical 3D model should include kidneys, vertebrae, ribs,
arteries, veins and tumors; ureters are included if the injection makes them visible, while
spleen and liver if the tumor makes contact with them. An example is shown in Figure 1.1.

Building a 3D model of renal tumor anatomy based on image segmentation of ceCT im-
ages is now becoming popular [36, 59, 109]. Automatic segmentation methods speed up model
creation procedures and reduce the inter-subject variability in comparison to manual segmen-
tation. While such methods are highly developed [53, 84, 102] and perform well for some
structures such as kidneys and tumors for adults [63, 95], this is not true for children. There
is a need of dedicated image processing methods for pediatric patients due to the specificities
of the images with respect to adults (different contrast, size, etc.), to the anatomical and
topological changes related to development, and to specific pediatric pathologies. To address
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16 CHAPTER 1. INTRODUCTION

Figure 1.1: Example of a partial 3D model of a pediatric patient affected by nephroblastoma who presents
different tumors. The structures represented are kidneys (in brown), arteries (red), veins (blue), ureters (gray),
spleen (dark blue), vertebrae and ribs (light gray), tumors (other colors). Left: Anterior view. Right: Posterior
view without ribs.

this need, this thesis focuses on generating 3D anatomical models (digital twins) of pediatric
renal cancer patients as automatically as possible through the use of deep learning algorithms.
The use of such machine learning techniques makes it possible both to speed up the creation
of the models due to their computational efficiency (leveraging GPUs) and to minimize the
manual-interaction required from the physician. These advantages allow an increase in the
number of digital twins that a hospital laboratory can prepare in a workday and save physician
valuable time.

Nevertheless, developing machine learning algorithms, and especially deep learning ones,
for segmenting pediatric images is a challenging task. First, pediatric datasets contain subjects
ranging from few days of age to 16 years, showing therefore anatomical structures which are
highly heterogeneous in terms of size. Furthermore, due to the fact that children do not always
stand still during the acquisition [35], pediatric images also present a high variability in terms
of pose and movements artifacts. Figure 1.2 (left) illustrates these problems.

Moreover, pediatric databases are limited in number of images [67] and therefore usual
deep learning strategies might fail or might not give good results [126]. Direct inference or
transfer learning from networks trained on adults might fail because of the differences between
the two populations, especially in terms of relative size between organs and variability among
subjects [142] (Figure 1.2 right). Some authors proposed to use an ad-hoc data augmentation
method, as in [77], to take into account the differences between adults and children. However,
this usually takes time, and it is not always possible nor easy to recreate all the sources of
variations (e.g. relative size between organs and tumors) in such a data augmentation pro-
cess. Another important aspect is the heterogeneity in image intensity among ceCT images
and in a same individual ceCT image, in particular in the abdominal-visceral region. Pixel
intensities after contrast agent injection do not always change equally from patient to patient,
and even in different regions of one patient, due to different factors, such as the presence of
the tumor, thrombosis in the vessels or simply a different acquisition time. These factors lead
to inter-patient heterogeneity in the contrast and brightness of the same structures among
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Figure 1.2: Left: Differences in size and pose among patients in two of our pediatric datasets. First row:
MR sagittal brain images gathered at Bicetre Hospital of Paris for a previous work of mine [77]. Second row:
CT axial abdominal images from the Necker PRAC database (see Chapter 2). Right: Differences between
MICCAI KiTS19 [53] adult images (first row) and Necker PRAC pediatric abdominal images (second row).
Kidneys are in green and tumors in yellow.

patients of the same medical database. Furthermore, due to the above mentioned reasons,
contrast medium may not reach some parts of the same structure, causing intra-patient con-
trast variability within an anatomical structure. Some examples of differences in contrast
medium diffusion are shown in Figure 1.3.

Figure 1.3: Some examples of arteriovenous phase ceCT images from the paediatric and pathological dataset
of Necker Hospital.

Some early researches [119, 125, 158] have demonstrated that the combined use of ceCT
and contrast-free (CT) CT images can tackle the variability in contrast medium diffusion and
improve the segmentation performances, but at the cost of a double radiation exposure which
radiologists, in particular in pediatrics, prefer to avoid. To limit the radiation dose, generative
models could be used to synthesize one modality, instead of acquiring it. The Cycle Generative
Adversarial Network (CycleGAN) [157] approach has recently attracted particular attention
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because it alleviates the need for paired data that are difficult to obtain, even if it is still far
from achieving clinical acceptance level. In fact, despite the great performances demonstrated
in the literature for some tasks, limitations [25, 121, 149] still remain when dealing with 3D
volumes generated slice by slice from unpaired datasets with different fields of view.

Renal tubular structures, such as ureters, arteries and veins, are most affected by intra-
and inter-patient contrast hetereogenity, and it can be challenging to segment them via deep
learning algorithms. Nevertheless, they are very important for building a 3D digital twin of
the patient that is as complete as possible. In fact, the surgeon has to control the flow of
blood into and out of the kidney, which is fundamental to avoid ischemia or hemorrhaging but
also to preserve vascularization when a NSS is performed. Additionally the preservation of
the collecting system, namely ureters, allows correct urine flow and preserve long-term renal
function. A digital twin with all the renal tubular structures segmented helps in both tasks,
allowing for vasculature preservation and easier recognition of accessory renal blood vessels
(multiple vessels are present in 35% of the patients), and for a better understanding of the
renal pelvis (including the attachment of the ureter to the kidney) [1]. For abdominal-visceral
ceCT images, radiologists opt for early arterial phase acquisition to achieve high contrasted
arteries or late delayed phase acquisition for high contrasted excretory pathways (i.e. ureters).
Examples of each phase acquisition time in relation to contrast agent injection in CT are
displayed in Figure 1.4.

Figure 1.4: Exemplary timestamps of each phase acquisition in relation to the contrast agent injection.
Adapted from [54] using volume-rendered images from Necker PRAC dataset.

Nevertheless, due to the very rapid occurrence of the arterial phase (in particular in chil-
dren who have very rapid blood circulation given a higher heart rate) or due to medical choices
in order to have both arteries and veins with higher intensity (preferred in renal tumor cases),
very often ceCT images are acquired in a late arterial phase, also known as arteriovenous
phase [54]. Here, both types of vessels are contrasted but the presence of less contrast medium
in each one results in lower intensity (and thus less difference with other structures) as well
as greater heterogeneity (which may be accentuated by the presence of tumor or thrombus).
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This increases the difficulties mentioned above, which are joined by the challenge of segmenting
structures with elongated shape and intra-scale changes. Some authors (e.g. [51, 85, 128]) tried
to solve these issues on adults abdominal ceCT images without great results or limited to spe-
cific acquisition CT modalities. The difficulties of segmenting such tubular structures are also
increased in pediatric subjects, due to inter-anatomy variation, small volume to background
ratio (where by background we mean everything that it is not the structures of interest), and
small available labeled dataset.

1.2 Goals, contributions and questions to be answered

The final goal of this work is to create pre- and per-operative individual 3D anatomical models
from pediatric abdominal-visceral ceCT scanners with renal tumors to help surgeons verify
the criteria to proceed with a NSS and to guide the surgery. In order to achieve this aim, while
at the same time minimizing the manual interaction required from the clinician, the first goal
of this thesis is the automatic segmentation of such images using deep learning techniques.
To this end, four contributions are made: three to achieve the first goal and a fourth as an
intermediate step to reach the second and final goal.

The first contribution of this thesis is the kidneys and renal tumor segmentation from
the pediatric ceCT images gathered at Necker hospital of Paris (see Necker PRAC database
in Chapter 2). Transfer learning approaches (from adult data to children images, based on
existing pre-trained weights on adults) are proposed to improve state-of-the-art performances.
The questions we want to answer are whether such methods are possible despite the obvious
structural differences between the datasets, and whether the standard techniques of data
augmentation can be replaced by data homogenization techniques, improving training time,
memory required and performance.

The second contribution of this work is the segmentation of renal tubular structures
(namely as arteries, veins and ureters) which is divided into two propositions.

First, in order to deal with the variability in contrast medium diffusion of contrast-enhanced
CT, that most affects renal tubular structures, we propose the segmentation using both ceCT
and contrast-free CT during training, combined with iconographic data augmentation. How-
ever, due to the presence of only one modality in real-setting CT databases, as in the Necker
PRAC database and namely ceCT, generative models are used to synthesize the missing
modality (i.e. CT). We want to understand if it is possible to leverage anatomical constraints,
to generate high fidelity images in ceCT-CT translation (both directions), with better struc-
tural consistency than state-of-the-art methods. In addition, we want to examine whether the
use of such anatomical constrained synthetic images allows us to achieve performance on par
with the segmentation performance using both real modalities.

Secondly, in order to find inspirational approaches, the state-of-the-art methods for renal
tubular structures on adults are assessed due to the lack of literature in children. The ques-
tions we want to answer are whether such methods perform well also on the pediatric and
pathological ceCT images with arteriovenous phase, and whether the standard voxel-wise loss
functions can be combined with a new loss function designed for tubular structures and based
on their morphological information, improving both spatial and structural performances.

Once the first goal is achieved (entirely or partially due to possible difficulties encountered)
and in order to achieve the final one, our fourth contribution is the application on a real clinical
setting of the proposed methods based on deep learning to perform automatic segmentation. In
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order to make such approaches usable for physicians, a user-friendly software is implemented.
We want to understand whether using this tool really speeds up the annotation needed to
create the 3D anatomical model and reduces manual annotations. In addition, we want to
examine the advantages of using digital twin versus using structural images alone for pre-
operative planning and per-operative guidance on clinically relevant cases.

The contributions and goals are summarized in Figure 1.5.

Figure 1.5: Contributions and goals of this PhD thesis. The ceCT database is presented in Chapter 2, while
the contributions are presented from Chapter 3 to 6.

1.3 Organization of the manuscript

This PhD manuscript is structured as follows. Chapter 2 introduces and details the pediatric
and pathological (namely renal tumor) abdominal-visceral ceCT database gathered at Necker
hospital of Paris, whose 3D modeling via automatic segmentation is the core of this thesis.

In Chapter 3, we focus on kidney and renal tumor segmentation on ceCT scanners which
show high differences in tumor development between adults and children (Figure 1.2 right).
In addition, the use of extensive data augmentation is compared with a new technique for
automatic image homogenization. Chapter 4 describes the application of a cycle generative
adversarial model to obtain CT images from ceCT (and vice versa) for the purpose of data
augmentation to tackle inter- and intra- patient contrast variability. In order to obtain anatom-
ically consistent synthetic images an extension of the state-of-the-art technique for ceCT-CT
translation is proposed. In Chapter 5, we present our assessment and comparison of state-
of-the-art methods for tubular structures segmentation on the Necker PRAC database. In
addition, a new loss function specifically adapted to tubular structures is proposed.

Chapter 6 describes the software tool designed in order to apply the method proposed for
the creation of an anatomical 3D model in a real clinical setting. Furthermore, advantages of
the use of the 3D digital twins are discussed, showing some interesting clinical cases to further
evaluate these benefits. I personally consider this chapter to be of great importance, as it
provides insight into the real value of the proposed approaches through their application for
a day-to-day clinical use.

Chapter 7 summarizes and discusses the contributions of this thesis work.



Chapter 2

The Pediatric RenAl Cancer (PRAC)
database of Necker hospital

In this chapter we present the abdominal-visceral ceCT pediatric and pathological (i.e. renal
cancer) database gathered at the Necker hospital of Paris1. Throughout this manuscript we
refer to this database as the Necker PRAC (Pediatric RenAl Cancer) Database.

2.1 Database creation

The database was collected from PACS archive of Necker Hospital, for 115 patients (66 females
and 49 males) from 3 days old to 18 years old. 49 patients have a left Wilms Tumor (WT), 48 a
right WT, 11 a bilateral WT and 7 suffer of syndromes which could develop WT. Some patients
have undergone more than one CT scanner exam (before or after chemotherapy, before or after
surgery, or with and without contrast agent injection), so the number of available images is
greater than the number of patients. These exams were performed in the course of the normal
care pathway of the patient and were studied retrospectively after anonymization.

The creation of this database was a fundamental work for this thesis. The database is
organized according to the following format:

X-J-WW (patient’s code in Necker Database)

YYYY-MM-DD (exams per date)

3D

MRI

photos

US

CT

NotInjected

Injected

DICOM

Processing

Image in NIfTI format

Manual segmentation in NIfTI format

1Hôpital Necker Enfants-Malades: service of Pediatric Visceral, Urological and Transplant Surgery, head
of service: Pr Sabine Sarnacki; service of Pediatric Radiology, head of service: Pr Nathalie Boddaert.
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where for patient’s code X is the hospital, J the disease and WW the patient number (for
example 1-9-10, X = 1 = Necker, J = 9 = Wilms’ Tumor, WW = 10 = patient number 10
with WT), and for exams per date Y stands for the year, M for the month and D for the day
(e.g. 2011-11-02 is November 2nd of 2011).

A reference Excel table was also created containing this information:

• in the first sheet: DeePRAC ID (X-Y-WW), age (in years), exam date (YYYY-MM-
DD), sex, localization of the tumor, CT operation time (Pre-Op or Post-Op), CT type,
Injection (Yes or No), Notes (for additional information), Magnetic Resonance (MR)
images (if also this exam is available), UltraSound (US) images (availability) and then
the different structures to be segmented for every subject, which will be marked with an
“X” once done;

• in the second sheet: Correspondence between DeePRAC ID and Name of the patient.
This sheet is strictly confidential and it is only found in the laboratory computer at
Necker Hospital.

2.2 Necker CT acquisition protocol

There are three types of acquisition of contrast-enhanced CT:

• vascular/early phase of mono-phasic injection: in this phase we summarize both
the purely arteriovenous phase and the arterial phase which often results also in an early
arteriovenous phase, due to the problem mentioned previously in Introduction. In the
arterial phase the image is acquired 30 seconds after injection (see Figure 1.4 in Intro-
duction) to have the enhancement of the renal parenchyma and vasculature (even if only
external parenchyma is well-contrasted, arteries are better contrasted than veins, and
little renal masses could not be very visible but rupture in big tumor capsules are better
visible) [153]. The arteriovenous phase, also called nephrographic phase, is acquired
50 seconds after injection (see Figure 1.4 in Introduction) to have the enhancement of
renal parenchyma, blood vessels and others organs in proximity such as liver and spleen
(external and internal parenchyma, as well as arteries and veins, are enhancement in a
similar way, and little renal masses are easier detected) [153]. This is the phase usually
acquired in the case of renal tumor, if only one acquisition is made.

• excretory/delayed phase of mono-phasic injection: the image is acquired 6 min-
utes after injection to have the enhancement of the excretory pathways (calyces, renal
pelvises, and ureters, but the vasculature as well as the renal parenchyma are not well
enhanced [153]), as shown in Figure 1.4 in Introduction.

• bi-phasic injection: this technique is instead composed by a unique acquisition ac-
quired after two injections: a first one (with 1/3 of total amount of contrast medium) to
have a excretory/delayed phase and the other (with 2/3 of contrast) to have a nephro-
graphic phase. The second injection is performed after 6 minutes from the first one,
then a unique image is acquired after another 30 or 50 seconds. This allows for the
enhancement of both the renal parenchyma and all tubular structures. However we will
have a less strong contrast enhancement [152] (see Figure 2.1), arteries and veins may
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be difficult to distinguish between each other. The bi-phasic injection protocol started
in April 2020 so only very few cases are available at the moment.

Figure 2.1: Volume-rendered example of single ceCT acquisition with bi-phasic injection in order to have
both arteriovenous and delayed phases.

Examples of ceCT images with vascular phase, excretory phase and bi-phasic injection with
respectively blood vessels, ureters and all structured labeled are shown in Figure 2.2.

Figure 2.2: From left to right: ceCT images with vascular/early phase of mono-phasic injection, with
excretory/delayed phase of mono-phasic injection and with bi-phasic injection. First row: original images.
Second row: labeled images, with arteries in red, veins in blue and ureters in pink.

Some images in the database have been acquired with an old protocol (until 8 years ago)
in which also an initial contrast-free (CT) CT was acquired to detect calcium or fat in a lesion
and to provide baseline attenuation of any renal mass.

2.3 Pediatric dataset selection and specifications

Dataset selection. We decided to mainly work with pre-operative ceCT with mono-phasic
injection of contrast medium, both at early phase and delayed phase, because these are highly
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more numerous than bi-phasic ones. We selected a total of 80 volumetric images, including
10 of these (vascular/early phase) that present also a contrast-free CT images.

Reference segmentations were performed by manual annotation under the supervision of
medical experts using the open-source software 3DSlicer (http://www.slicer.org) [37]. After a
training on abdominal-visceral anatomy by the surgeons and some side-by-side segmentation,
manual annotations were made by me from scratch, and subsequently corrected first by the
radiologists and then, in some cases, by the surgeons who participated in this work.

Specifically, the data were used for their characteristics in the following way:

• for kidneys and tumors segmentation (mainly used in Chapter 3) we used all the
80 ceCT scanners with both vascular/early and excretory/delayed phase of mono-phasic
injection;

• for arteries and veins segmentation (used in both Chapter 4 and Chapter 5) we
selected 63 ceCT scanners with vascular/early phase of mono-phasic injection and 3
with bi-phasic injection;

• for ureters segmentation (mainly used in Chapter 5) we selected 13 ceCT scanners
with excretory/delayed phase of mono-phasic injection and 3 with bi-phasic injection;

• for the quantitative evaluation of CycleGAN methods (used in Chapter 4) we
used the 10 patients with paired ceCT and CT scanners.

Other public databases used throughout this thesis work will be presented in the individual
chapters in which they are used.

Database specifications. Some other details about volumes and contrast intensity of each
structure are collected in Table 2.1 for training sets and Table 2.2 for test sets. The volumes
are expressed in ml, while the image intensity represents the density in CT and is calculated
using a linear attenuation coefficient expressed in Hounsfield units (HU) as follows:

µ(HU) = 1000
µ− µH2O

µH2O

(2.1)

where µ represents the linear attenuation coefficient (the fraction of the X-rays beam that is
absorbed or scattered per unit thickness of the absorber tissue), and µH2O represents the linear
attenuation coefficient of the water. This densitometric scale is adimensional and traditionally
includes 4000 values, starting from a minimum of −1000, the region of ray transparent (e.g.
air). In the higher extreme we find highly radiopaque elements such as bones, while obviously
0 HU corresponds to water density [20].

In the first and second columns of both Tables 2.1 and 2.2 we can notice a high variability
in tumor volume, while in the third and forth columns we can observe a significant variability
in HU for almost all the structures, with very high standard deviations for arteries, veins and
collecting system. Heterogeneity in HU is slightly attenuated with the use of normalization
(last two columns), namely a clipping of the intensity values to the 0.5 and 99.5 percentiles of
the voxels of the structure under examination and a z-scoring normalization.

Images have been acquired with Siemens or GE Medical Systems CT Scan, and they have
the following characteristics:
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Table 2.1: Training sets. Normalization (HUN ): clipping in range [0.5,99.5] percentile and z-scoring.

Structure Volume mean (std) ml Volume min:max ml Voxel value mean (std) HU Voxel value min:max HU Voxel value mean (std) HUN Voxel value min:max HUN

Kidney Sx 67.52 (36.18) 12.06:235.94 166.46 (40.40) 69.33:293.16 1.31 (0.57) −0.11:2.82

Kidney Dx 69.49 (42.18) 13.76:238.22 168.53 (42.19) 83.60:275.20 1.33 (0.59) 0.10:2.66

Tumor Sx 480.23 (583.16) 0.87:2704.02 60.21 (21.69) 18.61:117.95 −0.26 (0.32) −0.85:0.61

Tumor Dx 314.67 (406.89) 6.13:2231.39 58.79 (20.09) 24.91:98.64 −0.27 (0.29) −0.76:0.32

Arteries 9.72 (7.81) 1.54:46.13 205.37 (50.47) 121.87:431.24 0.09 (0.29) −0.37:1.38

Veins 11.63 (14.75) 0.99:91.57 194.97 (216.30) 99.33:1614.95 −0.07 (0.57) −0.51:3.32

Collecting System 3.79 (1.88) 1.10:7.76 1220.86 (557.37) 513.37:2485.9 −0.04 (0.62) −0.82:1.36

Table 2.2: Test sets. Normalization (HUN ): clipping in range [0.5,99.5] percentile and z-scoring.

Structure Volume mean (std) ml Volume min:max ml Voxel value mean (std) HU Voxel value min:max HU Voxel value mean (std) HUN Voxel value min:max HUN

Kidney Sx 69.38 (24.15) 33.27:107.13 174.43 (47.76) 101.81:304.11 1.39 (0.58) 0.37:2.62

Kidney Dx 56.43 (26.18) 9.59:104.79 177.65 (60.83) 88.31:368.72 1.39 (0.64) 0.18:3.03

Tumor Sx 338.30 (405.52) 3.86:977.38 57.76 (15.22) 34.49:87.08 −0.28 (0.22) −0.63:0.15

Tumor Dx 352.47 (582.81) 4.97:1944.85 48.41 (14.27) 32.22:81.67 −0.41 (0.21) −0.66:0.08

Arteries 9.22 (4.75) 2.37:16.54 201.77 (40.63) 124.97:271.36 0.07 (0.23) −0.36:0.47

Veins 13.91 (9.41) 3.52:29.99 163.61 (32.95) 118.54:233.6 −0.14 (0.19) −0.40:0.25

Collecting System 4.12 (4.21) 0.68:12.33 831.60 (465.82) 251.39:1421.86 −0.46 (0.51) −1.10:0.19

• Rescale from disk stored value to representation unit: type = HU, intercept= −1024,
slope = 1;

• Number of bits: 12 bits (4096 values)

• Dynamic range: −1024 ÷ 3071 (float 64);

• Dimension: 512 width × 512 height, variable number of slices;

• Voxel size: 0.35 - 0.95 mm in the the axial slice plane (usually referred as width and
height), 0.65 - 1.5 mm (3.0 mm for very few data) in slice thickness (also referred as
depth).

We also present some other anatomical information on aorta, cava vein, ureters and renal
vessels in Table 2.3 (measurements are approximate as they are extracted from different books
and studies [1, 92, 93, 110, 111, 122]).

Table 2.3: Anatomical information on aorta, cava vein, ureters and renal vessels. Measurements are approx-
imate as they are extracted from different books and studies [1, 92, 93, 110, 111, 122].

Structure Cross section Direction major axis Diameter Diameter
shape in coronal plane adults [mm] children [mm]

aorta circular vertical 20.6 (4.1) 11.1 (3.4)
cava vein ellipse vertical 19.0 (7.2)×13.6 (5.1) 11.6 (4.9)×8.2 (4.4)
ureters circular vertical 5.5 (1.6) 3.8 (1.0)
renal vessels circular horizontal 9.2 (1.9) 7.8 (1.7)

From these data we can see that the diameter of both renal vessels and ureters is very
small, and given the voxel size of these images, these structures are represented in the images
by a very small number of voxels compared to the entire abdominal ceCT image. Moreover,
all vessels of pediatric subjects have smaller diameters than those of adults. As for the relative
position, considering the axial plane of the acquired image, arteries are behind veins and the
cava vein is on the left of aorta, while ureters are under arteries and veins [111]. Veins are less
rigid than arteries and often compressed by tumors. This lower stiffness is also visible from the
ellipsoid cross shape of the cava vein. The veins have only two bifurcations in the renal region,
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for the right and left renal veins, while the arteries can also have more than two bifurcations
due to possible polar renal veins [111]. The renal vessels are located approximately on the
same slices and their bifurcations form approximately a 90 degree angle with the main vessels
(presenting already a different principal direction than other structures). However, due to the
presence of renal tumors, the main direction of the renal vessels is actually very variable.

Database availability. The PRAC Necker database is currently strictly private, and for
this reason is not planned to be publicly released in the short term. In the future we plan to
add segmentations done by several experts or several segmentations done by the same expert,
and after appropriate approval reviews by the hospital committee, the database could be made
available to the scientific community.



Chapter 3

Segmentation of kidneys and renal
tumors on pediatric abdominal-visceral
ceCT scanners via deep learning

The literature on the segmentation of kidneys and renal tumors on pediatric images is poor,
however works on adults can be a source of inspiration. In this chapter, at first in Section 3.1
we summarize the state of the art in the segmentation of kidneys and renal tumors on adults
with a focus on the deep learning challenge in the field of 2019, namely the 2019 Kidney and
Kidney Tumor Segmentation Challenge (KiTS19) [53]. We identified and studied extensively
the method that has stood out in the competition and became the state-of-the-art approach not
only for the segmentation of these structures but also for the segmentation of medical images
in general: nnU-Net [61]. Subsequently in Section 3.2 we present our implementation of nnU-
Net along with a step-by-step study of the method on the KiTS19 Database. In Section 3.3
we discuss the results obtained with the winning weights of the Challenge KiTS19 on adults
applied to segment the images of children through direct inference or through fine-tuning
techniques. Furthermore, in Section 3.4 we propose to learn affine spatial transformations
via deep learning in order to homogenize heterogeneous databases such as the children ones,
in place of the use of data augmentation. Moreover, the use of an automatic bounding box
detection through a proposed method allows saving time and especially memory, while keeping
similar performance. Finally, in Section 3.5 we test the use of the proposed homogenization
method to improve direct inference and fine-tuning on segmenting children database using the
winning weights of the adults’ challenge.

3.1 Related work

3.1.1 Overview

According to [55], the 3D extensions of U-Net [117] are the most used deep learning-based
architectures for the segmentation of medical images, providing the best results. However,
to achieve high performance with 3D CNN, large datasets are needed [126], and currently
most of the pediatric datasets do not contain enough images. To overcome this limitation,
transfer learning techniques from adults to children have been proposed [7, 77], but they
usually require an ad-hoc and time-consuming data augmentation to take into account the

27



28 CHAPTER 3. SEGMENTATION OF KIDNEYS AND RENAL TUMORS

anatomical variations between children and adults. While the literature is poor on the specific
problem of pediatric kidney and renal cancer segmentation, recent works on adult images
are worth to be mentioned [52, 53, 95, 151]. In particular, the most recent machine learning
challenges KiTS19 [53] and KiTS21 [52] address specifically the kidney and kidney tumor,
intending to accelerate the progress on their automatic segmentation from ceCT images and
to objectively assess the state of the art on this task.

No-newU-Net (nnU-Net) [61], a framework implementing both 2D and 3D U-Net [117],
is the network that managed to obtain the best results on the challenge of 2019 [53], thanks
to the use of a particular pre-processing method and an important on-the-fly data augmen-
tation (see next section). It is worth mentioning that the second, fourth, and fifth placed
methods [53] are inspired by it. Moreover, also the first three placed methods on the chal-
lenge of 2021 [52] are based on nnU-Net [61], proposing cascade versions of this with a first
network for cropping and a second network for segmentation [156] or a first low resolution
net to have a coarse segmentation followed by high resolution network [43, 46]. The nnU-Net
was tested on 49 segmentation tasks, reaching state-of-art results in 29 of them, otherwise
achieving performances on par to the top leader-board entries [61].

When working with pediatric images, the high variability in size and pose makes the distri-
bution of data more heterogeneous compared to adult datasets. This entails a higher number of
possible transformations during data augmentation, which for a network as nnU-Net (strongly
based on this technique) results in a more important computational time. In addition to a
difficulty in covering all the possible transformations. To tackle this problem, in [26] the au-
thors propose to augment the convolutional kernels (instead of training data) by transforming
them with several rotations. This allows the network to learn feature maps associated with
different rotated versions of the input image in a single pass. However, variations in size could
not be taken into account.

Before concluding, we would like to point out that we did not explore recent methods for
segmentation based on Vision Transformers (ViTs) such as UNETR [49] or other networks
such as ConvNeXt [88] for the very high number of parameters of their architecture (about
10 times nnU-Net). For this reason, in fact, a GPU with large VRAM (e.g. at least 32 GB)
is required to be able to fit both the model and 2D input images at original size 512×512, as
well as a very large dataset to be able to reach convergence. However, in the next chapter
ViT architectures are presented and tested with large adult datasets using images resized to
128×128 for the purpose of image-to-image translation [68]. Please refer to Chapter 4 for
details about these methods.

3.1.2 No-new-U-Net

Since the no-new-U-Net framework [61] is the most performing network both in this precise
field (kidney and renal tumor segmentation on adults) and in general on medical images,
we considered it an essential part of this thesis to study it in-depth, focusing on the different
techniques used by the authors to achieve state-of-art results. In fact, the authors’ contribution
was to automate all of the U-Net parameter choices, without needing to change the base
architecture, and for this reason nnU-Net stands for “no new U-Net”. So all steps from pre-
processing to inference are automated, trying to apply knowledge in both deep learning and
medical imaging fields to create heuristic rules to segment any type of medical images. For
example the input patch size should be as large as possible while still allowing a minimum
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batch size of 2 (under a given GPU memory constraint), in order to maximize the anatomical
information available for decision making in the network.

While nnU-Net could be seen as a black box, we try to open this box to explain each step.

Dataset fingerprint and nnU-Net pre-processing

The idea behind nnU-Net is to provide an optimized pipeline for any medical imaging dataset
by analyzing the “dataset fingerprint”, i.e. the characteristic properties of the dataset. As
shown in Figure 3.1, nnU-Net is able to automatically adapt to any dataset and it takes care
of all the stages of a deep learning framework. The pre-processing is the first stage and is
divided into four parts. First, all the training cases are cropped to their nonzero region, which
can substantially reduce the image size. Then, the algorithm records several properties of
the dataset for each image, such as image size (before and after cropping), voxel size, all the
classes present in the segmentation, and the intensity properties (mean, standard deviation,
99.5 percentile, and 0.5 percentile) of the “foreground” voxels (i.e. the voxels corresponding
to the structures to be segmented). The next step consists in resampling the images to have
the same voxel size for all the images (the physical space that a voxel represents) and then
normalizing the images according to their acquisition modality. The default target voxel size
for the resampling is chosen to be the median value for each axis of the voxel sizes previously
recorded. For normalization of CT images, as the intensity values are quantitative and depend
on the density of the tissues, nnU-Net clips the intensity values to the 0.5 and 99.5 percentiles of
the foreground voxels, and normalizes them by subtracting the mean of the foreground voxels
and dividing by the standard deviation of the foreground voxels (z-scoring). This particular
z-scoring is done in order to have values close to or equal to zero in the structures we want to
segment, facilitating the work of the network.

nnU-Net plan

The second stage is the planification of patch size, network topology and batch size, using
always the dataset fingerprint previously extracted. nnU-Net prioritizes large patch sizes
while remaining with a predefined GPU memory budget. The patch size is initialized as the
median image size after resampling, then the first architecture is built. Downsampling in one
axis is performed until further downsampling would reduce the feature map size to less than
four voxels. Next, nnU-Net compares the memory footprint of the architecture built using a
minimum batch size of two with a reference value. If the GPU can accommodate the batch size
of two, it tests if it can accommodate larger batch sizes and it chooses the largest one that can
fit into it. Otherwise, if the GPU cannot accommodate at least a batch size of two with this
configuration, the patch size of the largest axis is reduced by a factor 2 and a new architecture
(with one less downsampling level) is inferred with this new patch size. The process iterates
until the configuration fits the predefined GPU memory budget.

nnU-Net architectures

The algorithm can train both a 3D U-Net and a 2D U-Net, and also other variants that are
not analyzed here. The nnU-Net architecture closely follows the original U-Net [117] adapted
to 3D images [17]. It uses two blocks per resolution step in both encoder and decoder parts,
each block consisting of a convolution, instance (3D U-Net) or batch (2D) normalization, and
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Figure 3.1: nnU-Net scheme for U-Net parameter automatic choices for: pre-processing, training, post-
processing and inference. Reprinted from [61].

a leaky ReLU (negative slope of 0.01). The downsampling is done via strided convolution and
the upsampling via the so-called “transposed” convolution (using the method in [154]). The
initial number of feature maps is set to 32 and doubled with each downsampling step and the
final number of feature maps is capped at 320 and 512, for 3D and 2D U-Net respectively, to
limit the final model size. The default kernel size for convolution is 3×3(×3). The output of
the network has the same number of channels as the number of classes and it is generated with
a convolution operation with kernel size 1×1(×1) followed by a softmax activation (the classes
are considered mutually exclusive). Training the same network to segment multiple classes
instead of training multiple network to segment each class is useful for facilitating the choice
in common edge voxels among multiple structures. Furthermore, this approach aligns with
[69] recommendation that learning tasks with less data benefit largely from joint training on
other tasks.

Besides, the network is trained with deep supervision [32], with additional outputs being
added in the decoder to all but the two lowest resolutions, in order to allow the gradient to be
further injected into the architecture, facilitating the training of all layers. Figure 3.2 shows
two examples of architecture in 3D (on the left) and 2D (right).
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Figure 3.2: nnU-Net architectures examples for 3D (left) and 2D (right) U-Net implementations. Reprinted
from [61].

nnU-Net training

The standard training schedule of nnU-Net is based on the practical experience of the authors,
and includes the following components:

• Loss function at resolution k: Lk = CE+SDL where Cross-Entropy (CE) is defined
as:

CE = − 1

C

C∑
i=1

M∑
j=1

rij · log(pij) (3.1)

and Soft Dice Loss (SDL) is derived from Dice Score (DS, see Appendix A) and defined
as:

SDL = 1− 1

C

C∑
i=1

2 ·
M∑
j=1

|pij · rij|

M∑
j=1

p2ij +
M∑
j=1

|rij|
(3.2)

where M is the number of pixels/voxels in the image, C is the number of classes, pij
is the probability that a sample j is assigned to class i by the model and rij is the
corresponding target sample j of class i (one-hot vector).

• Deep supervision: The final loss function is the sum of the loss functions computed
at different levels of resolution:

L =

Q∑
k=0

wk · Lk (3.3)

with:

wk =
1

2k
1∑Q

q=0
1
2q

(3.4)

where Q + 1 is the number of resolution levels, starting from 0 as the last output level
(with input image size).

• Epochs: 1000 with 250 mini-batches per epoch, in which each patch is randomly chosen
from a random training image.
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• Optimizer: Stochastic Gradient Descent (SGD) with a Nesterov momentum of 0.99.

• Learning rate: Initial learning rate lr of 0.01 reduced following the poly learning rate
policy [18] decaying at each epoch e by multiplication of the initial lr by a factor of
(1− e

E
)0.9 where E is the total number of epochs.

• Oversampling: To ensure that each class of interest is contained in at least 33.3% of
patches in every mini-batch.

• On-the-fly data augmentation: This method transforms each patch in an entirely
new patch that was never seen by the network before. The techniques used are ap-
plied sequentially with a certain probability of application, and include: (i) spatial data
augmentation, such as rotation, scaling and mirroring; (ii) iconographic data augmen-
tation, such as Gaussian noise and Gaussian blur, change of brightness and contrast,
simulation of low resolution images and gamma augmentation. The data augmentation
is implemented with the batchgenerators framework [62]. Details are available in the
Appendix B.

During inference, nnU-Net uses a sliding window to extract patches with overlapping of
half the size of the patch. Moreover, to reduce artifacts and reduce the influence of position
of patches close to the image borders, a Gaussian importance weighting is applied to the
window, increasing the weight of the center voxels in the softmax aggregation. Test-Time
Augmentation (TTA) [137] is also applied by mirroring along all axes. This technique helps
to reduce errors by presenting the same image under different points of view to the network,
especially in 3D when patches are used and spatial information is partially lost. Furthermore,
this technique is also useful in 2D when an instance to be segmented can be found in different
parts of the image, e.g. unilateral renal tumor of a certain length and size.

3.2 Application of no-new-U-Net on a database of adult

images

After understanding the details of the nnU-Net we decided to reproduce it from scratch, and
apply it to the KiTS19 challenge database, available online (https://github.com/neheller/kits19),
both to be able to understand through a step-by-study which parts really play a fundamental
role in the method, and to have a first approach to the segmentation of kidneys and renal
tumors.

3.2.1 Adults database of KiTS19 Challenge

We used the dataset that was built for the KiTS19 challenge for comparing our reproduc-
tion of nnU-Net with the results obtained using the implementation available on GitHub
(https://github.com/MIC-DKFZ/nnU-Net). The “grand challenge MICCAI” KiTS (Kidney
and Tumor Segmentation) Database of 2019 [53] is composed of abdominal ceCT scanners
(with late arterial/arteriovenous phase imaging, see details in Section 1) of 300 patients (180
males and 120 females, aged between 50 and 70 years old) with renal tumors. Images have
been acquired just before surgery (RN or NSS) in more than 50 referring institutions. A ref-
erence manual segmentation for kidneys and renal tumors is available for 210 patients. The
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characteristics of the images are very diverse in terms of voxel dimensions, contrast timing
and scanner field of view. The voxel size has a wide range: 0.5 - 5.0 mm in slice thickness and
0.65 - 0.95 mm in the axial slice plane, with a size of 512×512 pixels and variable number of
slices. For what concerns contrast intensity, these images present slightly lower HU values for
both structures but falling within the standard deviation of children’s database. Moreover,
although these images were acquired with a higher radiation dose, thus achieving higher qual-
ity, compared with that of children there is no severe difference due to the small body size of
the pediatric patients. The major differences with children images lie in tumor size and renal
parenchyma deformation. Examples of these images are visible in Figure 3.3.

Figure 3.3: Examples of adults and children images using different pixel sizes. In the segmentation image,
kidneys are in dark grey while renal tumor in light grey.

3.2.2 Results with the KiTS19 dataset from using and rebuilding
nnU-Net

First of all, since the results available in the challenge [53] are on the 70 test data that are not
downloadable and the weights made available on GitHub are trained on all the 210 images
with reference segmentation, we decided to redo the experiences using the 210 labeled images
for training, validation and test sets. In particular we have divided the dataset in 162 for
training, 18 for validation and 30 for test set.

Table 3.1 shows the results obtained with batch size of 4, comparing the original framework
with our step-by-step reproduction, both in 2D and 3D. The Dice score is used as evaluation
criterion.

We can see that ensuring oversampling is critical to have a model that performs well,
mainly on tumors, otherwise there are not enough images with tumors. It is important to say
that this oversampling method necessarily requires the use of on-the-fly data augmentation
since otherwise there would be a high risk of overfitting. The addition of the deep supervision
to prevent vanishing gradient, and subsequently of the instance normalization to make the
outliers (very present in 3D patch training) less impactful, increases by a few percentage
points both Dice scores. Using also bias and changing the lr with the poly lr policy instead
of a fix lr significantly improves the results. Finally, inference with test-time augmentation
(TTA) techniques gives the best results, that are comparable to the original implementation
for both 2D and 3D U-Net, with slight differences due to the random selection of patches and
parameters of data augmentation through epochs. Other experiments have also demonstrated
that the use of the CE as regularizer speeds up convergence of the training, making it more
stable, while without the use of the data augmentation there is a decrease in performance of
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1-2% for the kidney and 4-5% for the tumor; moreover the TTA cannot be used if the network
is not trained even with mirrored images.

Table 3.1: Dice score (DS) in % (mean and standard deviation) obtained for the 30 patients of the test set
after training the 2D and the 3D full resolution U-Net of nnU-Net, using both the out-of-box nnU-Net and
our adaptation. According to [61], we have gradually added the techniques in order of decreasing importance.

Network Oversampling Deep Sup. Normalization Bias Poly lr TTA DS Kidney [mean (sd)] DS Tumor [mean (sd)]

Original 3D x x Instance x x x 95.59 (5.34) 72.12 (23.86)

Our 3D Batch 84.45(8.76) 36.78(35.04)

Our 3D x Batch 90.49(6.62) 55.79(37.09)

Our 3D x x Batch 91.89(3.04) 55.73(37.42)

Our 3D x x Instance 91.76(2.30) 56.37(32.84)

Our 3D x x Instance x 93.49 (8.28) 61.96 (29.76)

Our 3D x x Instance x x 93.71 (6.78) 66.16 (24.99)

Our 3D x x Instance x x x 94.86 (5.71) 68.54 (27.36)

Original 2D x x Batch x x x 92.77 (17.42) 67.81 (27.92)

Our 2D Batch 92.42(4.94) 36.84(36.87)

Our 2D x x Batch x x x 94.54 (3.87) 65.21 (31.99)

3.3 Transfer learning from adults to children

We now address the first main objective of the thesis, i.e. the segmentation of kidneys and
renal tumors in pediatric CT images. Our first approach is based on transfer learning, from
adults to children.

In our first experiments, we used the 3D no-newU-Net [61] trained on adults, with the
weights winner of the KiTS19 challenge [53], directly on the children images (same weights),
and then using transfer learning (fine tuning of the weights [44]). In this case we put ourselves
in the position where we cannot have access to the training data but only to the weights
of the pre-trained network. This case reflects more the reality where healthcare centers do
not easily allow data exchange due to the private and sensitive nature of data and the still
low security in data transfer and communication systems [123]. Research is advancing in this
direction for example with the so-called federated learning [123]. Nevertheless, for the sake of
completeness, we also tried a training using all the available images (i.e. adults and children
database together) that brought less performing results than all those that are shown in this
section, because of the difference between the two domains. Due to the above reason, methods
for reducing distance between the two domains, that require the availability of both databases,
such as those presented in cite [40, 130], have not been explored.

We used a learning rate lr of 0.01 as in the training (lower lr resulted in lower performance).
The weights were obtained using as pre-processing a common voxel size of 3.22×1.62×1.62
mm3 (depth×width×height), a clipping in range [−78, 303], and a “foreground” voxel mean of
99.9 and a standard deviation 77.71 for z-scoring normalization. A patch size of 80×160×160
was used. We divided the set of 80 children images presented in Chapter 2 into training (58),
validation (7) and test set (15), according to tumor location and patient’s age (different sizes
of organs and abdomen), in order to have a balanced division of the dataset as shown in
Table 3.2.

The results, evaluated using the Dice score in Table 3.3, show that only when we fine-tune
most of the weights the results become good, but still not good enough for clinicians. This
confirms the important differences between adults and children images, as shown in Figures 1.2
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Table 3.2: Division in groups of the children database for balanced datasets. Rows are divided according
to patient’s age and columns according to tumor location. For each cell: total number, and in brackets the
distribution for training, validation and test sets.

patient age right tumor left tumor bilateral tumor
less than 2 y.o. 17(13,1,3) 17(13,1,3) 5(3,1,1)
between 2 and 5 y.o. 17(13,1,3) 7(5,1,1) 0
more than 5 y.o. 8(5,1,2) 9(6,1,2) 0

and 3.3, and that it is not always possible to use transfer learning strategies to overcome the
problems of limited and heterogeneous data.

Table 3.3: Results (mean and standard deviation of Dice score) using weights of 3D nnU-Net trained on
adults KiTS database [53]. More results can be found in the Appendix C.

Technique (3D Networks) Dice Score Kidney Dice Score Tumor
Direct Inference (weights frozen) 20.83 (35.55) 18.29 (35.73)
Fine-Tuning (first 2 encoder blocks and last decoder 2) 53.38 (25.84) 51.05 (31.76)
Fine-Tuning (entire decoder) 81.75 (7.18) 75.79 (23.24)
Fine-Tuning (entire network) 84.99 (6.38) 81.08 (23.01)

As we mentioned, non-satisfactory results using direct inference or simple technical transfer
learning are due to evident differences in tumor size between adults and children. In the
former the tumor appears much smaller but we must keep in mind that all the other organs
are larger. These tumors have a diameter between 2.6 and 6.1 cm, which is comparable to
the size of a kidney in children from a few days of life to 6 years old. Moreover, as shown in
Figure 3.4 (left group) if we compare images of the same dimension, for example 160×160,
and homogenizing them to the same pixel size, 1.62×1.62 mm2, they appear totally different
visually, emphasizing the difference also in the size of the abdomen, and not only between
children and adults but also between children of different ages. To have a patch in a child
image of the same dimension (160×160) that appears similar to that of adults, we should use
a smaller pixel size, for example 1.0×1.0 mm2, as illustrated in Figure 3.4 on the right. To
clarify this point it is worth remembering that during the pre-processing step the images are
resampled to a common voxel size.

Figure 3.4: Left box: comparison of 160×160 images with a pixel size of 1.62×1.62 mm2. Right box: a
160×160 child image with a pixel size of 1.0×1.0 mm2.

As further illustration, we did some other tests (Table 3.4) with direct inference and fine-
tuning of the entire network but in 2D (512×512) this time and using a smaller pixel size
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of 0.46×0.46 mm2 for children images, while the weights used as baseline are from KiTS19
2D nnU-Net on adults with pixel size of 0.78×0.78 mm2. In order to check for contrast
differences as well, we also did some tests using an intensity normalization calculated on the
pediatric training-set. This resulted in clipping to the range [−36, 303], and a z-scoring using
a “foreground” voxel mean of 76.99 and a standard deviation of 67.73. The idea behind these
other tests is that the intensity in kidney and tumors is different in children and therefore a
different normalization is needed to bring the values of “foreground” voxels similar to those
in adults.

Table 3.4: Results (mean and standard deviation of Dice score) on children test images with same pixel size
and intensity normalization as adults and with smaller pixel size of 0.46×0.46mm2 and different normalization,
using weights of 2D nnU-Net trained on adults KiTS19 database [53] with pixel size of 0.78×0.78 mm2.

Technique Children Children intensity Dice Score Dice Score
(2D Networks) pixel size (mm2) normalization Kidney Tumor
Direct Inference (weights frozen) 0.78×0.78 as adult dataset 37.43 (29.95) 36.88 (24.91)
Direct Inference (weights frozen) 0.46×0.46 as adult dataset 48.51 (26.33) 42.75 (33.01)
Direct Inference (weights frozen) 0.46×0.46 as children dataset 41.00 (29.20) 39.24 (31.84)
Fine-Tuning (entire network) 0.78×0.78 as adult dataset 89.62 (3.92) 78.72 (18.72)
Fine-Tuning (entire network) 0.46×0.46 as adult dataset 90.01 (3.57) 79.89 (21.77)
Fine-Tuning (entire network) 0.46×0.46 as children dataset 86.90 (5.22) 70.00 (29.13)

Results show that the use of a smaller pixel size leads to better results, while using a
different normalization leads to worse results, confirming the previous assumptions.

We also want to emphasize that all transfer learning results are worse than the results
without using it, i.e. training the network directly with the Necker PRAC dataset. Figure 3.5
shows a study done on Necker PRAC database with nnU-Net by increasing the number of
patients used during training from time to time. Using all available patients (65) the results
on Dice score in 2D are of 89.59% (with a standard deviation of 4.21%) for kidneys and 82.49%
(19.02%) for tumors, while in 3D the results are of 90.15% (3.57%) for kidneys and 86.92%
(10.49%) for tumors (for comparison see previous Tables 3.3 and 3.4). Several considerations
can be gleaned from this study. First, 3D network shows better performance compared to 2D
only when an high number of training patients is available, particularly with regard to lower
variability of results. However, for tumor segmentation the standard deviation remains very
high, stating a strong variability of the results. A second consideration is that as the number
of images increases, the performance improves for both 2D and 3D networks, particularly on
tumor segmentation results. This means that efficient transfer learning could be useful in cases
when the number of patients is limited, as is usually the case in smaller hospitals or research
centers than Necker Hospital.

From all these results three conclusions can be drawn:

1. spatial transformations are necessary to make transfer learning between adults and chil-
dren possible, and this idea is examined in Section 3.5;

2. by contrast, there are no significant differences in image contrast, and since adults values
used for normalization are extracted from a larger dataset they are more suitable also
for transfer learning on children images;

3. as shown in Figure 3.4, the heterogeneity in pose and size of the pediatric images makes
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it difficult to segment them, in particular for some renal cancers, even through the use
of data augmentation techniques; Section 3.4 presents our study of this point.

Figure 3.5: Dice scores (y-axis in mean and standard deviation) in a study done on the Necker database
with nnU-Net [61] by increasing the number of patients used during training from time to time (x-axis).

3.4 Automatic size and pose homogenization with Spa-

tial Transformer Network to improve and accelerate

pediatric image segmentation

For all the reasons presented in the previous sections, we propose to take a different perspective
with respect to the usual data augmentation strategy. Instead of augmenting the number of
training images to cover the entire data distribution, we propose to reduce the data variability
through an homogenization in terms of size and pose. In this way, unlike the original nnU-
Net, which from a finite training dataset strives to learn a complex mapping, including pose
and scale variations (translation is an inherited property of convolutions), our segmentation
module learns a simpler mapping focusing on images with normalized pose and size. More-
over, the U-Net is capable of reasoning between different objects in its receptive field, using
absolute position and directional relationships to ensure proper segmentation [64, 113, 116].
The homogenization in pose and scale can facilitate this behavior. In order to do that, we
first learn an optimal similarity transformation (without reflection) to a clinically relevant
reference subject. Then, to accelerate the segmentation, we also learn to crop the region
of interest (ROI) as a square patch which is used as input image for the final segmentation
network instead of the original (bigger) image. We propose a new architecture composed of
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three neural networks: a first Spatial Transfomer Network (STN) [65] that deals with homog-
enization of pose and size; a second STN that crops the homogenized image in the region
of interest (ROI); and finally a segmentation network, built as a nnU-Net [61], in which the
cropped homogenized image is given as input and the output is then restored to its original
pose and size, and uncropped, using the inverse of the two transformation matrices previously
computed. This original combination allows us to deal with small and heterogenous datasets,
and showed some interesting results. This approach led to a paper accepted at the IEEE
International Symposium of Biomedical Imaging (ISBI) 2021 [ISBI-21].

3.4.1 Proposed method

Pre-processing

All images are pre-processed as for the nnU-Net [61] previously presented, i.e. (i) a non-zero
region cropping, (ii) a resampling of the images to have the same pixel size, (iii) a clipping
of the intensity values to the 0.5 and 99.5 percentiles of the foreground voxels, and (iv) a
Z-scoring normalization.

Architecture

The proposed framework is presented in Figure 3.6. We now present the three networks in
detail.

Figure 3.6: Schema of our proposed framework.

STN to homogenize pose and size At first a Spatial Transformer Network (STN) deals
with homogenization, transforming all images to be as similar as possible in size and pose to a
chosen one (STN1 in Figure 3.6). The reference image was chosen among patients aged 2 years,
who represent the average in the database, and among them a patient with the best pose was
chosen, according to the medical doctors’ directives. This STN is composed of a localization
network, composed of an encoder with two stacked convolutional blocks with MaxPooling
and ReLU, which reduces the image by a factor of 4, and two fully convolutional layers, as
in [65]. This network regresses five values (1 value Rxy for angle, Sx and Sy for scaling, and
Tx and Ty for translation) in 2D and nine in 3D (other two values Ryz and Rzx for angles, one
Sz for scaling and one Tz for translation), defining the transformation matrix θ1. Then, we
proceed as done in the original STN [65]. First a grid generator iterates over a regular grid
(normalized in range [−1,1], named sampling grid) of the output image and uses the inverse
transformation θ-1 to calculate the corresponding sample (normalized) positions in the input
image. Please note that the size of the sampling grid determines the size of the target image,
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that, thanks to the use of normalized coordinates, does not necessarily need to be the same
size as the one of the input image. Subsequently, a differentiable image sampling is performed:
a sampler iterates over the entries of the sampling grid and extracts the corresponding voxel
values from the input map using a chosen interpolation method (usually bilinear for images
and nearest-neighbor for binary masks) to create the final output image. The transformation
matrix θ1 is defined in 2D as: Sx cosRxy −Sx sinRxy Tx

Sy sinRxy Sy cosRxy Ty

0 0 1

 (3.5)

and in 3D as:
Sx(cosRxy cosRyx) Sx(cosRxy sinRyz sinRzx − sinRxy cosRzx) Sx(cosRxy sinRyz cosRzx + sinRxy sinRzx) Tx

Sy(sinRxy cosRyz) Sy(sinRxy sinRyz sinRzx + cosRxy cosRzx) Sy(sinRxy sinRyz cosRzx − cosRxy sinRzx) Ty

−Sz sinRyz Sz(sinRxy cosRyz) Sz(cosRxy cosRyz) Tz

0 0 0 1

 (3.6)

The input of the STN is composed of the original image concatenated with its “foreground
mask”, a binary mask representing the abdomen and easily computed as the largest connected
component of a thresholded image. The network is optimized using a Soft Dice loss (see
Equation 3.2) function LSTN1 between the homogenized output “foreground mask” and the
“foreground mask” of the reference image:

LSTN1 = SDL(θ1Ifm, Tfm) = SDL(Hfm, Tfm) (3.7)

where Ifm is the input “foreground mask”, θ1 is the predicted matrix, Hfm = θ1Ifm is the
homogenized output “foreground mask”, and Tfm is the reference “foreground mask”. The
method is illustrated in Figure 3.7.

Figure 3.7: Detailed schema of our STN1 framework.

STN for ROI cropping Then, a second STN crops the homogenized image in the region
of interest (ROI), where the structures to be segmented are present (STN2 in Figure 3.6).
This network is the same as the previous one but it regresses 4 values for 2D (6 for 3D):
2 (resp. 3) for scaling and 2 (resp. 3) for translation, that are used to construct a scaling
and translation matrix θ2 for cropping. A target matrix and the associated target bounding
box are automatically calculated using the minimum and maximum non-zero values of the
reference segmentation. However, the minimum crop size is considered to be a quarter of the
original image. This allows not deforming the image too much; in fact, as explained in the
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previous paragraph, the size of the sampling grid (and therefore of the output images) must
be previously chosen and must be the same for all images. This can result in a final image
with a difference ratio between the axes. We underline that in our method the user can choose
whether to keep the image in its original size, halve it or reduce it to a quarter (minimum size
of the patches coming out of the STN). In the first case this allows localization and zooming
on target structures facilitating the segmentation task, while in the other cases this permits
reducing time and memory requested for the segmentation network. In fact, object recognition
methods such as FasterRCNN [114] or nnDetection [6] only allow bounding box recognition;
furthermore their use in concatenation with a segmentation network is not trivial. To the best
of our knowledge there is no method similar to our proposition in the literature.

The values of θ2 are computed from to the vertices of the bounding box, in 2D case as:xmax−xmin

W 0 xmax+xmin

W − 1
0 ymax−ymin

H
ymax+ymin

H − 1
0 0 1

 (3.8)

and in 3D as: 
xmax−xmin

W 0 0 xmax+xmin

W − 1
0 ymax−ymin

H 0 ymax+ymin

H − 1
0 0 zmax−zmin

D
zmax+zmin

D − 1
0 0 0 1

 (3.9)

where xmin, ymin and zmin are the minimal coordinates of the bounding box for all directions
and xmax, ymax and zmax are the maximal coordinates, while W , H and D are the image sizes.
This second STN for the cropping is trained using the loss function LSTN2 , defined as the sum
of a L1 term (mean absolute error) between the cropped output image and the target crop,
and a L2 term (root mean squared error) between the “scaling and translation” output matrix
and the “scaling and translation” target matrix:

LSTN2 =
1

N

N∑
n=1

∥HCn − TCn∥2 + wC ·

√√√√ 1

N

N∑
n=1

∥∥∥∥(θ2n − θTn

)∥∥∥∥2

2

(3.10)

where θ2 is the predicted matrix, HC is the cropped output, θT is the target matrix, TC is the
target crop and N is the batch size. The L2 term is weighted by a factor wC . This combination
was proved experimentally efficient, probably due to the robustness of the L1 norm to outliers.
The method is illustrated in Figure 3.8.

Figure 3.8: Detailed schema of our STN2 framework.
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U-Net for segmentation At the end of our framework a U-Net takes as input for the
segmentation the cropped homogenized image and the output is then restored to its original
pose and size, and uncropped, using the inverse of the two transformation matrices previously
calculated. In this way, the predicted segmentation is directly compared with the original
reference segmentation, without the need of transforming this and thus losing information.
The U-Net is constructed using the tool “planes” of nnU-Net, as described in Section 3.1.2,
and it is optimized as in the nnU-Net training using a loss function LU -Net defined as the sum
of cross entropy CE and Soft Dice, both between prediction and reference segmentation:

LU -Net =

Q−1∑
q=0

1

2q

(
CE(θ1

−1
(θ2

−1
Pq), R) + SDL(θ1

−1
(θ2

−1
Pq), R)

)
(3.11)

where R is the reference segmentation, Pq is the prediction at the q level of resolution (consid-
ering the output layer of the network as 0 level). We use the Deep Supervision technique [32]
up to the level Q− 1, where there is the last skip connection.

Training

For training the STNs, the best solution has been experimentally identified as a training of one
STN after the other for 50 epochs using a Stochastic Gradient Descent (SGD) optimizer with a
learning rate of 0.01. For STN2 the best wC was empirically found as 10. The U-Net is trained
as detailed in Section 3.1.2 with an early-stopping condition, unlike the original network since
on-the-fly data augmentation is not used. In addition, at each epoch all available images
are examined, but the total number of iterations of the original nnU-Net is left unchanged
for all trainings. This is done in order not to make the trainings dependent on the patches
randomly selected at each epoch. Moreover, all the seeds in the random number generator
were fixed for reproducibility. We used a batch size of 12 with 2D slices of size 512×512 and
2 with 3D images of resized at 128×128×128 (further details in the next section). We used
the Necker PRAC database divided as presented in Section 3.3 with 58 subjects for training,
7 for validation and 15 for test. For 2D experiments these resulted in 15036, 3760 and 5310
slices, respectively.

All trainings and tests were done using PyTorch framework [108] and run on Télécom
server clusters which have a GPU NVIDIA® Tesla® P100 with 16 GB of VRAM and a CPU
Intel(R)® Xeon(R)® E5-2643 v4 @ 3.40GHz with 6 cores and 126 GB of RAM. These technical
specifications on framework, GPU and CPU are the same for the other chapters of this thesis.

3.4.2 Results and discussion

STNpose-size We first tested the quality of the pose-size homogenization done with the
proposed STN1 method and we compared it with a non-deep learning state-of-the-art medical
image registration algorithm named Simple-Elastix [96]. We tested this using both Dice score
and Mattes Mutual Information [97] (MMI) as cost function (more parameters details are
available in Appendix B). Please note that other deep learning methods such as VoxelMorph [4]
have not been tested since they also use deformable transformation, such as elastic warping
which are destructive and cannot be inverted in some cases [65]. The images of the test set were
used at the original size of 512×512 for 2D tests, while in 3D the depth dimension was adjusted
(removing ending slices or adding empty slices) to have an image of size 512×512×512. This
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allows us to resize the image to a size of 128×128×128 without deforming it and train the
STN1 with these images, saving time and memory. In fact, as explained in Section 3.4.1,
both the sampling grid and input positions are normalized between −1 and 1. This allows
the parameters of θ1 to be calculated on the smaller similar image of size 128×128×128, and
then we apply the steps of grid generator and sampling using those parameters to the original
512×512×512 image in validation and inference. We believe that the loss of information is
neglectable for the homogenization objective of pose and size of the whole body, as well as for
cropping.

In Table 3.5 results are shown as mean and standard deviation of the Dice score, mean
square error (MSE) and time per subject. In case of 2D images, the latter parameter refers to
the homogenization of the total number of slices present in a patient (pre-processing is also
included).

Table 3.5: Results (mean and standard deviation of Dice score, mean square error (MSE) and test time
per subject) on the Necker PRAC test set of 15 subjects using the proposed STN1 and Simple-Elastix [96]
methods for pose-size homogenization. MMI is the Mattes Mutual Information [97].

2D images
Method Cost function Dice score [%] MSE Time per subject
Simple-Elastix [96] MMI 88.10 (3.30) 0.08 (0.01) 5 m 45 s (3 m)
Simple-Elastix [96] Dice 90.10 (2.21) 0.07 (0.01) 3 m 35 s (2 m)
STN pose-size Soft Dice 94.55 (4.72) 0.04 (0.03) 34 s (16 s)

3D images
Method Cost function Dice score [%] MSE Time per subject
Simple-Elastix [96] MMI 67.07 (10.89) 0.10 (0.03) 2 m 32 s (46 s)
Simple-Elastix [96] Dice 68.39 (10.19) 0.09 (0.03) 3 m 2 s (1 m)
STN pose-size Soft Dice 71.12 (10,88) 0.08 (0.04) 48 s (14 s)

Our method shows both better registration performance between “foreground masks” and
a significantly shorter time to register all the slices of a subject. The pre-processing time lasts
about 26 seconds, so the inference time of our network is less than 10 seconds for 2D images
and about 12 seconds for 3D images. This allows our technique to be used in conjunction
with a segmentation network during both training and inference, without altering too much
the time performance of this. 3D performances are lower because of the greater variability in
body length as well as the limited number of volumetric images available to train our network.
The training time for such a network is only 3 hours in 2D and 5 hours in 3D, to be done only
once. Moreover, in case we want to train a segmentation network with homogenized images,
as we present later in this section, we can use the network in inference as shown in Figure 3.9.
This avoids to previously register all the 2D images which would require about 15h as well
as an additional storage memory of 63.4 GB (or 8.8 GB if compressed images) in order to
preserve the original images. Some results are available in Appendix C.

STNcrop We then tested the proposed STN2 for ROI cropping and we compared as back-
bone network and training method our STN , inspired from [65], with FasterRCNN [114] for
2D slices and nnDetection [6] for 3D images, the state-of-the-art deep learning methods for
such a task. The methods are also tested using pre-trained STN1 in order to homogenize
the images and facilitate ROI detection. It is important to note that both FasterRCNN and
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Figure 3.9: Schema of our STN1 + U -Net framework.

nnDetection are used only to calculate the minimum and maximum values of the bounding
box and thus the θ2 matrix presented in Equations 3.8 and 3.9. For 2D tests, images were
used at the original size of 512×512, while for 3D they were carried out as explained in the
previous paragraph. In Table 3.6 results are shown as mean and standard deviation of L1 error
for images, MSE for θ2, and time per subject. As for the previous study, the latter parameter
refers to total number of 2D slices present in a patient (and pre-processing is included).

Table 3.6: Results (mean and standard deviation of L1 error, mean square error (MSE) and test time
per subject) on Necker PRAC test set of 15 subjects using the proposed STN2, FasterRCNN [114] and
nnDetection[6] methods for ROI cropping.

Method Backbone L1 (image) MSE (θ) Time per subject
2D images

STN crop FasterRCNN [114] 0.42 (0.58) 0.03 (0.09) 44 s (18 s)
STN pose-size + STN crop FasterRCNN [114] 0.32 (0.47) 0.02 (0.07) 46 s (18 s)
STN crop STN [65] 0.64 (0.39) 0.02 (0.04) 30 s (13 s)
STN pose-size + STN crop STN [65] 0.54 (0.36) 0.02 (0.03) 32 s (13 s)

3D images
STN crop nnDetection [6] 1.51 (0.44) 0.12 (0.05) 55 s (13 s)
STN pose-size + STN crop nnDetection [6] 1.34 (0.25) 0.11 (0.06) 1 m 5 s (14 s)
STN crop STN [65] 1.22 (0.19) 0.06 (0.03) 41 s (13 s)
STN pose-size + STN crop STN [65] 1.14 (0.22) 0.05 (0.04) 51 s (14 s)

Given its more particular architecture (authors [114] use so-called ROI Pooling layers that
extracts equal-length feature vectors from proposed ROIs extracted from the input image,
which result also in more parameters), FasterRCNN performs better than the classical STN
architecture in finding the minimum and maximum values of the bounding box in 2D images.
Such a network succeeds in individuating structures even if only a few pieces are present in the
image, however, this sometimes leads to mistakenly considering certain structures as kidneys
or tumors. This error can be seen in the high standard deviation in the third and fourth
columns of Table 3.6, as well as a higher mean MSE on the θ2 matrix. The use of STN1 as
first step significantly improves the results for both 2D architectures, with only a few more
seconds per subject (considering also here about 26 seconds for pre-processing). The training
time for the STN backbone network is only 3 hours, while it is 9 hours for FasterRCNN. For all
the 2D segmentation tests shown in the next paragraph, FasterRCNN was chosen as backbone
network for STN2.

Focusing now on 3D results, the number of volumetric images proved to be not sufficient
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to obtain satisfactory results, particularly for nnDetection, which works similarly to FasterR-
CNN and thus has much more parameters than the original STN backbone. The graphs in
Figure 3.10 show that we fall into overfitting problems for both methods. These difficulties
may also be due to resampling to have image size of 128×128×128, but limitations in memory
do not allow training using the images with their original size of 512×512×512. In such a case,
the use of STN1 as a first step does not lead to significant improvements, given also the not
optimal performances of STN1 network in 3D. For all these reasons, the use of the proposed
STN methods to improve segmentation are not explored in the 3D scenario. However, the
use of STN1 and STN2 in 3D is used in the 3DSlicer [37] plug-in developed for the IMAG2
lab of Necker hospital as an initialization for the bounding box (later adjusted by the user) to
select the ROI in which to extract the 3D patches. More details are provided in Chapter 6.
Some results are available in Appendix C.

Figure 3.10: Train and validation loss values for STN2 (left) and nnDetection [6] (right) for the 3D scenario.

Segmentation The first set of segmentation experiments was to test the size and pose ho-
mogenization STN1 network on the Necker PRAC database. For the reason explained in
the previous paragraph, we tested only 2D networks. Images were used at the original size
(512×512). The results are shown in Table 3.7 in Dice score, precision, recall and the 95th per-
centile of Hausdorff distance (95HD). Further details on the evaluation measure are provided
in Appendix A. The baseline is the original nnU-Net, with and without the use of random
on-the-fly data augmentation (both iconographic and spatial, as described in Section 3.1.2).

First of all, the results show that the use of iconographic data augmentation helps the net-
works to reduce the false negative voxels but it does not increase significantly the performance.
This may be due either to the fact that the contrast variability in these structures is already
representative in the training set or that such augmentations are not sufficient to significantly
improve the results. The problem related to contrast heterogeneity is addressed in the Chap-
ter 4. By contrast, the use of spatial data augmentation or pose and size homogenization is
critical for improving performance, particularly on tumor segmentation. Our proposed STN1

to homogenize pose and size outperforms (better mean and decrease of the standard deviation
for both Dice score and 95HD) both the transfer learning (3D and 2D) results (Table 3.3
and Table 3.4) and the baseline with data augmentation. However, a Wilcoxon Signed-Rank
Test between the proposed method and the baseline with data augmentation showed non-
statistically significant improvements for Dice score for no value of alpha, intuitively noticeable
by the still high standard deviations, while the improvement was significant for the 95HD of
kidney segmentation with alpha = 0.10, confirming an interesting reduction in local errors.
In addition, the total training time (both STN and nnU-Net) is less (8h difference) than the
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Table 3.7: 2D Results (mean and standard deviation of Dice score, precision, recall, 95th percentile of
Hausdorff distance (95HD) and total traning time) on the Necker PRAC database, adding the proposed STNs
to the baseline nnU-Net (without data augmentation). DAI = iconographic data augmentaion; DAS = spatial
data augmentation; TRN = training; S = structure; K = kidneys; T = renal tumors.

Architecture DAI DAS TRN Time S Dice Score [%] Precision [%] Recall [%] 95HD [mm]

nnU-Net 22h K 86.77 (8.39) 89.74 (4.62) 84.73 (12.03) 12.84 (20.98)

T 74.07 (23.34) 86.01 (22.67) 67.43 (24.86) 19.20 (20.97)

nnU-Net ✓ 23h K 88.61 (6.26) 89.94 (4.65) 87.52 (8.41) 12.18 (20.51)

T 75.84 (24.72) 84.22 (25.96) 71.01 (25.92) 18.53 (23.88)

nnU-Net ✓ ✓ 33h K 89.37 (4.76) 89.51 (5.23) 89.57 (6.69) 11.12 (15.86)

T 82.93 (18.55) 90.11 (15.12) 79.82 (19.73) 16.06 (22.79)

STN pose-size 25h K 88.91 (6.35) 89.45 (3.05) 88.79 (9.65) 11.85 (19.24)

+ nnU-Net T 81.43 (24.04) 83.40 (26.03) 80.92 (23.73) 22.78 (32.12)

STN pose-size ✓ 25h K 89.53 (4.44) 90.99 (2.61) 88.40 (7.37) 8.64 (16.55)

+ nnU-Net T 83.19 (17.31) 84.41 (19.83) 82.47 (20.72) 15.51 (21.67)

training time from the nnU-Net with complete data augmentation. Such tests confirm that
with proper spatial homogenization of data, similar or better results can be obtained compared
to the use of costly (in terms of memory and time) data augmentation, taking advantage of
the network’s ability to learn general and relative positions of structures to be segmented,
which are meaningful in the medical field. Furthermore, the spatial data augmentation that
experimentally showed the greater advantages to the baseline nnU-Net using it as only data
augmentation technique, was the use of mirroring. This cannot be reproduced by our module
by choice confirming how spatial relationships and absolute positions become probably more
useful for the network to achieve satisfactory results.

Finally, for this combination, it was noted that end-to-end training brings no benefit,
slightly reducing the performance of both networks.

Table 3.8: Results (mean and standard deviation of Dice score and total traning time) on the Necker PRAC
database reducing the size of the input image for nnU-Net (memory allocated column refers only to nnU-Net,
STNs occupy less than 4GB of RAM in the GPU also with 512×512 inputs). Note that each network is
trained individually. DAI = iconographic data augmentaion; DAIS = spatial + icon. data augmentation; S =
structure; K = kidneys; T = renal tumors.

Architecture
Input size

U-Net

Training

Time

Memory

allocated
S Dice Score [%] Precision [%] Recall [%] 95HD [mm]

nnU-Net (+ DAIS) 512×512 33h 10.05GB K 89.37 (4.76) 89.51 (5.23) 89.57 (6.69) 11.12 (15.86)

T 82.93 (18.55) 90.11 (15.12) 79.82 (19.73) 16.06 (22.79)

STN pose-size 512×512 33h 10.05GB K 89.53 (4.44) 90.99 (2.61) 88.40 (7.37) 8.64 (16.55)

+ nnU-Net (+DAI) T 83.19 (17.31) 84.41 (19.83) 82.47 (20.72) 15.51 (21.67)

STNp-s + STNcrop 512×512 28h 10.05GB K 89.22 (5.47) 91.30 (2.38) 87.58 (8.65) 4.66 (2.54)

+ nnU-Net (+DAI) T 84.31 (15.91) 86.90 (16.32) 82.81 (16.20) 9.90 (9.40)

STNp-s + STNcrop 256×256 19h30 3.52GB K 88.89 (9.19) 90.81 (3.94) 87.86 (13.32) 8.35 (12.45)

+ nnU-Net (+DAI) T 81.24 (17.80) 88.45 (14.58) 77.55 (21.41) 17.80 (23.46)

The combination of the two STNs with images at original size leads to more improvements
in performance to tumor segmentation compared to using STN1 alone and nnU-Net with data
augmentation. Moreover, the resampling of the bounding box of STN2 at 256×256 leads to a
gain in time and requested memory as shown in Table 3.8, while maintaining high performance.
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This is due to the fact that the U-Net has a smaller image as input and one layer less in depth.
In this case the drop in performance depends on the renal tumor size, and consequently on the
size of the ROI, which varies from 128×128 to 380×380. This means that, when reducing the
input size of the U-Net to 256× 256, we actually downsample the ROI thus loosing important
information, as shown in the last row of Figure 3.11. As for the previous combination, the
Wilcoxon Signed-Rank Test showed that there are non-statistically significant improvements
except for the 95HD of kidney segmentation, confirming the ability of the proposed method
to reduce local errors, in particular when the input size is kept to 512×512, and to maintain
similar performance to the baseline, when the input size is reduced to 256×256. We believe
that the proposed differentiable module to localize and resample ROIs may be important for
other datasets with smaller and more regular structures to segment compared to the size of
the image, or when training time and memory are limited. It is important to emphasize that
to overcome the errors found for STN2 and detailed in the previous paragraph, we used a
“security-margin” system adding 10% of input image in scaling parameters calculation of θ2.
Some later experiments have shown that this step can be overcome with end-to-end training,
which avoids accumulation errors on the borders.

In Figure 3.11, results of the proposed network are illustrated step-by-step on 512×512
images. In the first four rows, we do not change the input size of the U-Net, whereas in the
last row we reduce it to 256×256. This results in a less detailed image and thus a drop in
performance.

Figure 3.11: Qualitative results of our method illustrated step-by-step on children images. In the last line,
the cropped image is downsampled to 256×256 and it can be noticed that the boundaries between tumor and
renal cavities are lost. Kidney in dark gray and renal tumor in light gray. On the last column on the right, the
overlapping segmentation for the reference (kidneys in red and tumor in green) and for the prediction (kidneys
in blue and tumor in yellow).

It is interesting to note that by applying this method to adult images, with an already
almost homogeneous database in pose and size, the application of STN1 or both STNs did not
lead to any improvement in performance, and the results are comparable (e.g. for both STNs
we have: DS kindey = 93.68 (4.30) and DS tumor = 62.35 (33.80), see Table 3.1 for comparison
with state-of-the-art methods). It is also interesting to note that a zoom on the bounding box
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had also been proposed by some of the networks at the KiTS19 [53] and KiTS [52] challenges,
attaching two U-Nets in cascade: the first one gives a rough estimation of the segmentation
that is later used to extract smaller patches centered on the first predicted segmentation; the
smaller patches are given as input to the second network for the final segmentation. This
idea is feasible in adults since, as shown previously, the tumor is small and does not change
the renal parenchyma, thus the bounding box is almost constant. Despite this technique, the
nnU-Net still ranked first in KiTS19 [53] using large patches as described in Section 3.1.2.
This means that the difficulties in adult tumor segmentation could be more related to not
well-defined contours or contrast heterogeneity than to their size, as visible in Figure 3.12.

Figure 3.12: Qualitative results of our method illustrated step-by-step on adults images. It can be noticed
how renal tumors are very small and have not well-defined contours. Kidney in dark gray and renal tumor in
light gray.

3.5 Transfer learning with common size and pose

Spatial transformations are necessary to make transfer learning between adults and children
possible, as explained in Section 3.3. To achieve this goal, our first idea is to use STN to
homogenize adults and children datasets in size and pose using a reference image, as presented
in Figure 3.13.

The method proposed in Section 3.4.1 can be used in its combination STN1+U-Net. Fur-
thermore, iconographic data-augmentation can be added to obviate possible differences in
contrast and brightness between populations. Before being given as input to the U-Net, the
children dataset is spatially transformed in pose and size using the STN to be as similar as
possible to a reference pose, created from a sample image of the adults dataset. As shown
in the previous sections, adult images in the database already exhibit homogeneous pose and
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Figure 3.13: Framework for the proposed method of common size and pose for adults and children images.
The U-Net can be the same as for adults or its weights can be used as initialization of the network of children.

size. So we can continue to operate using only adults’ net weights and not the adults’ dataset
(as in the more realistic case where images are not available), as discussed in Section 3.3. We
will refer to the reference adult pose as common reference pose.

We tested the proposed approach both using the nnU-Net trained only on adults in direct
inference on pediatric images, and fine-tuning the nnU-Net with a part of the available ceCT
images of children. In fact, we put ourselves in the more classic case where a hospital or
institution does not have many subjects to train a network with good performance, as shown
in Figure 3.5 in the case of only 25 subjects for training (and validation) and 15 as test set.

Results of this technique using direct inference are shown in Table 3.9. The data-sets are
the same as the ones presented in Section 3.3.

Table 3.9: Results (mean and standard deviation of Dice score) on 15 children test patients with and without
STN for homogenization at a common pose and size with adults. Results are obtained with the same pixel size
than the one of adults, and with a smaller pixel size of 0.46×0.46 mm2 using weights of 2D nnU-Net trained
on adults KiTS19 database [53] with pixel size of 0.78×0.78 mm2.

Technique (2D Networks) Children pixel size (mm2) Dice Score Kidney Dice Score Tumor

Direct Inference (weights frozen) 0.78×0.78 37.43(29.95) 36.88(24.91)

Direct Inference (weights frozen) 0.46×0.46 48.51(26.33) 42.75(33.01)

STN 1 + Direct Inference (weights frozen) 0.78×0.78 50.37(19.03) 28.26(23.22)

STN 1 + Direct Inference (weights frozen) 0.46×0.46 53.43(19.66) 33.00(23.84)

The use of STN1 for a common pose and size leads to improvement of the segmentation of
the kidneys, while it shows worse results for that of the tumors. The use of a smaller pixel size
for children, which makes images more similar to those of adults, facilitates the task for both
the pre-trained U-Net and the STN, thus providing better results. The worst performances
in renal tumor segmentation are probably due to the fact that children’s tumors become even
bigger and therefore even more different than those of adults.

Then we put ourselves in the event that in addition to the 15 test subjects, other 25 subjects
are also available. In this scenario, we test a fine-tuning strategy of the entire network.
Moreover, starting from what was seen in the previous analysis and shown in Table 3.9, a
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smaller pixel size equal to 0.46×0.46mm2 is used for children. Results are shown in Table 3.10.

Table 3.10: Results (mean and standard deviation of Dice score) on 15 children test patients of networks
fine-tuned with 25 children patients and adults’ weights as initialization. STN1 for homogenization at a
common pose and size with adults. All children pixel size is equal to 0.46×0.46 mm2. Last row shows results
using the entire database of 65 children patients. DAI = iconographic data augmentaion; DAS = spatial data
augmentation; S = structure; K = kidneys; T = renal tumors.

Technique (2D networks) lr S Dice Score [%] Precision [%] Recall [%] 95HD [mm]

Direct training (+DAIS) 0.01 K 87.41 (6.24) 85.15 (8.01) 90.01 (5.10) 14.19 (26.78)

(no fine tuning) T 78.50 (20.55) 91.34 (14.08) 72.54 (20.77) 18.89 (34.82)

Fine-tuning (+DAIS) 0.001 K 87.66 (6.39) 85.69 (7.56) 89.98 (5.80) 12.15 (24.82)

(weights as init.) T 80.12 (17.63) 91.05 (14.84) 75.15 (17.40) 17.88 (34.44)

Fine-tuning (+DAIS) 0.01 K 86.99 (7.24) 84.43 (9.26) 89.79 (6.02) 14.41 (28.28)

(weights as init.) T 81.07 (16.56) 90.72 (14.81) 76.44 (16.00) 16.89 (29.39)

STN 1 + Fine-tuning (+DAI) 0.001 K 87.79 (5.58) 86.12 (8.09) 89.59 (4.43) 11.92 (26.40)

(weights as init.) T 80.39 (22.27) 87.19 (14.26) 78.37 (21.81) 18.53 (34.96)

STN 1 + Fine-tuning (+DAI) 0.01 K 88.05 (5.90) 85.82 (8.82) 90.36 (4.58) 12.23 (26.99)

(weights as init.) T 82.98 (14.88) 89.29 (13.83) 80.69 (14.04) 16.14 (21.62)

Direct training (+DAIS) 0.01 K 89.37 (4.76) 89.51 (5.23) 89.57 (6.69) 11.12 (15.86)

using all 65 patients (no f.t.) T 82.93 (18.55) 90.11 (15.12) 79.82 (19.73) 16.06 (22.79)

In this case, the use of fine-tuning alone does not bring much improvement over training
using only the 25 subjects, even with a smaller pixel size to make the images more similar
to those of adults and a strong spatial augmentation, confirming what was discussed in Sec-
tion 3.3. Instead, the use of STN1 to homogenize to the common pose allows for images more
similar to those used for training the adults’ network, leading to a boost to the results, with
a large decrease in standard deviation. It is also interesting to note that a higher learning
rate is needed for the best results. Such performances are comparable to 2D training using
the totality of 65 patients of the pediatric training database. Thus, we can assess that the use
of a homogenization system is more effective than strong spatial augmentation in the case of
transfer learning from weights trained on adults to a limited pediatric database.

3.6 Conclusion

In this chapter we first analyzed the no-new-U-Net as high performance network for medical
image segmentation and in particular as winner of the Kidney and Tumor Segmentation (KiTS)
challenge of 2019 focus on adults images. Given the lack of work on pediatric images, the in-
depth analysis of this method seemed to us an interesting starting point. It is important
to point out that this chapter represents the study carried out along about the first year of
doctoral studies, and for this reason it is focused on the KiTS19 Challenge and Database and
not on the KiTS21. Nevertheless, the KiTS challenge of 2021 does not have major differences
on the database and the best performing methods are still based on nnU-Net.

The key points of this method were found to be the image pre-processing and network
planning, which we subsequently used for the other segmentation experiments that are shown
in the rest of this manuscript. As far as training is concerned, each of the techniques that are
used in nnU-Net (use of the bias, poly learning rate policy, etc.) resulted in a contribution to
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the final performances. Major improvements were observed thanks to the use of oversampling
due to the strong imbalance of the target structures in 2D slices or 3D patches (recurring
problem in medical images) and the use of the spatial and iconographic data augmentation
due to medical databases that are often limited in number of patients.

This last point was of interest to us, in fact the spatial heterogeneity of medical databases,
in particular pediatric ones, is very high and this leads to using a large data augmentation
that requires a lot of memory and time. We proposed instead the use of a new homogenization
techniques using Spatial Transformer Network in order to reduce data variability in size and
pose, in place of enlarge this via data augmentation. Our idea is also related to the ability of
U-Net networks to learn the absolute and relative position of the structures under examination.
Through the analysis of the results, we can conclude by stating that our proposition is effective,
improving performances and computational time with respect to standard data augmentation.
We also believe that these results stand also as a criticism of the disproportionate use of this
technique that is sometimes seen in the literature.

We also proposed the use of a second STN to crop images around the structures to segment.
This can improve the results thanks to a zooming on target structures or can save even more
computational time and memory, while maintaining high performance, thanks to an actual
cropping. This can be really useful in case of limited training time and memory available.
However, this method presents some problems, related for example to the fact of having to
choose a size in which to sample the cropped image that has to be the same for all images.

The results shown for the segmentation are focused on 2D networks. This is due to the
fact that 3D STN networks require the entire volume as input (and not just the 2D slices),
drastically reducing the number of samples available, thus limiting performance and their
consequent use in segmentation networks. Besides, the memory required to use an entire 3D
image can be an additional problem. Moreover, the homogenization of size and pose is however
limited to the whole body and not to individual organs. In fact, if on 2D this homogenization
is sufficient to improve the performance of the network, in the application to segment 3D
volumes this would not entail major advantages due to the lack of spatial consistency between
the organs of the abdominal area. This point is clarified in the next chapter.

Furthermore, despite the high results achieved in 2D, the method we propose is less per-
forming than the use of 3D patches on a classic nnU-Net, thus a 3D network with strong spatial
and iconographic data augmentation. In fact, as described at the beginning of this chapter,
3D segmentation methods are more efficient thanks to the greater anatomical information of
the 3D patches compared to 2D slices. For this reason, in the case of segmentation task, we
focused on 3D networks in the rest of doctoral studies.

Eventually, in this chapter we have also examined the transfer learning between adults
and children both affected by renal tumors which, however, are of different sizes between
the two categories of subjects. We have shown that the classical transfer learning methods,
such as fine-tuning, from adults’ pre-trained weights do not lead to further improvement of
the performances. To make transfer learning effective, spatial transformations are necessary.
We showed that the use of STN to homogenize size and pose is effective in increasing the
performance of transfer learning, making the images of the target network more similar to
those of the source network.



Chapter 4

Cross-domain CT image translation
using CycleGAN

Heterogeneity in contrast is one of the major difficulties in medical image segmentation when
using Convolutional Neural Networks (CNN), in particular in constrast-enhanced Computed
Tomography (ceCT) images. As explained in the Introduction 1, the effect of the contrast agent
on the pixel intensity is not always the same among patients due to different factors, such as
acquisition times and patient morphology. Furthermore, the presence of a tumor or thrombosis
in the vessels can also cause heterogeneity in contrast within an anatomical structure. This
raises difficulties during segmentation, and manual corrections are often needed.

In [119, 125, 158] the authors show that the combined use of ceCT and contrast-free
(CT) CT images is able to deal with the heterogeneity of ceCT images and thus improves
segmentation. However, in order to limit ionising radiations, clinicians often acquire only
one CT modality. One common computational approach to compensate for the absence of an
imaging modality is to use generative models [23, 149] to synthesise it. In the absence of paired
data sets, unsupervised translation methods, based on CycleGAN [157] and UNIT [87], have
been proposed [29, 71, 107, 149]. Recently, some authors have already considered applying
CycleGAN [119, 125] or UNIT [158] to artificially remove or add contrast medium on CT
images.

CycleGAN [157] is an evolution of Generative Adversarial Network (GAN) [47], which
introduces a second neural network that tries to solve the inverse task, namely reconstructing
the input, as illustrated in Figure 4.1. A cycle consistency loss function (detailed later on, in
Equation 4.7) is combined to the adversarial loss function to overcome the lack of paired data.

UNIT [87] is another model conceived for the unpaired setting. This generative model
is composed of two variational autoencoder networks, which work on two different domains
but share the same latent space. Different modifications have already been proposed for both
methods, such as the use of Wasserstein distance [2], attention mechanisms [39, 72] and U-Net
as discriminator network [120]. In [?], the two models are compared to a simple GAN, to
transform unpaired MR brain images into CT images and vice versa. The simple generator is
not able to produce images that are as realistic as the ones generated using CycleGAN or UNIT.
However, these models do not guarantee to preserve fine structures [158] and may produce
artefacts [121, 149], which prevent their use for the segmentation of small and heteregoneous
structures, such as blood vessels. In particular, the cycle consistency loss function enforces a
relationship only at a distribution level. In [103], the authors demonstrate that CycleGAN can

51
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Figure 4.1: Diagram of how cycle loss works. Left: forward Cycle-Consistency. Right: backward Cycle-
Consistency. A and B are the two domains describing two set of images, a and b are single images extracted
from the respective domains, GAB and GBA are the generators, DA and DB the discriminators, Ḃ = GAB(a)
and Ȧ = GBA(b), ḃ = GAB(Ȧ) and ȧ = GBA(Ḃ). Adapted from [157].

deliver ambiguous solutions, especially for substantially different distributions as in medical
imaging. Several works tried to address this limitation by adding more terms to the loss
function, such as mutual information [42] and a perceptual loss term [3, 146], that require
no supervision. Despite the different methods proposed, the anatomical constraint remains
insufficient.

As a matter of fact, another challenge when dealing with unpaired 3D medical images is
the lack of 3D consistency. With current hardware memory limitations, it is difficult to train
a 3D network taking as input a whole 3D volume. Instead, a common approach is to use 2D
networks that take a slice of a 3D volume along one axis. Moreover, in the unpaired scenario,
we can have different numbers of slices for the same anatomical region among patients, leading
to difficulties to select anatomically-paired slices. In fact, in [121], authors showed that it is
fundamental to inform both the generator and the discriminator on the specific regions that
should be affected by the contrast materials. For these reasons, they proved that the use of
paired data (albeit slightly misaligned because ceCT is acquired some seconds after CT) is
more effective than unpaired data [121]. Some authors [147] claim that the use of unpaired
data can be mitigated by exploiting the approximately common anatomy between subjects.
They refer to this as position-based selection (PBS) strategy. However, this method has been
proved to perform on par with the use of paired subject only on brain images and for MR-CT
translation [147].

In fact, first, in the abdominal region, the different sizes and lengths of the organs must
be taken into account, implying that the slice a of the patient i with Da slices may not have
the same anatomical content as slice b = a · Db

Da
of patient j with Db slices. Eventually, the use

of 3D affine registration could be a solution to the problem, but the difference between the
two domains, the difficulty of identifying the fixed reference image, and the high variability in
shape and relative size and pose of abdominal organs among subjects (especially in 3D) may
lead to misalignment.

Then, differences between ceCT and CT domains are more subtle than for example between
MR and CT or PET and CT. Due to the physical differences in acquisition, these modalities
exhibit important differences in texture which ease critic mechanisms of discrimination. Con-
versely, ceCT and CT images are distinguishable only in certain anatomical parts and only in
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Figure 4.2: Three slices examples of MR, ceCT and CT images from the Necker database. The MR image
presents different texture from ceCT and CT images, which instead differ only in certain areas of the image.

some 2D slices. Figure 4.2 shows what is claimed.
To address these issues, we propose an extension of the CycleGAN method which includes:

1. the automatic selection of the region of interest by exploiting anatomical information,
in order to reduce the anatomical distribution of 3D data acquired with different fields
of view;

2. the use of a Self-Supervised Body Regressor (SSBR), adapted from [144], to select
anatomically-paired slices among the unpaired ceCT and CT domains, and help the
discriminator to specialize in the task;

3. the use of the SSBR score as an extra loss function that constrains the generator to
produce a slice describing the same anatomical content as the input, inspired from the
auxiliary classifier GAN [104];

4. the use of the input image as a template for the generator, as in [19], and the use of an
anatomical binary mask to constrain the output.

The proposed method is generic and could be used in different medical applications, i.e.
different body regions such as brain or lungs, or different translation modalities such as MRI
to CT or T1-w to T2-w. Here, we propose to use it for the generation of CT abdominal images
from ceCT images and vice versa. In addition, the proposed method is applicable regardless
of the generating network G and discrimination mechanism D chosen. For this reason, an
initial state-of-the-art assessment is conducted in order to find the best combination of G and
D for our specific task. We test also the use of a generated modality, in combination with
the complementary original one, to improve segmentation performance on blood vessels of
pathological patients. To the best of our knowledge, this strategy has never been tested for
such an application.

We show that our method greatly improves the ceCT-CT translation quality compared to
state-of-the-art methods. As a consequence, the segmentation performances using generated
images are also improved, achieving both qualitative and quantitative results comparable to
the ones using both real images. The proposed translation method led to a paper accepted at
the Colloque Francophone de Traitement du Signal et des Images (GRETSI) 2022 [GRETSI-
22]. Its extended version (with improvement on SSBR training, more exhaustive qualitative
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and quantitative evaluation, application on blood vessel segmentation) has recently been ac-
cepted at the British Machine Vision Conference (BMVC) 2022 [BMVC-22].

It is important to highlight that, in our proposition, the use of synthetic images is intended
to increase segmentation performances and not to be used for clinical diagnosis, as in [76].

It should also be noted that in our work we focus on CNN-based methods, as state-of-the-
art methods for unsupervised medical image translation. While interesting works on image-to-
image translation based on Vision Transformer (ViT) are starting to be explored [68, 73], their
application in the medical domain is limited due to the restricted number of data available.
For this reason, existing works focus only on paired medical data sets [27]. ViT architectures
address one of the problem of CNN-based methods: performances in learning long-range
dependencies are limited to their localized receptive fields [49]. ViT encodes images as a
sequence of 1D patch embeddings and utilizes multi-head self-attention modules to learn a
weighted sum of values that are calculated from hidden layers. This results in differentially
weighting the significance of each part of the input data and effectively learning the long-
range information [49]. However, not everyone agrees on Transformer’s revolution. Some
authors claim that CNN, with some single self-attention modules (e.g. MLP) [86, 131] or
a big receptive field that can capture global context [113, 116], exhibit both locality and
spatial invariance after training. Moreover, other authors [88, 141] proved that an up-to-
date CNN, such as a Res-Net, with the same number of parameters than a ViT can achieve
same or even better performances. Finally, I would like to end with a personal thought, in
accordance with what stated in [88]. Investigating those model designs inevitably results in
an increase in carbon emissions (more powerful GPUs, more experiments to understand, more
training hours) and we should not do it if we can achieve already satisfactory performance
with less carbon-demanding methods. Nevertheless, for the sake of completeness, we test a
Transformer-GAN, namely TransGAN [68], on our unsupervised medical task, using the same
technical specifications as the other networks (details in Section 3.4.1), and thus reducing the
number of parameters of the ViT to fit our conditions (further details in Section 4.2.1).

The chapter is structured as follows. In Section 4.1 we describe our proposed methods for
the input selection via SSBR and for the anatomically constrained CycleGAN. In Section 4.2,
first we details the implementation of our algorithms, then qualitative and quantitative results
are discussed. Eventually, we show blood vessel segmentation results when using a generated
CT modality instead of the real one. Section 4.3 presents our conclusion on this contribution
and the next steps planned.

4.1 ceCT-CT image translation using CycleGAN with

anatomical constraints

As stated in the previous section, when using 2D unpaired medical data, the selection of
consistent (i.e., corresponding to the same region of interest (ROI)) and anatomically similar
slices between the two domains is very important to facilitate the generative process. To this
end, we propose to leverage a Self-Supervised Body Regressor (SSBR) [144], a CNN that finds
common features on anatomically similar slices from unlabeled CT images. This results in
assigning the same label for slices describing the same anatomy while belonging to different
patients. The SSBR is trained to estimate slice scores which are monotonous functions of the
slice indices. However, there is no guarantee to obtain the same range of scores for different
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modalities. We propose a solution to this problem. The method described in this section is
summarized in Figure 4.3.

Figure 4.3: Proposed method for the selection of anatomically-paired slices via Self-Supervised Body Regres-
sor, and its use as a loss function LACL. ScoreA,i is the value assigned in [−1, 1] by our proposed pre-trained
SSBR for each slice i in [1,DA] for an image of the domain A, while ScoreB,j for each slice j in [1,DB ] for
domain B. ScoreR is a random score extracted in [−1, 1] used in the anatomically-paired selection process
detailed in the text. The arrows ending with the “+” sign indicate that the input is added to the output of
the network, producing fakeA/B . The Score of the latter is inferred by the SSBR and compared with the
Score of the realB/A input via LACL loss function.

4.1.1 Input selection via SSBR

First of all, because of the different fields of view (FOV) in the two datasets, it is important
to select an appropriate ROI. This can be done off-line and manually, as in [119, 158]. Here,
instead, we first propose a simple, automatic and on-line method to select only slices from
the abdominal region. We automatically select the first slice of the lungs and the last slice of
the intestinal area as upper and lower landmarks, which is easy due to the strong presence of
black pixels in both ceCT and CT acquisitions.

Then, to select anatomically-paired slices we propose the use of an SSBR, as shown in
Figure 4.3, instead than PBS strategy as in [147], where a slice a is selected from a patient
of domain A with DA slices and a slice b = a · DB

DA
is selected from a patient of domain B

with DB slices. For training, we consider the domain Ω (of which A and B are sub-domains),
from which at each iteration K patients are selected. Once the automatic restriction to the
renal ROI is applied, J slices are extracted per patient. The first and last slices of the ROI
are always selected while the others are randomly selected between these two. We optimize
three loss functions that do not require annotated anatomical labels. The first one, as in [144],
favors an increasing order of SSBR scores according to the positions of the slices, avoiding
repeating scores and ensuring similar scores for adjacent regions:

Lorder = −
K∑
k=1

J−1∑
j=1

log(s(Scorek,j+1 − Scorek,j)) (4.1)
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where Scorek,j ∈ [−1, 1] is the SSBR output for slice j of CT volume k, s is the sigmoid
activation function, K is the number of CT volumes in the chosen set (mini-batch) and J is
the number of slices in each volume, as mentioned above.

The second loss function exploits the automatic selection of the ROI, forcing the first and
last slices to have a score of −1 and +1 respectively:

Lnorm =
K∑
k=1

(c(Scorek,1 + 1) + c(Scorek,J − 1)) (4.2)

where c is a smoothed L1 norm. This function guarantees the same score range for both
modalities.

The third loss function takes into account the anatomical variability of the abdominal area.
Using the binary mask BM of the body for each slice (easily obtained in CT), we want the
difference between successive scores to be an increasing function of the normalized cardinality
of the intersection of the BM of successive slices (BMk,j−1 and BMk,j for volume k):

Lanat =
K∑
k=1

J−1∑
j=1

c(∆BM
k,j+1 −∆k,j+1))

with ∆BM
k,j = 1− |BMk,j ∩BMk,j−1|

|BMk,j−1|
and ∆k,j = Scorek,j − Scorek,j−1

(4.3)

This is done in order to increase the difference in score between slices with higher anatomically
difference and not fall into the trivial linear solution.

Eventually, the terms of the cost function are combined by a weighted average, and the
function to be optimized is:

LSSBR = woLorder + wnLnorm + waLanat (4.4)

where wo, wn and wa are empirically chosen weights that balance the three loss terms.
Once the SSBR is properly trained by optimizing Equation 4.4 (details in the next sec-

tion), to extract the anatomically-paired slices for each iteration of the CycleGAN we do the
following:

1. A single patient is selected for each of the unpaired ceCT and CT domains, called
domains A and B;

2. The 3D volumes are automatically restricted to the abdominal region;

3. SSBR scores are predicted for each 2D slice of the two 3D ROIs, using the pre-trained
SSBR;

4. N random SSBR scores, denoted by ScoreRn , are sampled in [−1, 1] , where N is the
selected number of slices corresponding to the size of the mini-batch;

5. For each ScoreRn , the slice with the closest score is selected in each domain, as
argmind |ScoreRn − Score·,d| where · is the domain (A or B) and d is the selected slice
in [1,DA] for A and [1,DB] for B.
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4.1.2 Anatomically constrained CycleGAN

Inspired by [104], we propose the use of the pre-trained SSBR as an auxiliary classifier to
enforce the anatomical consistency (i.e., same body parts) between the input and the syn-
thesized output. During the training phase of the generator, we add to the loss functions of
the standard CycleGAN an L1 norm between the SSBR score of the input real A (resp. real
B) and the SSBR score of the generated slice fake B (resp. fake A), called the Anatomical
Constraint Loss (ACL):

LACL (GAB, GBA) =
1

N

N∑
n=1

|ScorerealA/B ,n − ScorefakeB/A,n| =

= Ea∼pdata(a)

[
||ScoreGAB(a) − Scorea||1

]
+ Eb∼pdata(b)

[
||ScoreGBA(b) − Scoreb||1

] (4.5)

where the two generators are denoted by GAB and GBA, the two sets of images are described
by domain A and domain B (sub-domains of Ω, as domain of abdominal CT images), a and b
are single images, N is the mini-batch size, and the probability distribution for each domain is
denoted by pdata(a) and pdata(b), respectively. The LACL loss function constraints the generator
to produce highly detailed slices describing the same anatomical region as the input, in order
for the SSBR to produce the same score as this.

Therefore, the original loss function of CycleGAN [157] is modified as:

L (GAB, DB, GBA, DA) = LGAN (GAB, DB, GBA, DA) + wcycLcyc (GAB, GBA)

+widtLidt (GAB, GBA) + wACLLACL (GAB, GBA)
(4.6)

with

Lcyc (GAB, GBA) = Ea∼pdata(a) [||GBA (GAB (a))− a||1] + Eb∼pdata(b) [||GAB (GBA (b))− b||1]
(4.7)

and with

Lidt (GAB, GBA) = Ea∼pdata(a) [||GBA (a)− a||1] + Eb∼pdata(b) [||GAB (b)− b||1] (4.8)

The generator GAB transforms domain A in B, GBA does the inverse process, DA is the
discriminator for domain A and DB for domain B (involved in LGAN , detailed below), as
shown in Figure 4.3. The parameter wcyc is the weight for the cycle loss, widt is the weight
for the identity loss and wACL for the anatomical constrain loss. The advantages of using Lcyc

and Lidt in medical images were demonstrated in [70] by Kang et al.. They used a CycleGAN
for denoising of coronary CT, and via an ablation study they demonstrated that the use of
Lcyc avoids creation of any artificial feature that is not present in the input images, while
the addition of Lidt helps to further discriminate features of interest to avoid hallucinations
and also to preserve detailed edge information. We can see the Lidt as a regularizer that
forces the generator to be near an identity mapping when real samples of the target domain
are provided. In this way the model better preserves the content shared between the two
domains (e.g. background colors) and will be more conservative for unknown content [70].
Nevertheless, as described at the beginning of this chapter, for more difficult task such as
modalities translation task, the Lcyc function is not sufficient to achieve desired performances
and the regularization done by Lidt does not affect the translation performance.
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For LGAN (GAB, DB, GBA, DA), it is important to clarify that it is composed by two parts,
LGAN (GAB, GBA) used in the generators optimization and LGAN (DB, DA) used for training
the discriminators. The optimization of generators and discriminators is done alternately, i.e.
for each iteration two cycles are done in which for each one the weights of the part that will not
be trained are freezed. We tested two LGAN approaches: the PatchGAN method of the original
CycleGAN [157] (LPatchGAN) and the Wasserstein loss [2] (LWasserstein), which, according to
the authors, favors the stability of the network in the training phase and its convergence.

For the first one, LPatchGAN , the loss function is calculated between the output of the
discriminator (reduced through convolution to a smaller dimension, named “patch” in [157])
and a matrix composed of ones (M1):

LGAN (GAB, GBA) = LPatchGAN (GAB, GBA) = Eb∼pdata(b) [||DA (GBA (b))−M1||2]
+Ea∼pdata(a) [||DB (GAB (a))−M1||2]

(4.9)

Conversely, the discriminator is trained to assign 1 to real pixels, via M1, and 0 to synthetic
ones, through a matrix composed of zero (M0):

LGAN (DA, DB) = LPatchGAN (DA, DB) = EB∼pdata(B) [||DA (GBA (b))−M0||2]
+Ea∼pdata(a) [||DA (a)−M1||2] + Ea∼pdata(a) [||DB (GAB (a))−M0||2] + Eb∼pdata(b) [||DB (b)−M1||2]

(4.10)
In this way the generator modifies the gradients of the network to reduce this difference,
which indicates that the discriminator is being fooled and interprets the image created by the
generator as real.

The Wasserstein loss function LWasserstein is based on the Wasserstein distance, defined as
the shortest average distance necessary to transport one distribution to another one [2]. The
two generators are trained to minimize the distance between the distributions of real data
and generated images, while the discriminators are trained to maximize it. To this end, the
discriminator does not assign a probability, but it scores the realness or fakeness of input data.
In order to apply the Wasserstein distance to GAN training, the authors of [2] redefined the
objective functions in the following way:

LGAN (DA, DB) = LWasserstein (DA, DB) = Eb∼pdata(b) [l (DA (GBA (b)))]− Ea∼pdata(a) [l (DA (a))]

+Ea∼pdata(a) [l (DB (GAB (a)))]− Eb∼pdata(b) [l (DB (b))]
(4.11)

LGAN (GAB, GBA) = LWasserstein (GAB, GBA) = Eb∼pdata(b) [−l (DA (GBA (b)))]

+Ea∼pdata(a) [−l (DB (GAB (a)))]
(4.12)

where l is a 1-Lipschitz function. Not being forced to have values between 0 and 1, discrimina-
tor weights are clamped within a specific range after each update to prevent very high values.
This approximation of Wasserstein distance has been proved to be effective [2, 71, 150, 149].
It is continuous, differentiable and gives a linear gradient, even when the discriminator is
well trained. Indeed, in [2] it has been noted that with the original PatchGAN method, the
discriminator learned very quickly to distinguish real from fake images, but it then failed
to provide useful gradient information to update the corresponding generator. However, the
Wasserstein distance is difficult to control and the clamping method can lead to the vanish-
ing gradient problem. A solution is proposed in [48], where instead of applying clamping, a
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gradient penalty is implemented in order to punish the discriminator network if the gradient
norm deviates from the desired norm of 1:

LWassersteinGP
(DA, DB) = LWasserstein (DA, DB) + wgp[(∥∇âDA(â)∥ − 1)2 + (∥∇b̂DB(b̂)∥ − 1)2]

(4.13)
where the last element weighted wgp is the gradient penalty, where â and b̂ are randomly
weighted average between a fake and a real sample from each domain as follow:

â = υ · a+ (1− υ) ·GBA(b)

b̂ = υ · b+ (1− υ) ·GAB(a)
(4.14)

with υ ∈ [0, 1]. LWassersteinGP
was used in our tests.

Adding more anatomical constraints Two changes have been proposed to further con-
strain the model from an anatomical point of view. The first one, as in [19], is the use of the
input image as a template on which the generator can work, adding it directly to the output
(we will refer to this technique as InAd in images and tables). In this way the two generators
do not have to build the image completely from zero, but they focus more on how much and
where to change the original image. The output (in [−1, 1]) is multiplied by the dynamic of
the input database (also in [−1, 1]), and in this way a single intensity value can be brought
from the minimum to the maximum or vice versa. The second proposed method is done to
anatomical constrain the generator even more, using a binary mask BM by which the output
is multiplied during inference. In this way only the anatomical structures present in the image
are modified. The binary mask is realized thanks to thresholding at the minimum value of
the image (corresponding to the background) plus 10% (considering noise). Examples are
illustrated in Figure 4.4.

Figure 4.4: Examples of binary mask BM extracted from the input images: Left: ceCT image. Right: CT
image.

4.2 Results and discussion

4.2.1 Implementation details

All trainings and tests were run under the technical specifications exposed in Section 3.4.1.
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SSBR training For the SSBR, we operated as in [144], using Res-Net-34 [50] as the back-
bone with an hyperbolic tangent activation function in the last layer. We considered the
domain of abdominal CT images Ω, i.e. which contains both ceCT and CT. We set the num-
ber of CT volumesK to 32, and the number of J slices extracted from each k to 8. The network
is trained for 1000 epochs with Adam [74] optimizer, an initial learning rate (lr) at 0.05 for
the first 500 epochs, decreased to 0.01 for the subsequent 250 and to 0.005 for the last 250.
The best weights in Equation 4.4 were found empirically as: wo = 5 · 10−3, wn = 10, wa = 10.

Unpaired image translation training The hyperparameters for CycleGAN and UNIT
were found empirically on the training set, starting from those in [157] and [87], respectively.
The training phase consists of 200 epochs with Adam optimizer and a lr that starts at 2 ·10−4

and then linearly reduced to 0, from the 100th epoch. The best combination of weights for
CycleGAN loss terms was found as 0.5 for widt, 10 for wcyc and 1 for wACL. For wgp of
LWassersteinGP

we set a weight of 10, while For KL loss function of UNIT we set a weight of
0.01. We used a mini-batch size of 8 for 2D images with a size of 128×128 and 1 for ones with
size 512×512. In addition, instance normalization was preferred over batch normalization.

4.2.2 Qualitative results on unpaired datasets

Dataset For the unpaired image-to-image translation training, the images were obtained
from the Cancer Imaging Archive (TCIA) [24]. Two databases of pathology-free abdominal
CT images were used: CT Pancreas [118] with 82 ceCT images of abdomens, and CT Colonog-
raphy [124] which contains non-contrast CT images of which 82 healthy subjects were retained
for consistency with the first dataset. For both datasets, 72 patients are used for training and
10 for testing. All axial slices were resized from 512×512 to 128×128 pixels to make the train-
ing less computationally and memory intensive. Please note that the one modality usually
acquired is the ceCT, thus public available CT dataset are hard to gather. We could not find
any other public database for CT without contrast other than CT Colonography, limiting the
possible experiments and qualitative tests to those carried out.

Experiments with state-of-the-art methods First, we tested several existing methods
to select the best networks for the generators (G) and the discriminators (D). These include:
the original CycleGAN [157] with both U-Net and Res-Net as generators, UNIT [87] and
TransGAN [68]. For CycleGAN and UNIT we tested both PatchGAN [157] and Wasserstein
Loss [2] as discriminator mechanism. For CycleGAN we tested also U-Net as discriminator as
in [145] and the use of attention mechanism in the last layer as in [39].

The use of the only renal region slices was deemed essential for our experiments to obtain
anatomically consistent images and our automatic detection of the abdominal region proved
effective, removing the need for manual selection. Some qualitative examples about automatic
ROI selection is shown in Figure 4.5, in which it is possible to see how both UNIT and
CycleGAN show great improvements in the preservation of anatomical structures and general
abdominal shape using only the slices of the renal region.

Moreover, in all these tests, we used the PBS [147] strategy for selecting slices at the same
relative position. The most interesting combinations that we tested are shown in Figure 4.6,
with an example for each domain. CycleGAN showed better results than UNIT, which fails
to fully preserve anatomical structures. In order to use attention mechanism at the end of the
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U-Net, we had to decrease the depth of the network due to the high demanding memory of this
layers. This leads to unrealistic synthetic images (for this reason they are not even presented
in Figure 4.6). Instead, the use of U-Net as discriminator creates a gray veil on the image. The
original CycleGAN [157] with both generator networs and discriminator mechanisms leads to
satisfactory results for the easier task of generating images without contrast. However, only
the CycleGAN with Res-Net as the generating network and PatchGAN as the discriminating
mechanism produced good results in terms of contrast realness for the task of CT2ceCT, as
shown in Figure 4.6. In fact, in this case, the use of a residual network allows for greater
anatomical coherence, and the PatchGAN method is the best performing for contrast repro-
duction, as it is also evident from its use with other methods and other generator networks.
For methods such as TransGAN, performances are limited because we had to decrease the
number of attention layers used due to reduced computational power. Probably, these results
are also caused by the restricted amount of data.

Some experiments using Fréchet Inception Distance (FID) [57] and other proposed mea-
sures for unpaired experiments were also performed. The results are shown in Appendix D
and some critical issues are discussed.

Experiments with the proposed method Despite the good results shown in the method
identified as the best ones in Figure 4.6, in terms of overall shape and contrast intensity, the
PBS selection was not sufficient and several anatomical artefacts appeared (see Figure 4.10
and Figure 4.11). Another existing strategy for anatomically-paired selection that we tested
was the use of 3D affine registration. Given the high variability between the two domains
and the low 3D results using a fixed reference pose shown in Section 3.4.2 with both our
proposed STN (see Section 3.4.1 for details) and Simple-Elastix [96], we decided to perform the
registration at each iteration between the two selected patients with Simple-Elastix algorithm
(details in Appendix B). The anatomical coherence was improved but some important artifacts
still appeared, due to the fact that this strategy often failed in building anatomically-paired
subjects as can be seen in Figure 4.7 (right), where kidneys are not perfectly aligned after
registration. In order to improve results, a 3D registration via landmarks using OpenCV
library [11] was tested but resulted to be high-demanding in terms of time and user-interaction.
Finally, our proposed selection with SSBR was tested, which resulted in better anatomically-
paired selection as shown in Figure 4.9 and consequently reduced the severity of artefacts,
as shown in the forth column (top) of Figure 4.10 and Figure 4.11. In fact, in this way the
discriminator is able to specialize better in the task. Figure 4.8 shows how using the training
of the original SSBR [144] does not guarantee the same score for images of different modalities,
conversely from our method with the use of Lnorm (Equation 4.2). Furthermore, the original
training falls into the trivial solution and slices with high anatomical difference appear to have
similar scores. The use of the proposed Lanat (Equation 4.3) overcomes this weakness.

We then added the LACL loss function, which significantly improved anatomical coherence,
particularly in the binary mask regions. Eventually, we combined in a first moment the use of
input as template InAd and in a second moment the binary mask BM . The complete proposed
method based on SSBR selection with LACL, InAd and BM produced high quality synthetic
images, without visual artefacts and with realistic contrast intensity according to physicians’
evaluation. Some qualitative results are detailed in Figure 4.10 and Figure 4.11.
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Figure 4.5: Top: example of renal ROI selection using the number of black pixels in relation to the total
number of pixels of each individual slice to automatically select the first slice of the lungs and the last slice
of the visceral area as the upper and lower reference points respectively. Bottom: comparison of CycleGAN
and UNIT trained without and with renal ROI selection (PBS strategy was used). For both methods, we
used U-Net as generator network and Patch-GAN as discriminator mechanism. First row: from ceCT to CT.
Second row: from CT to ceCT. In the forth and fifth column is shown a general improvement in both the
preservation of anatomical structures and the abdominal shape. An idea of how the expected output should
look like is provided in the last column.
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Figure 4.6: Comparison of some state-of-the-art methods on slices of the unpaired test set. Top table: ceCT
to CT. Bottom table: CT to ceCT. The slices in all tests are selected with PBS. The input in the other
direction gives an idea of what the expected result should look like.
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Figure 4.7: Two examples of 3D affine registration using SimpleElastix [96].

Figure 4.8: Example to show differences in SSBR scores using the original training and our proposed one.
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Figure 4.9: Some examples of input selection methods. The anatomically-paired slice B is chosen starting
from slice A with a Position-Based Selection (PBS), 3D affine registration+PBS or our proposed SSBR
selection.
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Figure 4.10: Qualitative results on unpaired slices. From CT to ceCT. Tests based on CycleGAN. Three
bottom columns: results with our methods, we add each proposition to the SSBR selection. InAd indicates the
input addition while BM the use of binary mask. Arrows: high (red), low (orange) and no (green) artefacts.
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Figure 4.11: Qualitative results on unpaired slices. From ceCT to CT. Tests based on CycleGAN. Three
bottom columns: results with our methods, we add each proposition to the SSBR selection. InAd indicates the
input addition while BM the use of binary mask. Arrows: high (red), low (orange) and no (green) artefacts.
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4.2.3 Quantitative ablation study on paired database

Dataset For quantitative testing we used the only 10 patients of the Necker PRAC database
(detailed in Chapter 2) in which paired abdominal ceCT-CT images were available. It is impor-
tant to note that the small number of patients in this data set prevents achieving satisfactory
performance on training generative models. Furthermore, since the ceCT images are acquired
a few seconds from the CT, an affine registration using Simple-Elastix [96] slices by slices was
performed. No public paired ceCT-CT datases is available, so this small dataset we gathered
is quite rare. Moreover, we want to emphasize that for each subject we have at our disposal
about 100 2D slices of the renal ROI and therefore the results refer to a total of about 1000
2D images.

Results The quantitative ablation and comparative study was performed using the pre-
sented methods, pre-trained on the unpaired data-sets. The results are presented in Table 4.1
using mean square error (MSE), structure similarity (SSIM) and peak signal to noise ratio
(PSNR) between real and fake images, and training time (TIME). All our contributions im-
prove on the original CycleGAN with PBS [147], at the cost of some additional learning time
(note that the inference time remains the same for all methods). Their combination produces
the best results for both tasks. The use of affine registration seems to be quantitatively com-
parable to the use of SSBR for the selection and loss function LACL, but the network requires
a very high computational time in addition to the creation of artefacts, as illustrated in Fig-
ures 4.10 and 4.11. Moreover, analyzing these quantitative results, it is important to take into
account that the alignment of the paired ceCT-CT may not be perfect.

4.2.4 Blood vessel segmentation using ceCT and CT

To further demonstrate the realness of the images generated by our method, similarly to [23,
119, 125, 158], we compared the performance of a segmentation network when using either a
real image and a fake image, or both real images. As discussed at the beginning of the chap-
ter, these authors demonstrate how the use of both CT modalities, combined with standard
iconographic data augmentation on target structures, alleviates the difficulties caused by the
variability in contrast medium diffusion. In the absence of one of the modalities, the use of
synthetic images can be exploited. It is also important to point out that another benefit of
such an idea lies in the fact that is even more of an effort to produce manual segmentation
in CT images compared to ceCT, therefore we can use synthetic CT generated with an image
translation method using as reference segmentation that of the real ceCT image. Here, we test
this method on pediatric and pathological (renal cancer) subjects for the segmentation of blood
vessels, i.e. arteries and veins, in the abdominal-visceral region. These structures present a
high heterogeneity in pediatric abdominal ceCT images (see Table 2.1 and Table 2.2), due to
the presence of big tumors (with respect to other anatomical structures) which can obstruct
the passage of contrast medium. In particular, we use synthetic CT generated from labeled
ceCT, in order to train a segmentation network with both real ceCT and synthetic CT.

Dataset For the proposed segmentation application, the synthetic images used were pro-
duced using generative methods trained as explained previously but with images at the origi-
nal size 512×512. We used both the paired dataset presented in the previous section and the
complete Necker PRAC dataset for arteries and veins segmentation (detailed in Chapter 2).
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Table 4.1: Quantitative study on the 10 patients of Necker database with paired images. Mean square error
(MSE), structure similarity (SSIM) and peak signal to noise ratio (PSNR) are shown as mean and standard
deviation. TIME is the training time. Tests based on CycleGAN. The last section of rows presents the ablation
study, in which each proposition is added to the SSBR selection. InAd = input addition, BM = binary mask.

CycleGAN Method MSE [10−2] (↓) SSIM [10−1] (↑) PSNR (↑) TIME (↓)
real CT→fake ceCT vs real ceCT

PBS 10.05 (2.89) 5.76 (0.65) 16.14 (1.15) 3h 2m
AFFINE REG. 8.16 (1.80) 6.36 (0.57) 16.99 (0.87) 16h 33m
SSBR selection 9.07 (2.39) 5.99 (0.71) 16.56 (1.07) 7h 5m

+LACL 8.55 (2.28) 6.19 (0.69) 16.82 (1.07) 7h 49m
+BM 8.42 (2.46) 6.24 (0.73) 16.91 (1.17) 7h 5m
+InAd 6.79 (2.85) 6.60 (0.74) 17.97 (1.54) 7h 14m

+LACL +BM 8.19 (2.32) 6.36 (0.72) 17.02 (1.14) 7h 49m
+LACL + InAd 6.41 (1.97) 6.67 (0.63) 18.11 (1.22) 7h 55m

+LACL + InAd +BM 6.37 (2.01) 6.81 (0.62) 18.14 (1.23) 7h 55m
real ceCT→fake CT vs real CT

PBS 8.26 (1.97) 5.36 (0.28) 16.96 (1.04) 3h 2m
AFFINE REG. 4.72 (0.95) 6.77 (0.37) 19.36 (0.93) 16h 33m
SSBR selection 7.15 (2.16) 5.68 (0.52) 17.64 (1.26) 7h 5m

+LACL 5.87 (1.73) 6.08 (0.22) 18.47 (1.12) 7h 49m
+BM 6.07 (1.28) 6.61 (0.65) 18.28 (0.99) 7h 5m
+InAd 6.16 (1.15) 5.87 (0.23) 18.18 (0.79) 7h 14m

+LACL +BM 5.08 (0.85) 6.87 (0.52) 19.02 (0.74) 7h 49m
+LACL + InAd 4.24 (0.86) 6.80 (0.37) 19.83 (0.92) 7h 55m

+LACL + InAd +BM 4.05 (0.83) 7.23 (0.53) 20.03 (0.92) 7h 55m

Reference segmentations of arteries and veins were manually performed by medical experts of
Necker also on the paired CT images due to possible misalignment. Eventually, in order to
test the method with all the labeled structures in the complete Necker PRAC dataset, we test
it also for ureters segmentation and for kidneys and tumor segmentation (see Chapter 2).

Segmentation performances Given the restricted paired dataset, all tests were done with
the Leave-One-Patient-Out (L-O-P-O) method using the 3D nnU-Net [61] framework, detailed
in Section 3.1.2. In order to be consistent, the weights initialisation and the research space
(Npatches ×Niterations) are fixed for all the nnU-Net trainings. Results (using evaluation mea-
sures of Appendix A) show that replacing a real CT modality with a synthetic one produced
with CycleGAN and the PBS method, as in [119, 125], is not sufficient to achieve performances
as good as when using both real modalities. By contrast, the synthetic CT images produced
by our method achieve the highest Dice score and the lowest Hausdorff distance, with the best
combination of precision and recall. Moreover, these results achieve almost same performances
of using both real modalities. This is even more evident for the more heterogeneous cases,
particularly for the veins. Quantitative results are shown in Table 4.2, while some qualita-
tive results are illustrated in Figure 4.12. We can see that the use of both modalities leads
the network to focus less on the HU value, and the use of our fake images produces results
very similar to those with the real ones. These improvements result in better segmentation
in areas with strong heterogeneity and less confusion with structures with similar contrast.
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For the sake of completeness, even if not present in any existing methods, experiments using
3D affine registration and PBS were also performed, showing comparable results of using just
PBS (arteries DS = 70.52% (sd=7.74), veins DS = 42.77% (19.21)).

Table 4.2: Segmentation performance on real ceCT of 10 patients (and then on the only 5 more hetero-
geneous cases) using L-O-P-O methods. Dice score (DS), precision (PR), recall (RC) and 95th percentile
of the Hausdorff distance (95HD) are given in mean and standard deviation. All tests were done using 3D
nnU-Net [61] with intensity (except if indicated with “no DAI”) and geometric data augmentation (see Ap-
pendix B). The first row for both sections is our goal.

INPUT Database Structure DS [100%] (↑) PR [100%] (↑) RC [100%] (↑) 95HD [mm] (↓)
on 10 patients

real ceCT and real CT
Arteries 74.61 (5.89) 85.22 (8.32) 69.06 (8.15) 15.39 (5.72)

Veins 45.62 (13.72) 60.61 (19.53) 38.68 (14.83) 31.47 (16.53)

real ceCT no DAI
Arteries 63.75 (11.18) 80.33 (10.99) 53.88 (12.48) 23.43 (8.18)

Veins 21.18 (19.70) 64.04 (34.08) 15.45 (16.04) 42.14 (23.79)

real ceCT
Arteries 73.01 (6.57) 81.08 (8.70) 67.19 (8.43) 15.80 (7.01)

Veins 40.58 (23.50) 55.94 (31.39) 33.72 (26.61) 40.65 (30.90)

real ceCT and fakePBS CT
Arteries 69.59 (8.89) 79.54 (10.85) 63.47 (12.59) 18.08 (8.21)

Veins 44.40 (22.75) 58.44 (21.78) 38.38 (23.20) 39.31 (16.79)

real ceCT and fakeOurs CT
Arteries 72.33 (7.41) 77.29 (10.32) 68.63 (8.88) 15.48 (6.38)

Veins 44.49 (22.50) 54.98 (26.74) 40.28 (22.69) 38.90 (32.76)

on the 5 more heterogeneous cases

real ceCT and real CT
Arteries 75.01 (5.82) 85.17 (4.37) 67.50 (8.57) 12.79 (6.04)

Veins 40.87 (14.73) 56.93 (18.63) 32.62 (13.05) 31.16 (10.76)

real ceCT no DAI
Arteries 66.59 (8.31) 86.89 (5.70) 54.83 (10.29) 23.34 (9.14)

Veins 14.66 (17.05) 71.31 (39.90) 8.89 (10.98) 50.35 (29.50)

real ceCT
Arteries 72.94 (6.30) 84.37 (3.80) 64.89 (9.71) 13.49 (5.14)

Veins 28.28 (19.84) 51.97 (38.06) 17.50 (18.41) 35.57 (14.33)

real ceCT and fakePBS CT
Arteries 70.77 (9.18) 84.41 (5.96) 63.00 (15.51) 13.83 (5.95)

Veins 33.47 (26.92) 45.48 (34.33) 27.73 (23.78) 37.73 (23.42)

real ceCT and fakeOurs CT
Arteries 73.18 (7.51) 80.58 (4.59) 67.63 (11.25) 12.73 (4.10)

Veins 40.57 (20.25) 62.01 (13.31) 31.96 (18.91) 32.83 (13.84)

Other quantitative results for the entire ceCT Necker dataset (no CT images available)
for the segmentation of arteries and veins can be found in Table 4.3. Here, we trained the
nnU-Net [61] for segmenting arteries and veins using 51 early-injected ceCT pediatric patients.
The remaining 15 subjects are used as test set. The advantages of using both real ceCT and
the synthetic CT images generated by our method instead of PBS are even more visible. This
is due to the fact that we consider a larger dataset with many more heterogeneous images, so
using both ceCT and CT images with high anatomical consistency between the images and the
reference segmentation, produces the best result. However, since we do not have the paired
real CT images, we cannot verify what the expected results are. Eventually, on the same way,
we test the method also for ureters segmentation (Table 4.4) and for kidney and renal tumor
segmentation (Table 4.5). The use of synthetic CT images generated by our method leads to
the best performances. Neverthless, here the benefits of the combined use of real ceCT and
synthetic CT are less visible than in arteries and veins. This may be caused by the few data in
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the ureters database and the lower heterogeneity of the kidneys and tumors. It is interesting
to note how in kidney and tumor segmentation, the exploitation of images generated by the
PBS method produces segmentation results much worse than using just real ceCT. This is
probably due to an anatomical inconsistency between CT input and reference segmentation.

Figure 4.12: Top left: box plot representing mean and standard deviation of HU for abdominal blood vessels
for the 10 paired patients. Top right: Particular on patient 6 where the tumor blocks the injection of contrast
and it causes high hetereogenity on cava vein. Bottom: Segmentation results of the most heterogeneous patient
(top, patient 6) and the least heterogeneous one (bottom, patient 9). Arteries are displayed in green, and veins
in blue. Arrows: strong (red), light (orange) and no (green) error.
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Table 4.3: Segmentation performance on real ceCT of 15 patients of the test set of arteries and veins
ceCT Necker dataset, composed of 65 patients (we used 43 for training and 7 for validation). Dice score (DS),
precision (PR), recall (RC) and 95th percentile of the Hausdorff distance (95HD) are given (mean and standard
deviation). All tests were done using 3D nnU-Net [61] with intensity and geometric data augmentation.

INPUT Database Structure DS [100%] (↑) PR [100%] (↑) RC [100%] (↑) 95HD [mm] (↓)
on 15 patients

real ceCT
Arteries 63.45 (5.67) 71.73 (9.99) 57.87 (7.31) 17.46 (9.65)

Veins 42.64 (20.12) 76.67 (13.17) 31.84 (17.12) 23.55 (17.00)

real ceCT and fakePBS CT
Arteries 65.60 (4.45) 73.04 (10.83) 60.91 (7.12) 15.59 (8.47)

Veins 45.77 (18.67) 73.14 (14.88) 35.37 (17.87) 21.25 (20.05)

real ceCT and fakeOurs CT
Arteries 70.01 (3.99) 76.29 (8.23) 65.77 (7.73) 13.47 (10.09)

Veins 56.55 (20.20) 81.53 (8.91) 46.98 (22.38) 20.93 (22.96)

on the 5 more heterogeneous cases

real ceCT
Arteries 63.23 (4.24) 74.86 (7.53) 54.99 (4.55) 15.54 (6.08)

Veins 27.43 (20.62) 66.64 (15.59) 19.90 (17.58) 24.90 (8.42)

real ceCT and fakePBS CT
Arteries 64.97 (1.12) 76.68 (11.92) 57.61 (5.97) 15.49 (5.26)

Veins 33.16 (18.83) 62.77 (18.28) 24.18 (16.09) 20.91 (7.55)

real ceCT and fakeOurs CT
Arteries 70.15 (3.52) 80.40 (9.97) 62.89 (4.71) 12.15 (6.65)

Veins 37.00 (16.11) 77.58 (11.78) 26.01 (14.02) 21.71 (6.33)

Table 4.4: Segmentation performance on real ceCT of 5 patients of the test set of ureters ceCT Necker
dataset, composed of 16 patients (we used 10 for training and 1 for validation). Dice score (DS), precision
(PR), recall (RC) and 95th percentile of the Hausdorff distance (95HD) are given (mean and standard devia-
tion). All tests were done using 3D nnU-Net [61] framework with intensity and geometric data augmentation.

INPUT Database Structure DS [100%] (↑) PR [100%] (↑) RC [100%] (↑) 95HD [mm] (↓)
on 5 patients

real ceCT Ureters 54.43 (24.82) 78.95 (13.19) 49.28 (29.35) 19.46 (24.76)

real ceCT and fakePBS CT Ureters 54.02 (28.61) 73.31 (8.01) 51.73 (31.28) 17.58 (26.39)

real ceCT and fakeOurs CT Ureters 57.57 (21.32) 73.34 (6.93) 53.23 (26.14) 13.99 (25.34)

Table 4.5: Segmentation performance on real ceCT of 15 patients of the test set of kidneys and renal
tumor ceCT Necker dataset, composed of 80 patients (we used 58 for training and 7 for validation). Dice
score (DS), precision (PR), recall (RC) and 95th percentile of the Hausdorff distance (95HD) in mean and
standard deviation. All tests were done using 3D nnU-Net [61] with intensity and geometric data augmentation.

INPUT Database Structure DS [100%] (↑) PR [100%] (↑) RC [100%] (↑) 95HD [mm] (↓)
on 15 patients

real ceCT
Kidneys 90.15 (3.57) 91.22 (3.31) 89.80 (9.11) 4.59 (3.58)

Tumors 86.92 (10.49) 94.00 (5.80) 82.35 (17.06) 8.20 (6.39)

real ceCT and fakePBS CT
Kidneys 87.53 (9.56) 90.03 (3.35) 86.36 (13.75) 4.77 (3.18)

Tumors 82.17 (25.12) 88.46 (19.20) 77.13 (27.65) 10.70 (12.08)

real ceCT and fakeOurs CT
Kidneys 90.84 (3.56) 89.46 (4.20) 92.38 (4.17) 4.62 (4.39)

Tumors 88.39 (11.71) 92.17 (9.40) 86.80 (14.96) 6.46 (6.54)
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4.3 Conclusion

In this chapter we presented an extension of CycleGAN via the use of a Self-Supervised
Body Regressor to: (i) better select anatomically-paired slices; (ii) anatomically constrain
the generator to produce a slice describing the same anatomical content as the input. This
method can be used independently of the choice of generating network and discrimination
mechanism. It is important to highlight that the world of GAN-based methods is progressing
rapidly, and more and more advanced and high-performance methods are being proposed. We
have made choices both because of technical limitations and because of what was discussed at
the beginning of the chapter on carbon emissions. In fact, for a fairer comparison we would
have had to try more methods and see if proposed modifications lead to significant changes
as well. However, we believe that the methods examined are sufficient to cover much of the
state of the art, especially if we focus on the world of GANs applied in the medical domain. In
fact, in this field, as we can see from the articles mentioned here that date from the last two
years, the methods adopted are those that we analyze in this chapter. This is probably due to
the large size and quality of medical images (high memory required) as well as the restricted
databases, especially in the pediatric field (difficulty of convergence or generalization for the
networks).

The method we propose is designed from the difficulties associated with the translation of
unpaired abdominal ceCT-CT images but it is applicable on other medical translation tasks.
However, we believe that: (i) the higher spatial consistency in other anatomical areas (brain or
lungs), may make the use of the PBS method sufficient for the selection of anatomically-paired
slices; the substructures differences between different acquisition modalities (e.g. MR and CT
or PET and CT) ease the discrimination by the critic mechanism and the use of anatomically-
paired slices may not be necessary, as demonstrated by some work in the literature. Finally,
all the difficulties presented would be overcome with the use of 3D networks that examine the
entire patient volume. Nevertheless, this scenario would require GPUs with very high VRAM,
which I do not believe are currently available, as well as an infinite training time.

Refocusing on the translation of abdominal ceCT-CT examined in this chapter, we showed
significant improvements in the generated images compared to existing methods. The difficulty
of finding paired images, especially in the pediatric field, is the central point of this study
which at the same time leads to a lack in quantitative evaluation. In fact, unpaired images
do not yet allow reliable quantitative assessments (see Appendix D) and visual assessment
can be difficult. The joint work with medical experts allows to have more solid qualitative
evaluations, understanding which images have still significant artifacts.

To further validate our method, we demonstrated that the synthesized images can be used
to guide a segmentation method by compensating, without loss of performance, for the absence
of the complementary real acquisition modality. However, the improvement given by the use
of both modalities is not visible for the segmentation of all the structures. The use of a strong
iconographic data augmentation sometimes seems to be sufficient.

Before concluding, we want to point out that the segmentation results showed in this
chapter for arteries, veins and ureters are still unsatisfactory from a clinical point of view. For
this reason segmentation methods for renal tubular structures are specifically examined in the
next chapter.



74 CHAPTER 4. CROSS-DOMAIN CT IMAGE TRANSLATION USING CYCLEGAN



Chapter 5

Segmentation of tubular structures on
pediatric abdominal-visceral ceCT
scanners with renal tumor

In order to achieve our final goal of a complete 3D model of a patient affected by renal
tumor, we now address the automatic segmentation of arteries, veins and collecting system
(i.e. ureters). These structures raise several challenges, such as (i) elongated shape (few pixels
in a 2D cross section), (ii) intra- and inter-patient contrast heterogeneity, and (iii) intra-scale
changes. Some authors [51, 85, 128] try to solve these issues on adults ceCT images without
great results or limited to specific acquisition CT modalities. The difficulties of segmenting
such tubular structures are also increased in pediatric subjects, due to:

• Inter-anatomy variation. Pediatric databases include subjects with ages from 1 day to
16 years, thus the size and position of the vessels vary widely among subjects. Moreover
in case of pathology (e.g. renal tumor) the shape and direction of the vessels also vary
(difficulties to choose a 2D cross section to work on).

• Small volume to background ratio. In addition to the problem of intra-scale changes,
given by the difference in vessel diameters also found in adults, in pediatric subjects
such structures are very small (see anatomical information in Chapter 2). Even using
patches, these structures will still result in a small number of foreground voxels compared
to the background ones, as shown in Figure 5.1.

• Small available labeled dataset. Pediatric databases are limited in number of images as
discussed in Chapter 3.

We propose, for the first time, an automatic segmentation approach of renal tubular struc-
tures for pediatric and pathological patients. Our method is based on CNN, merging the best
of the state-of-the-art methods and adding a new loss function built on vesselness [38, 80, 84],
determined from the eigenvalues of the Hessian matrix of segmentation masks. The main fea-
tures of our propositions are:

• Comparing the eigenvalues of the Hessian matrix of the predicted and reference seg-
mentations forces the network to learn the morphology of the target structure. These
eigenvalues have specific patterns depending on shape: they are different from zero in
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Figure 5.1: Example of patches of size 96×160×160 extracted from the input volume with voxel size
0.9×0.46×0.46 mm3 (Z×X×Y). a. Relation of patch with respect to the input volume (top: axial view,
bottom: sagittal view). b. Example of patches with elongated structures in (from left to right) axial view,
coronal view and sagittal view (top: input images, bottom: reference segmentation). The patches in a. and
b. are not corresponding.

the case of elongated structures (with one preferred direction, one eigenvalue is much
smaller in magnitude than the other two) or flattened structures (two preferred direc-
tions) such as vessels (which are elongated but can also be compressed in some regions
by other organs or tumors because of the lower rigidity, as for the veins [132]).

• Instead of being used on the input image, the vesselness function is adapted to be used
on segmentation masks for the first time. For this reason some modifications to this
function are developed.

• The different sizes of the vessels are considered using Gaussian filters with multiple
standard deviation. The combination of this technique with deep supervision also makes
it possible to operate on slices or patches with vessels of different diameters, without
having to handle any additional hyperparameter.

• The above considerations are modeled as loss functions and combined with voxel-wise
ones such as Dice score and cross-entropy. This approach improves the performance of
elongated tubular structures segmentation in comparison with the use of voxel-wise loss
functions alone.

• For computation efficiency, it is possible to limit the time-consuming calculation of
eigenvalues to the only voxels of the target structure or to a dilation of it.

This chapter is divided into three main contributions. First, a complete assessment on
state-of-the-art methods for the segmentation of renal tubular structures on ceCT images
on adults is presented in Section 5.1. Secondly a comparison of these methods on adults is
performed on pathological and pediatric ceCT images in Section 5.2.1. To the best of our
knowledge, both assessment and comparison on this specific case are novel. Eventually, the
best techniques identified are merged with a proposed oversampling method and improved with
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the use of the proposed tubular structures loss function based on vesselness. A comprehensive
study of this is detailed in Section 5.2.2.

The rest of the chapter is organized as follow. In Section 5.3 the images selected from
the Necker PRAC database are presented as well as the implementation of the experiments
performed. Then, in Section 5.4 the results on both the state-of-the-art comparison and the
proposed method are shown and discussed. Finally, in Section 5.5 our conclusion are drawn.

5.1 Assessment of State-Of-The-Art methods of renal

tubular structures segmentation on ceCT images

Most of the studies on vessel segmentation that are applied to 3D contrast-enhanced imaging
modalities (for both CT and MRI) on adults are extensively described by Lesage et al. [84]
for non-machine learning-based methods (which we will refer to as “rule-based” for simplicity)
and by Moccia et al. [102] for machine learning methods, in particular deep learning. In these
reviews, it appears that a popular approach is the use of second-order derivative information,
captured via Hessian-based filters, to characterize the local image geometry. These techniques
can be summarized under the name “vesselness filters” (as done by Lamy et al. in [79, 80])
and because of their importance, as well as inspiration for our proposed method, the first part
of this section is addressed to them. It is important to emphasize that we mainly focus on
methods specifically presented for renal tubular structures segmentation on ceCT, although
some relevant works from other domains are also introduced.

5.1.1 Vesselness filters

Vessels in contrast-enhanced medical images are characterized by hyper-intensity and specific
geometry features. Therefore, they can be seen as a bright tubular structure on a dark
background and consequently for a given function that analyzes these properties, the voxels of
the vessels will have a higher score, namely vesselness. A fair amount of work was dedicated
to the proposition of such a function (see [79, 80, 84] for reviews), and most of them arising
from the analysis by Lorenz et al. [89]. This states that a voxel can be considered belonging
to a vessel if the Hessian matrix computed at this voxel, has a small eigenvalue of either sign
and the other two eigenvalues are large and negative. Let (x, y, z) be the space coordinates
and f(x, y, z) be the intensity value of the image (defined by a function f), the Hessian matrix
H is defined as:

H(f) =

hxx hxy hxz

hyx hyy hyz

hzx hzy hzz

 =
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 (5.1)

and calculated at each space coordinate. LetW1, W2 andW3 be the three normalized eigenvec-
tors ofH(f), associated with the eigenvalues λ1, λ2 and λ3, respectively, with |λ1| < |λ2| < |λ3|.
The vesselness is characterized by:

|λ1| ≈ 0 (namely small)

λ2 ≪ 0

λ3 ≪ 0

(5.2)
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In order to deal with the non-continuity of the digital medical images and with the high
sensitivity to noise of second order derivatives, the Hessian matrix is computed on the image
convolved with a Gaussian kernel gσ. Moreover, in presence of a vessel, W1 associated to λ1

corresponds to the direction of the putative vessel, while W2 and W3 form a basis of the vessel
cross section where |λ2| and |λ3| represent the sizes of the cross section. The most popular
function to score the so-called vesselness is the one proposed by Frangi et al. [38]. Aiming to
build a method suited for medical images, they developed a filter F based on three measures
and three parameters:

F = (1− exp (
−R2

a

2α2
)) exp (

−R2
b

2β2
)(1− exp (

−S2

2γ2
)) (5.3)

if λ2, λ3 < 0 and F = 0 otherwise, with:

Rb = |λ1|/
√

|λ2λ3|
Ra = |λ2|/|λ3|

S =
√
λ2
1 + λ2

2 + λ2
3

(5.4)

in which Rb discriminates blobs, Ra distinguishes plate and line structures, S measures the
norm of the Hessian matrix to avoid enhancing low contrast structures, and α, β and γ control
the importance of each measure. Moreover, to cope with different vessel sizes, the vesselness
measure is analyzed at different Gaussian kernels and then the maximum response, i.e. the
maximum F , is kept. As stated in [84], Hessian-based filters may suffer from sensitivity to local
deformations (bifurcations, thrombus or flattened vessels). Moreover, a parameters search is
required for both the scale-space parameters (e.g. σ of g) and the intrinsic parameters of
the methods (e.g. α, β and γ in Frangi’s vesselness). In addition, extraction of large vessels
requires large standard deviations of gσ that can result in perturbation in the response due to
other bright structures in the immediate vicinity of the target vessel. These limitations are
confirmed by the study presented in [80] where acceptable segmentation results using vesselness
filters are obtained only for synthetic images that present no structures other than vessels.
However, they can be useful as a first step for segmenting ceCT images, in particular for intra-
organs vessels where the neighborhood is more homogeneous (further details in Section 5.1.2).
Some interesting alternatives to multiscale Hessian-based filters have been developed, such
as the optimally oriented flux (OOF) [83], the ranking of the orientation responses of path
operators (RORPO) [99] and the work in [5] where the Frangi’s vesselness is applied on the
local Jacobian of the gradient vector flow (GVF) field. However, OOF and RORPO are also
analyzed in [80] and no improvement in performance over Hessian-based filters was observed,
while the method presented in [5] has high computational cost, also in GPU, due to GVF
diffusion calculation.

In literature, besides segmentation purpose, vesselness functions have also been used as cost
function in lung vessel-tree registration algorithm for ceCT images [16, 22, 33]. Small vessels
give almost no contribution to intensity-based similarity metric, thus to further improve the
registration accuracy, the sum of squared vesselness measure difference (SSVMD) is employed
as geometric-feature similarity metric. In fact, the lung region-of-interest (ROI) in ceCTs
perfectly fits the idea of bright tubular structures in dark background (i.e. air is black in
ceCTs), overcoming some weakness of Hessian-based filters previously exposed. With the
same goal, very recently Wange et al. [136] proposed the use of vesselness as a loss function
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in a CNN for the first time. In particular they use a normalized vesselness Jerman filter [66],
that is more robust to weakly constrasted regions than Frangi’s one.

5.1.2 Rule-based methods for tubular structures segmentation

Works that do not use neural networks [84] usually rely on the fact that vessels are contrasted
with respect to other structures, i.e. a bright (or dark) structure in a dark (resp. bright) back-
ground, as the previously presented vesselness filters. On abdominal-visceral ceCT images,
this case is restricted to early arterial phase acquisition for having high contrasted arteries or
to late delayed phase acquisition for having high contrasted excretory pathways (i.e. ureters).
Examples of each phase acquisition time in relation to contrast agent injection in CT are
displayed in the Introduction in Figure 1.4. Nevertheless, as explained in the Introduction,
due to the very rapid occurrence of the arterial phase (in particular on children) or due to
medical choice in order to have both arteries and veins with higher intensity, very often ceCT
images are acquired in a late arterial phase, also known as arteriovenous phase [54]. Here, both
types of vessels are contrasted but the presence of less contrast medium in each one results in
lower intensity (and thus less difference with other structures) as well as greater heterogeneity
(which may be accentuated by the presence of tumor or thrombus). Some examples are shown
in Figure 5.2.

Figure 5.2: Some examples of arteriovenous phase ceCT images from the pediatric and pathological dataset
of Necker hospital. From left to right: low contrast in both veins (left arrow) and arteries (right arrow);
heterogeneity zone in veins (left arrow) caused by the tumor, while high intensity on arteries (right arrow);
renal parenchyma (left arrow) and blood vessels (right arrow) shows similar intensities. Color code for contours:
kidneys in brown, tumor in green, arteries in red, veins in blue.

To tackle this problem, Bugajska et al. [13] present a semi-automatic approach based
on three steps for the segmentation of renal tubular structures in ceCT composed of: (i)
a first binarization and erosion, in which the threshold is derived from a ROI (derived by
points defined by the user); (ii) a subsequent Locally Adaptive Region Growing (LARG)
technique to deal with the lack of homogeneity of voxel intensity values due to an improper
contrast propagation; (iii) a final level set method (LSM) which uses the result of LARG
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as initialization. Results on 10 patients show that the first two steps are already sufficient
to obtain good results in segmentation of the main and larger abdominal-visceral arteries,
while only after the third step the small renal vessels reach 80% of the Dice score. However,
the method still works better on ceCT with non-late arterial phase, otherwise there is a
high demand of user-interaction. Yet at the same time, the method does not allow for the
segmentation of veins, in which the contrast is still too low. A similar approach is used in [54],
in which the authors point out the difficulties of dealing with a combined arteriovenous phase
in ceCT images, and for this reason the main threshold is determined by analyzing different
points defined by the user. Then they focus on intra-renal vessels segmentation using a LARG
on a manually-delineated ROI around each kidney in which a vessel enhancement through
multiscale vesselness Frangi filter [38] was first applied. Among unsupervised methods not
based on deep learning, it is also important to mention Tensor-cut [135], a novel tensor-
based graph-cut method based on the local neighboring Markov random field (MRF) model.
The limitations of these methods lie in the user interaction and in the setting of different
initialization parameters, required according to the input image and to the specific tubular
structure to be segmented.

5.1.3 Deep learning-based methods for tubular structures segmen-
tation

Moving on to deep learning-based works for tubular structures segmentation, we first want to
focus on the method of Virz̀ı et al. [132] which is not applied to renal ceCT images, but still
dedicated to tubular structures segmentation. Authors propose a semi-automatic patch-based
deep learning approach to segment pelvic vessels in 3D MR images of pediatric patients. To
consider only relevant patches, the skeleton of the vascular tree is obtained combining user-
selected landmarks and shape-appearance information, and then patches are extracted along
this skeleton. This method also allows dealing with small volume to background ratio thanks
to the possibility to create patches of smaller dimensions without losing information, and
therefore at the same time to decrease training time and memory required by the CNN. This
method works well for pelvic vessels whose branching is fairly simple and constant, although
it always requires some user’s interaction. In the case of renal structures, while the ureters
tree is quite simple, this is not true for arteries and veins trees, as we can see in the example
in Figure 5.3.

In order to overcome the problem given by the user’s skeleton creation to work with only
small and relevant patches, Dang et al. [28] propose the use of a PNet-based [138] patch
classifier called Vessel-CAPTCHA. The difficulty of this method lies precisely in the training
of the classifier, which requires a large number of patches to achieve good performance. For
these reasons, the authors decided to work in 2D, losing the volumetric information, and to
create a user-friendly annotation system on a large unlabeled training set.

In the following we focus on fully automatic methods.

Fully-automated algorithms A first fully-automated algorithm is Kid-Net [128]. It is a
method to segment renal arteries, veins and collecting system via CNN on ceCT. The authors
point out the higher importance to operate on these structures using 3D patches instead of
2D slices, since the latter do not have enough information. Moreover, instead of training
for individual foreground classes independently, they train the network to detect the three
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Figure 5.3: Ureters on the left in pink and renal blood vessels tree on the right with arteries in red and veins
in blue.

foreground classes for the same reasons discussed in Section 3.1.2. Kid-Net is a 3D U-Net
and its major contributions rely on the use of a deep supervision, a patch selection method
that handles unbalanced data through the use of random sampling and a dynamic weighting
based on volume to background ratio. They use cross-entropy as loss function. Results on 100
subjects of a private dataset of arterial phase ceCTs are above 85% of Dice score for arteries,
degrading if we focus on the small vessels around the kidney, and around 60% for both veins
and ureters because of greater difficulty due to the lower contrast intensity.

To tackle the difficulties on fine vessels segmentation and on having a small dataset, He et
al. [51] propose DPA-HRA-DenseBiasNet. The DenseBiasNet takes standard 3D U-Net as the
basic structure, but it compresses and transmits all feature maps in each layer to every forward
layer. Moreover, the authors propose what they call “the deep prior anatomy (DPA) strategy”:
an autoencoder (AE) is trained in an unsupervised manner with numerous unlabeled data in
which noise is added and the AE is optimized to reconstruct the original image. Once the AE
is trained, the features are embedded in the supervised model to guide it. Finally, they propose
a hard region adaptation (HRA) loss function that samples the loss dynamically according
to the segmentation quality of each pixel. The authors used a private dataset of 196 kidney
cancer adults patients from which 392 patches are extracted and 156 of them were labeled by
clinicians: 52 labeled patches were used for training the Dense 3D U-Net, the last 104 labeled
patches for test set and the remaining 236 unlabeled images for training the AE. They achieve
for the first time fine renal artery segmentation with Dice score equal to 88%, showing better
results than Kid-Net and 3D U-Net trained and tested on the same database. It is important
to underline that with the only use of the Dense 3D U-Net a Dice Score of 86% is already
achieved, and the use of HRA and then HRA+DPA both add 1%. We would like to emphasize
that no reason is shown why the use of the autoencoder for DPA leads to a priori anatomy
modeling. The weaknesses of this method rely on the computing process that requires a lot of
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memory and time, due to the dense connections of the network and the additional parameters
of DPA strategy. Furthermore, this work has been tested only on arteries, experiments with
veins and ureters still need to be done.

A faster method is presented in [85], in which the authors try to segment not only all
tubular structures but also renal parenchyma and tumors with a single network. They use
a Residual U-Net with a multi-scale weighted cross-entropy loss function that gives greater
importance to foreground voxels, edges, and complicated and small structures. Tests on 100
ceCT images confirm the analysis by other authors with high Dice score for parenchyma (96%)
and arteries (86%), acceptable for veins (80%), but a difficulty in segmenting the collecting
system (62%) and tumor (29%).

Focusing now on methods not developed for the renal area but still focused on ceCT images,
special attention should be paid to the well-known nnU-Net [61]. Among the various proposed
contributions already presented in Section 3.1.2, similar to the Kid-Net [128] approach, the
authors also propose the training of multiple “foreground” classes, the use of deep supervision
and an oversampling technique. However this is different from Kid-Net’s one, we remind the
reader in fact that nnU-Net ensures that one of the classes of interest is contained in at least
33.3% of patches in every mini-batch. The other 66.7% of patches is randomly selected from
the entire training set. Another difference with Kid-Net lies in the final loss function, which
is a combination of soft Dice loss and cross-entropy.

Other methods focused on ceCT images exploit distance map to improve performance.
Distance maps are generated by computing the distance transform on the segmentation masks.

Some authors [102] propose to use it to leverage the differences in diameter of the vessels.
In [134], authors use the inverse of the normalized distance map to weight the voxel of the
reference segmentation in the Dice loss calculation. Their proposed loss function is called
Radial Distance loss, RDloss, and successfully improves lung tree segmentation performances
of both smaller vessels and voxels at the boundaries of thicker ones. A similar approach is
proposed in [15] to segment tubular bones, such as femur and tibia, but the inverse distance
map is applied using cross-entropy calculation.

This idea of exploiting the geometry of the vessels is also used by Wang et al. [139],
who propose to include the tubular geometry information directly in the training of a CNN.
The distance map is created for every manual segmentation, and used as reference for a loss
function with the second output channel of the network (where the first output channel is
the segmentation mask). During inference, the segmentation mask is refined by leveraging
the shape prior reconstructed from the distance map (named Geometry-Aware Refinement,
GAR). One important proposition is that the distance map D is quantized on values from
0 to K (calculated as the maximum possible distance) and the cross-entropy is calculated
between the discrete distance map D and the probability that a voxel belongs the k-th class
(softmax of the second output with K + 1 channels). In this way, the authors [139] formulate
the distance prediction problem as a classification problem. The authors explain that the
use of distance map without quantization can make the training difficult because outliers can
cause large errors and lead to unstable predictions (resulting in difficulty for the network to
converge). Experiments showed better performances compared to the previous state-of-the-art
methods on aorta, cava vein and hepatic vessels segmentation in ceCT scans, automatically
providing also the distance map for a geometrical measurement of the tubular structures, at
the expense of high computational time and memory. The limitation of this method also lies
in the possibility of segmenting one structure per network.
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Recently some authors are beginning to combine CNN with Graph Neural Network (GNN)
with satisfactory results for tasks such as lung vessel-tree semantic segmentation in ceCT
images [41, 129] and head and neck artery semantic segmentation in angiographic ceCT im-
ages [148]. The CNN gives a rough estimate of branch endpoint landmarks and binary branch
segmentation locations, and then the GNN refines these rough estimations to produce the final
semantic segmentation. However, their utility lies in being able to do semantic segmentation
from binary labels, i.e. segmenting lung vessel-tree branches to fine categories of n segments
while training the network with the entire lung vessel-tree, which is not our purpose. More-
over, CNN-GNN networks require a very high computational cost as well as a high amount of
input images to converge.

5.1.4 Assessment considerations

According to what has been analyzed, to date there is still no method capable of segmenting
all renal tubular structures in arteriovenous ceCT images with high performance, in addition
to the fact that none of those presented used pediatric ceCT images, which present further
difficulties. However, various techniques presented in this section appear to be the basis for
good performances, such as the use of a single network to detect multiple adjacent structures,
the deep supervision, and the oversampling and patch selection method. These techniques
allow to overcome certain limitations related to the segmentation of tubular structures, in-
cluding the small available labeled dataset, the intra-scale changes, and the small volume to
background ratio. The main limitation still seems to be related to the loss functions used. In
fact, voxel-wise functions do not seem sufficient for tubular structures segmentation, and the
combined use of distance map does not seem to be effective, presenting instead a redundancy
of information for the network. Taking inspiration from non-machine learning methods, and
in particular from vesselness filters, we propose instead to combine the voxel-wise losses with
a new loss based on the eigenvalues of the Hessian matrix and on the vesselness function
itself. Our idea is to exploit both the a priori structural morphological knowledge of tubular
structures and the information about their neighborhood, which must be continuous in the
main structure direction.

5.2 Methods

In this section, we first present the approaches for selecting and implementing the methods
we will compare. Then we propose a new loss function based on the vesselness. We show that
adding this loss function to a merge of the best method found and a proposed oversampling
method, allows further improving both qualitative and quantitative performances.

5.2.1 Comparison of state-of-the-art methods of renal tubular struc-
tures segmentation in ceCT images

We focus on deep learning-based methods due to the difficulties of rule-based methods related
to heterogeneity of image intensity in arteriovenous ceCTs, as shown in Section 5.1.2.
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Methods selection

We decided to compare some of the methods presented in Section 5.1.3, summarized in Ta-
ble 5.1. Our selection criteria are:

(i) fully-automated algorithm,

(ii) distinctive peculiar techniques,

(iii) code available or easily reproducible.

The first criterion was chosen as a result of the problems set out in Section 5.1.3, related to
the works of Virz̀ı et al. [132] and Dang et al. [28]. For the second criterion, we have identified
three distinctive techniques: the use of the distance transform as a second loss term, the
dense connection method useful for segmenting fine structures, and the deep supervision for
the loss calculation. Among the methods based on the previous peculiar techniques, almost
none have the code available online but some are easily reproducible, given the many details
provided by the authors. We selected the method proposed by Wang et al. [139] for distance
transform (Method 1), the method of He et al. [51] for the dense connections (Method 3), and
Kid-Net [128] for the use of deep supervision (Method 4). A variant of the Deep Distance
Transform method presented by Ma et al. [90], whose code is available online, has also been
analyzed (Method 2). Lastly we selected the nnU-Net [61], as it is a high performing method
in general for the segmentation of medical images with its deep supervision method (such as
Kid-Net) optimizing CE combined with Dice score (Method 5). Moreover, nnU-Net code is
available online for the purpose of benchmarking, in contrast to the similar Kid-Net algorithm.

Table 5.1: 3D fully-automated supervised methods selected for comparison

N° Method Backbone Outputs Loss functions

M1 Deep Distance Transform [139] U-Net (depth 5)
1: Segmentation

2: DistanceMap One-Hot Encoder
1: SoftmaxCE
2: SoftmaxCE

M2
Deep Distance Transform
[90, 139]

U-Net (depth 5)
1: Segmentation
2: DistanceMap

1: SoftmaxCE
2: Mean of L1

M3 DenseBiasedU-Net [51] DenseU-Net (depth 4) 1: Segmentation 1: SoftmaxCE+Dice

M4 Kid-Net [128] U-Net (depth 5) 1: Segmentation
1: SoftmaxCE

w/ deep supervision

M5 nnU-Net [61] U-Net (depth 5) 1: Segmentation
1: SoftmaxCE+Dice
w/ deep supervision

Methods implementation

We implemented the selected methods (summarized in Table 5.1) as follow:

M1. We implemented this code starting from the available code of Method 2 which can be a
variant of this. To be able to apply the idea of Deep Distance Transform method [139]
to formulate the distance prediction problem as a classification problem (as explained
in Section 5.1.3) to two structures (i.e. arteries and vein), we propose that the discrete
distance map of veins is added to the discrete distance map of arteries. We add KA

(maximum possible distance of the distance map of arteries) to all values of the distance
map of veins where different from 0 (the distance map is 0 where the reference segmen-
tation is 0 so this idea cannot produce errors). In this way the final distance map Dmap
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presents values from 0 to KA +KV , where KV is the maximum possible distance of the
distance map of veins. By doing so, after quantization, the final distance map Dmap as
well as the second output will have KA+KV +1 channels. We coded also the Geometry-
Aware Refinement (GAR) presented in [139], in order to refine the segmentation output
with the quantized distance map output.

M2. This is a variant of the Deep Distance Transform method [139] that was implemented by
Ma et al. [90]: the second channel, i.e. the distance map, is not quantized. Authors [90]
used an L1 norm as loss between the reference distance map Dmap and the second output
of the network (Conv3D 1×1×1 with no activation function). This implementation
makes it easier to use the distance map for multiple structures but does not respect the
idea of the original paper of Wang et al. [139] (Method 1). The code is available online.

M3. We implemented the DenseBiasedU-Net [51] as in the original paper from scratch. Each
dense biased connection compresses via a convolutional layer the feature maps in each
layer of the U-Net at only 4 feature maps. Then, these are transmitted and concatenated
to every forward layer. The reduction is done in order to reduce feature redundancy
while keeping the integrity of information flow and gradient flow, allowing also to fuse
multi-scale features. In order to fit the network in a 16 GB GPU, the 3D U-Net has
depth of one layer less than the other methods. The HRA and DPA techniques were not
implemented due to their low contribution in improving performance (see Section 5.1.3)
and the limited database at our disposal (see Necker PRAC database at Chapter 2).

M4. We implemented this code starting from the avaiable code of Method 5, using only CE in
the loss function and with the different oversampling method presented in Section 5.1.3.

M5. The original implementation is available online for nnU-Net [61]. Here we used our high
fidelity implementation from scratch detailed in Section 3.2.

5.2.2 Proposed tubular structures loss function

Motivation

The use of Dice score and cross-entropy revealed to be not enough to evaluate the segmentation
performance on fine tubular structures. Both are very sensitive to small structures: changing
a few voxels can change the score significantly, in particular the Dice score. This can also
affect the training process with patches (example in Figure 5.1): we can have high gradient
even when the number of wrong pixels is small, and additionally we can have fluctuations due
to very different batches. Furthermore, when large and small blood vessels are present in the
same patch (e.g. aorta or cava vein and very tiny renal vessels), we will have a good Dice
score but the algorithm only segments the aorta or cava vein, while it completely misses the
small renal vessels which represent a lower percentage of the foreground voxels in the patch.
Eventually, due to the heterogeneity of the vessels, there is a strong uncertainty about some
vessels segmentation which may result in prediction of vessels with interruptions.

However, voxel-wise information is necessary to perform voxel classification, such as seg-
mentation. Moreover, for medical image segmentation, cross-entropy proved to be not enough
to reach high performance [61], due to the extreme scarcity of foreground voxels in a patch,
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that will force the network to have a strong bias to the background [155]. The use of the Dice
score in the loss function tackles this problem, carrying with it the limitations outlined earlier.

In order to introduce information that is exempt from the number of pixels of the reference
segmentation and that also is not voxel-wise but takes the neighborhood into account, we
propose to leverage the use of the eigenvalues of the Hessian matrix and the vesselness function,
described in Section 5.1.1, as a loss function for the segmentation masks. In fact, on the
one hand, the eigenvalues allow us to verify that the structural morphology of the predicted
segmentation is similar to that of target structure. On the other hand, the vesselness allows
us to enhance the segmentation of elongated structures without interruptions. Finally, the
different sizes of vessels in a patch can be taken into account by using such loss functions in
a multi-scale manner via deep supervision.

Due to the different images, namely the segmentation masks, to which these functions are
applied, a new formulation of the steps for calculating eigenvalues and the resulting vesselness
score is presented in the next section.

Formulation

As presented in Sections 5.1.1 and 5.1.2, the application of vesselness functions on abdominal
ceCT images with arteriovenous phase leads to unsatisfactory results. Taking inspiration
from the use of vesselness for registration presented in Section 5.1.1, here we propose for the
first time to translate the use of vesselness as loss cost function for segmentation purpose.
Therefore, our proposed vesselness function will not be applied on the abdominal ceCT input
image but on its segmentation mask and on the predicted one. These images in fact exhibit
the sought-after characteristics for a satisfactory vesselness application, similar to those of the
lung ROI (bright tubular structures in black background) used in [16] and [136].

One might argue that using such a function on the product between input and segmentation
mask would be more appropriate; however, the heterogeneity of ceCT images, particularly of
the pediatric ones, makes it complicated to find vesselness parameters that are appropriate
for all the structures present in the patch.

Furthermore, since the probability map at the output of the network is not a binary
object, an approach directly adapted to binary objects (e.g. moments comparison) would
not be appropriate. In fact, our idea stems from the analysis of probability maps at the
network output of a classic 3D U-Net: in these, tubular structures were found, but because
of the problems exposed in the previous paragraph, a low probability to the correct class was
assigned to contour voxels or to the ones belonging to finer portions of the vessel. We noticed
that the use of Frangi’s vesselness increases the probability assigned to the voxels of each class
that most respects the vesselness. Figure 5.4 shows this more clearly.

However, applying it as post-processing on probability maps may greatly increase false
positives. For this reason, we incorporated this idea directly into the training of the neural
network as a loss function. In order to do this, we need to transform the reference segmentation,
which is instead a binary object, as applying the Hessian matrix on this will result on a non-
zero gradient only on the edges. The proposed pipeline for our Hessian-based vesselness is as
follows:

1. Gaussian filtering. We smooth both the binary segmentation of the reference and
the probability map of the prediction by applying a convolution with a Gaussian kernel
strong enough to have zero-gradient only in the principal dimension. Nevertheless, a
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Figure 5.4: First row: map of probability by class as output of the network after using a softmax function.
Second row: Application of Frangi’s vesselness filter. Color code: gray scale from black as 0% of probability
of a voxel to belong to that class and white as 100% of probability.

high standard deviation σ might make the small blood vessels completely disappear.
As a compromise, taking inspiration from [38], we apply 5 different Gaussian kernels
with σi∈[1,5] ranging from 1 to σmax with a step of σmax

5
. The value of σmax is found

empirically, in relation to the size of both the selected patch and the structures to be
segmented. The final smoothed predicted P (or reference R) segmentation is computed
as: Pgσ =

∑5
i=1(gσi

∗ P ). This way we ensure that we only have zero gradient along the
main direction.

2. Hessian matrix calculation. We calculate the Hessian matrix as in Equation 5.1 for
every voxel of the filtered segmentation Pgσ , as H(

∑5
i=1(gσi

∗ P )). It is important to
emphasize that thanks to the convolution with the Gaussian kernel presented in the
previous step, we ensure that the second partial derivatives for each voxel of the seg-
mentation masks are all continuous and that each Hessian matrix is a symmetric matrix
by Schwarz’ theorem. This is fundamental because the computation of eigenvalues is
differentiable only for real symmetric matrices [8, 91, 143]. Further details on the differ-
entiability are provided in Appendix E.

3. Ordering of eigenvalues. Due to the fact that in the case of predictions which include
initially no structure or structures with different shapes and directions, using directly
the vesselness function could result in a training slowdown or even in worse segmentation
performance. This is because such vesselness functions require to sort the eigenvalues
by magnitude, that in our case could end in prediction P and reference R having for
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the same voxel v a very similar vesselness score for structures with different preferential
directions. In order to overcome this issue, we order the eigenvalues of predicted and
reference voxels (resp. Pv and Rv) via their associated normalized eigenvectors W . In
particular we match the eigenvectors with the smallest angle between them, namely the
minimum rotation required to overlap them, finding argmin

P

∑3
i=1 ||(WPvP)i− (WRv)i||2,

where i is the index of the column representing the associated normalized eigenvector
and P are all the possible permutation matrices. Figure 5.5 illustrates this idea.

Figure 5.5: Ordering of eigenvalue vectors Λ of the same voxel v in order to allow for a fair comparison
between them. Using SSVMD to compare vesselness score F results in a very low value even if prediction P
(yellow) and reference R (light blue) have different main directions. Moreover, a comparison of eigenvalues
ordered by magnitude does not reflect the real dissimilarity between the two segmentations (top box on the
right). In order to overcome this issue, we order the eigenvalues of predicted and reference voxels via their
associated normalized eigenvectors W , matching the W with the smallest angle between them (bottom box
on the right). This matching is important in this case, where a voxel-wise loss function would fail to correctly
assess this error due to the fineness of the portion of the vessel.

4. Multi-scale supervision. In order to inject as much information as possible to the
network, we do the same for the subsequent three output levels of resolution using the
above mentioned deep supervision technique in Equation 3.3. However, given the lower
spatial definition of these outputs, the number of σ values used for the Gaussian kernel
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is set to 5− q, i.e. σi∈[1,5−q], where q is the resolution level as in Equation 3.4 (0 as first
level).

As motivated in the previous paragraph, our vesselness loss function, named Tubular struc-
tures Loss - TsLoss, is composed of two parts: a first loss function to check the morphology
of the structures, named morphological similarity loss function and denoted by MsLoss, by
comparing the eigenvalues ordered by the eigenvectors matrix as presented above; a second
loss function to force prediction of elongated structures as in Frangi’s vesselness function, and
thus named Frangi vesselness loss function FvLoss.

The morphological similarity loss function is defined for a single image and a single
target structure at level of resolution q as:

MsLossq(Pq, R) =
1

3MR̃

MR̃∑
m=1

3∑
o=1

(Λo(H(

5−q∑
i=1

(gσi
∗ pm))− Λo(H(

5−q∑
i=1

(gσi
∗ rm)))2 (5.5)

where gσi
are the 5 − q different Gaussian filters applied to the segmentation masks, with

standard deviations σi (as explained before in step 1), H is the Hessian matrix (step 2),
Λ is the array containing the three eigenvalues of H ordered by the associated normalized
eigenvectors (via the smallest angle as explained before in step 3 and Figure 5.5), pm is the
probability of a voxel m of the predicted segmentation P (i.e. the output probability map)
at resolution q and rm is the corresponding target sample of the reference segmentation R,
while MR̃ is the number of voxels of the dilation of R with a square structuring element of size
3× 3× 3 (calculating eigenvalues over the entire image is expensive in terms of computational
time, and the use of dilation revealed to be sufficient for our purpose thanks also to the
combined use of voxel-wise loss functions). Moreover, this loss function allows us to take in
consideration also flattened and deformed vessels (due to the presence of the tumor), in which
instead the direct use of Frangi’s vesselness may not be useful due to vesselness scores that
can be very close to 0 and thus too similar to the score of non-found vessels. In the global
loss function, the MsLoss term is weighted by a factor ws.

The Frangi’s vesselness loss function is designed in a non-supervised way for a single
image and a single target structure at level of resolution q as:

FvLossq(Pq, R) =
1

MR̂

MR̂∑
m=1

(1− F (H(
∑5−q

i=1 (gσi
∗ pm)))

Fmax

) (5.6)

where MR̂ is the number of foreground voxels of R, F is the Frangi’s vesselness presented
in Equation 5.3, Fmax is the maximum among the MR̂ Frangi’s vesselness values. This loss
function forces voxels corresponding to the target structure to have a high vesselness value,
avoiding the vanishing gradient problem. The use of the former MsLoss function allows
forcing the correct direction of the predicted vessels and thus enables the possibility of using
Frangi’s method without favoring incorrect predictions.

The complete tubular structures loss function is:

TsLoss =
1

N

N∑
n=1

Q∑
q=0

wq ·
1

C

C∑
c=1

(wmsMsLossq(Pn,q,c, Rn,c) + FvLossq(Pn,q,c, Rn,c)) (5.7)

where N is the batch size, C the number of structures to be segmented (not counting the
background), Pn,q,c is the prediction Pq for the class c of the image n of the batch, Rn,c is
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the corresponding reference segmentation, and Q the number of output resolution levels taken
into account (equal to 4 in our experiments, as explained before in step 4) with wq as in
Equation 3.4. This loss function is added to the voxel-wise functions, such as cross-entropy
and soft Dice loss terms.

Figure 5.6 shows the complete pipeline for the proposed tubular structures loss function.

Figure 5.6: Tubular structures loss function (TsLoss) pipeline. This function is composed of two loss terms,
one that uses the eigenvalues Λ of the Hessian matrix calculated for every voxel of the filtered segmentation
masks, and the other that uses the F Frangi’s vesselness function [38] calculated from these eigenvalues. The
TsLoss term is applied in deep supervision for the first 4 resolution levels, together with voxel-wise loss
functions. See text for details.

5.3 Materials and Experiments

We present two sets of experiments. The first one has the aim to segment arteries and veins
with the same network for the reason presented in the previous section. The second set of
tests has the goal to train a network to only segment the ureters. The three structures are
not segmented with the same network because they are labeled on different ceCT acquisition
modalities, as detailed in Chapter 2.

5.3.1 Database

We worked on the Necker PRAC database presented in Chapter 2.
For ureters segmentation we trained and tested on the 16 ceCT scanners with excre-

tory/delayed phase. In particular we trained the networks using 10 patients, keeping 1 for
validation. For inference we used the data from 5 patients: 2 with mono-phasic injection and
the 3 with bi-phasic injection.

For the segmentation of arteries and veins we trained on the 63 ceCT images with vas-
cular/early phase of mono-phasic injection (see Figure 1.4). In particular, we used 46 ceCT
for training and 5 for validation. For testing we used the images of 15 patients: 12 with
mono-phasic injection and 3 with bi-phasic injection.

All images are pre-processed as for the nnU-Net [61] (and as done in the previous chapters,
see Section 3.4.1) and are pre-cropped in the abdominal ROI (using the automatic method
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and on-line method presented in Chapter 4.1). Eventually, images are divided into 3D patches
of size 96× 160× 160.

5.3.2 Training implementation details

The number of training epochs is fixed at 1000 with 500 patches seen at each epoch, randomly
chosen from the training set. The number of iterations at each epoch depends on the mini-
batch size, specifically set to 4 in our experiments. All trainings and tests were run using
the same specifications as presented in Section 3.4.1. Patches are randomly extracted from
the abdominal ROI for training and validation images. During inference we operated as in
nnU-Net [61] using the sliding window on the abdominal ROI with overlapping of half of the
size of the patch and the Gaussian importance weighting.

Due to the strong imbalance between patches with only background and patches with
structures, an oversampling technique for selecting at least 50% of patches with a minimal
number of voxels per structure, MinPix, was adopted for all methods in Table 5.1 for which
no oversampling was done M1 - M3). This choice was made because early results without such
a technique had very poor performance for veins and ureters. Moreover, for networks that
segment arteries and veins, an additional oversampling on patches with structures is done due
to the lower presence of the latter, ensuring that the previous 50% are equally distributed. A
sufficient MinPix was empirically found as 1000 voxels for all the structures. For Kid-Net
(M4) and nnU-Net (M5) we used the oversampling technique of these methods, previously
presented.

The on-the-fly spatial and iconographic data augmentation presented and discussed in Sec-
tion 3.1.2 is applied at each iteration (details in Appendix B). In this case the augmentation
is applied to both the entire input images and the target structures alone (only the icono-
graphic changes), in order to better manage heterogeneity of image intensity. As discussed
in Chapter 3, this step is critically important when working on 3D patches (as opposed to
work on 2D slices, as demonstrated). The use of synthetic CT images to tackle heterogeneity
problems is not used in this chapter in order to evaluate the techniques independently. The
results obtained with the method proposed in this chapter combined with the use of both real
ceCT and synthetic CT are shown in Chapter 6.

Stochastic Gradient Descent (SGD) with a Nesterov momentum of 0.99 is used as optimizer
for all tests. The initial learning rate lr of 0.01 is reduced following the poly learning rate
policy [18], decaying at each epoch e by multiplication of the initial lr by a factor of (1 −
e
E
)0.9 where E is the total number of epochs. In our proposed method, we also assessed

the performance of Adam [75] and Adagrad [34] optimizers with initial lr of 10−3, taking
inspiration from the work in [78]. This study is described in Appendix E.

We empirically found the best value of weight wms of MsLoss in Equation 5.7 as 0.05
for arteries and veins, and 0.01 for ureters, and the weights of F (Equation 5.3) for FvLoss
(Equation 5.6) as α = 0.1, β = 0.1 and γ = 2. We also found the best σmax to ensure zero
gradient only in the main direction equal to 25. The search of these parameters is presented
in Appendix E.

In addition to TsLoss, for the reasons stated in Section 5.2.2, cross-entropy (CE) and Soft
Dice score (to which we will refer simply as Dice in tables and figures) were used in the loss
function for trainings.
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5.3.3 Evaluation measures

For the quantitative evaluation of the segmentation results, we compute three different cat-
egories of measures. The first two are the same as in the previous chapters and detailed in
Appendix A: Dice score, precision and recall as spatial overlap based measures, and the 95th
percentile of Hausdorff distance as spatial distance. However, these measures carry with them
the limitations presented in the previous sections, and for this reason, alone they are not
sufficient for a proper evaluation of the segmentation results. To overcome these limitations,
we decided to use also our proposed morphological similarity loss (MsLoss in Equation 5.5)
for the motivations discussed in Section 5.2.2. In the result tables we refer to this measure as
∆Λ.

Moreover, we perform a further analysis for arteries and veins, which we refer to as Recall
analysis. In this study, arteries and veins of the reference segmentation are semantically
segmented into substructures that differ in diameters and directions. Arteries are divided into
aorta, renal arteries and celiac artery, and veins into cava vein and renal veins. Aorta and cava
vein are larger and follow approximately a constant direction, renal arteries and veins are very
tiny vessels with irregular directions, while the celiac artery has a medium diameter between
the previous structures and has a T-shape that branches perpendicular from the aorta on the
coronal plane. An example of this sub-division is shown in Figure 5.7. The more a vessel is fine
and irregular, the more the difficulty in manual segmentation increases. For this reason, the
Recall measure between the prediction and each of these parts of the vessel tree is calculated.
Indeed, we believe that having fewer false negatives is really important to speed up the 3D
anatomical modeling process, since manual segmentation of missing parts takes longer than
false positive removal. This is due to the proximity of arteries and veins and the fineness of
the tubular structures being segmented.

5.4 Results and Discussion

In this section we show and discuss the results obtained with the methods of Table 5.1 and
with our proposed method. A further study on different implementations of the proposed
vesselness loss functions in both the best method found in the comparison and the proposed
method is detailed in the Appendix E.

5.4.1 Arteries and veins segmentation

Table 5.2 shows the quantitative results for the comparison of state-of-the-art methods for
arteries and veins using the evaluation measures presented in the previous section. The Deep
Distance Transform method [139] (M1) outperforms the other state-of-the-art methods in all
the measures (precision and recall need to be read together). Nevertheless, once the GAR
post-processing is removed (which takes a long time in inference), the performances drop.
The DenseBiasedU-Net [51] (M3) reduces false positives, as we can see from the values of
Precision and 95th of Hausdorff Distance (95HD). The problem with this technique lies in
the lower depth of U-Net, due to the large amount of memory required by dense connections,
which limits the network’s information extraction. For what concerns Kid-Net method [128]
(M4), we cannot say if the worse results are due to the oversampling technique or the only
use of cross-entropy as loss function. Given the high presence of false negatives (low recall
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Figure 5.7: Examples of sub-division of the reference segmentation for the Recall analysis. Arteries are
divided into aorta (in color red), renal arteries (fuchsia) and celiac artery (purple), while veins in cava vein
(blue) and renal veins (light blue). Left: lateral view. Right: front view.

in Table 5.2) we think it may be due more to the latter. Overall, nnU-Net [61] (M5) can
be identified as the best technique, where deep supervision with Dice and CE leads to good
results without any heavy post-processing. For this reason and because of the ease in building
on this method, we decided to apply our oversampling method within nnU-Net and then add
our proposed loss functions. The proposed oversampling method is effective and compara-
ble to the one presented in nnU-Net, nevertheless it seems to better balance the number of
voxels examined for each class in the case of multiple structures, reducing the difference in
performance among classes. The use of MsLoss greatly improves segmentation results, highly
reducing false negatives and both spatial distance and morphological similarity between pre-
diction and reference. The addition of FvLoss to build the final TsLoss decreases even more
the number of false negatives, at the expense of increasing false positives, but with significant
morphological similarity improvement.

This is best seen from the qualitative results in Figure 5.11 (worst, average and best results
for each method) and from the Recall analysis in Figure 5.8. In the latter, we can infer that
the use of the proposed loss functions allows the network to identify better vessels of smaller
diameter and with different directions (and thus morphology) from each other. Moreover,
better results for both vein sub-structures underline that such vesselness loss functions may
overtake heterogeneity problems.

We underline that the use of Dice and cross-entropy (CE) alone does not consider the
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Table 5.2: Results on 15 patients using bbox patches 96×160×160 obtained with the methods of Table 5.1
and with our proposed method for arteries (A) and veins (V) segmentation. *without GAR. **without HRA
and DPA. Mean and standard deviation of the results are given. Other quantitative results on arteries and
veins segmentation using patches of smaller size and different loss function implementations are shown in
Appendix E.

Method Oversampling S Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) 95HD [mm] (↓) ∆Λ (↓)
M1 - Deep Distance Transform* Proposed A 69.99 (3.44) 85.08 (10.63) 60.42 (5.28) 16.65 (13.29) 21.62 (1.99)

[139] MinPix V 37.29 (23.06) 82.59 (19.62) 26.77 (19.69) 27.28 (26.41) 22.51 (3.11)

M1 - Deep Distance Transform Proposed A 71.91 (3.85) 81.39 (10.44) 65.47 (5.42) 16.40 (13.45) 20.19 (1.95)

[139] MinPix V 41.98 (23.76) 78.55 (18.95) 32.32 (22.41) 27.57 (29.59) 21.78 (2.95)

M2 - Deep Distance Transform Proposed A 63.73 (5.63) 78.52 (13.59) 54.56 (4.75) 22.75 (13.95) 22.44 (1.79)

[90, 139] MinPix V 32.26 (22.60) 82.26 (26.92) 22.21 (16.81) 36.29 (20.49) 22.28 (3.25)

M3 - DenseBiasedU-Net** Proposed A 65.76 (4.15) 86.95 (11.79) 53.71 (4.64) 18.26 (15.17) 23.42 (1.95)

[51] MinPix V 34.89 (22.20) 85.86 (10.37) 24.66 (18.93) 19.62 (10.10) 23.07 (3.09)

M4 - Kid-Net Random and A 65.70 (3.23) 88.93 (9.88) 52.82 (5.29) 19.48 (7.88) 23.19 (1.92)

[128] dynamic weighting V 28.36 (23.56) 87.01 (16.84) 19.78 (18.87) 28.52 (21.23) 22.02 (3.89)

M5 - nnU-Net Foreground in A 68.05 (5.26) 84.43 (11.05) 57.85 (6.32) 15.55 (9.13) 22.12 (1.99)

[61] 33.3% of mini-batch V 39.78 (16.80) 79.36 (12.87) 28.15 (14.27) 25.12 (28.97) 23.18 (2.60)

Proposed 1: Proposed A 63.45 (5.67) 71.73 (9.99) 57.87 (7.31) 17.46 (9.65) 21.15 (1.93)

Deep Sup. Dice + CE MinPix V 42.64 (20.12) 76.67 (13.17) 31.84 (17.12) 23.55 (17.00) 21.38 (3.27)

Proposed 2: Proposed A 75.88 (3.03) 87.92 (4.64) 67.09 (6.15) 9.79 (4.58) 19.67 (2.39)

Deep Sup. Dice + CE + MsLoss MinPix V 60.33 (25.63) 81.76 (9.33) 53.26 (27.28) 18.65 (21.29) 19.47 (3.65)

Proposed 3: Proposed A 76.77 (3.93) 80.41 (10.17) 75.04 (7.66) 10.02 (5.80) 17.73 (2.49)

Deep Sup. Dice + CE + TsLoss MinPix V 58.35 (26.79) 75.83 (13.01) 54.09 (28.87) 18.84 (21.31) 19.37 (3.29)

Figure 5.8: Recall analysis of the last three rows of experiments in Table 5.2 for the different structures.
Arteries are divided into aorta, renal arteries and celiac artery, while veins in cava vein and renal veins.

minimization of morphological differences, as can be seen from the graphs in Figures 5.9
and 5.10. In these experiments we selected 100 patches with high presence of the target
structures and training with different combinations of loss functions for 500 epochs. The
TsLoss and MsLoss values are plotted for each training, including one in which it is not used
as a loss function during training (in orange). In Figure 5.9, the proposed loss function is
considered in its entirety as TsLoss and we can see that it is not minimized during Dice+CE
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training. In Figure 5.10, the attention is on the morphological loss term (MsLoss), and we
can notice that the use of the specific vesselness loss term (FvLoss) helps in better optimizing
the MsLoss (red and green curve).

Figure 5.9: How TsLoss behaves during training for different combinations of loss functions.

Figure 5.10: How MsLoss behaves during training for different combinations of loss functions.
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Figure 5.11: Worst (top, DiceScore : A = 78.30;V = 15.01), average (middle, A = 77.94;V = 62.07) and
best (bottom, A = 83.56;V = 84.29) segmentation results (averaged between arteries and veins) on single
patients for our method using the proposed TsLoss, and the results for the same patients with the other
methods. For each patient we show also one coronal slice highlighting the most peculiar and difficult regions
with green arrows (left: input ceCT; right: reference segmentation). The number-method correspondence is
shown in Table 5.1, while the order corresponds to that shown in Table 5.2. 3D models are back-front to make
renal arteries visible. Arteries in red and veins in blue. *w/o GAR.
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5.4.2 Ureters segmentation

Similar considerations can also be made for ureters segmentation. However, it is good to
emphasize that the database used was very limited and the test set of only 5 subjects may
not be representative.

Quantitative results are shown in Table 5.3. Here the most performing state-of-the-art
method, from a spatial overlap and morphological point of view, is DenseBiasedU-Net [51]
(M3). This may be due to the very small thickness of the ureters (comparable to renal blood
vessels, see Chapter 2), whose information is better propagated thanks to the use of the dense
connections. Nevertheless, memory usage is already up to the limit with such a network and
adding another loss term such as the one we propose is not possible. Moreover, the results
of DenseBiasedU-Net have a high number of false positives that produce significant errors
as we can see from the high 95HD. The other networks show similar behaviors to those for
blood vessel segmentation, with nnU-Net [61] (M5) performing better when not considering
the post-processing step (namely GAR) of the Deep Distance Transform [139] method (M1).
When applying our oversampling method to nnU-Net we get worse results for overlapping
measures (lower Dice score and combination of Precision and Recall), while better for spatial
and morphological measures (lower Hausdorff distance and morphological similarity). The
use of MsLoss improves all the measures, with a particular decrease in false negatives. The
use of FvLoss in combination with MsLoss worsens these results, and this may be due to
an inappropriate choice of parameters or to the not tubular shape of the renal calyces (i.e.
the beginning of excretory pathways that is usually segmented as ureters, as in Figure 5.3).
Finally, it is important to note that, unlike what was observed for blood vessels, there are
generally few differences in quantitative results among the different techniques. The high
standard deviation for all measures as well as a very limited test set, as mentioned earlier,
make it difficult to draw conclusions with confidence.

New experiments will be performed once more data will be collected, and a semantic
division between renal calyces and ureters should be performed in the manual reference seg-
mentation.

Table 5.3: Results on 5 patients using bbox patches 96×160×160 obtained with the methods of Table 5.1
and with our proposed method for ureters (U) segmentation. *without GAR. **without HRA and DPA. Mean
and standard deviation of the results are provided.

Method Oversampling S Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) 95HD [mm] (↓) ∆Λ (↓)
M1 - Deep Distance Transform* Proposed U 54.47 (28.49) 79.94 (12.03) 49.82 (29.72) 18.45 (27.12) 23.27 (4.46)

[139] MinPix

M1 - Deep Distance Transform Proposed U 55.50 (28.17) 83.83 (9.98) 48.50 (27.93) 17.71 (25.62) 22.95 (4.36)

[139] MinPix

M2 - Deep Distance Transform Proposed U 46.69 (28.77) 81.22 (13.56) 43.03 (34.25) 18.01 (24.62) 24.69 (6.28)

[90, 139] MinPix

M3 - DenseBiasedU-Net** Proposed U 57.31 (28.14) 70.25 (8.96) 57.45 (31.05) 23.42 (24.87) 21.45 (3.91)

[51] MinPix

M4 - Kid-Net Random and U 50.38 (26.66) 79.97 (14.84) 46.07 (31.99) 17.71 (24.35) 23.95 (5.97)

[128] dynamic weighting

M5 - nnU-Net Foreground in U 54.55 (24.82) 78.95 (13.20) 49.28 (29.35) 19.02 (24.76) 23.21 (4.97)

[61] 33.3% of mini-batch

Proposed 1: Proposed U 53.58 (24.03) 80.55 (10.40) 45.15 (29.95) 18.17 (24.29) 22.66 (4.32)

Deep Sup. Dice + CE MinPix

Proposed 2: Proposed U 59.51 (25.85) 79.89 (6.53) 54.41 (26.85) 8.15 (12.47) 20.90 (5.65)

Deep Sup. Dice + CE + MsLoss MinPix

Proposed 3: Proposed U 53.30 (29.49) 84.03 (12.04) 49.64 (33.79) 17.09 (25.78) 21.15 (3.02)

Deep Sup. Dice + CE + TsLoss MinPix
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Differences are barely visible also for qualitative results. In Figure 5.12, worst, average
and best results from each method are displayed. Some ceCT images have a high contrast
heterogeneity in these structures, particularly in the case of biphasic injection, such as for the
patient shown on the top of Figure 5.12. Furthermore, the low number of voxels of the ureters
makes overlap measurements not very reliable, as we can see from the last two patients of
Figure 5.12 (predictions almost complete but Dice score under 80%). Eventually, thanks to
this figure it is easier to understand the fineness of these structures on the tubular section and
the presence of the renal calyces discussed above, which both make segmentations even more
complicated.

Figure 5.12: Worst (top, DiceScore : U = 14.92), average (middle, U = 67.80) and best (bottom, U = 79.05)
segmentation results on ureters (in color pink) on single patients for our method using the proposed MsLoss,
and the results for the same patients with the other methods. For each patient we show also one coronal
slice highlighting the most peculiar and difficult regions with green arrows (left: input ceCT; right: reference
segmentation). The number-method correspondence is shown in Table 5.1, while the order corresponds to that
shown in Table 5.3. The differences are barely visible and do not result in major differences from the point of
view of subsequent manual correction. *w/o GAR.
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5.5 Conclusions

In this chapter, we proposed for the first time an assessment and comparison of state-of-the-
art methods for segmentation of renal tubular structures (arteries, veins and ureters) in ceCT
images of pathological and pediatric patients.

We focused on the works centered on these images and structures, but others that we
found interesting were also analyzed. Probably some interesting works have not been analyzed,
particularly among the methods that we called rule-based or among non-deepmachine learning
approaches. For that reason, the assessment may not be complete, but preliminary tests done
with these methods resulted in great difficulty in segmenting the renal tubular structures in
pediatric ceCT images acquired on arteriovenous phase.

Also in terms of comparison, we probably could have examined other methods among those
presented, but the lack of codes and the few details available in the articles did not allow us to
reproduce them with confidence. For the chosen methods that have no code available online,
I believe that the implementations are correct but small errors could always be present. We
would also like to mention that other tests with other loss functions such as general Dice or the
use of a distance map to weigh voxels were performed, but the results did not show significant
differences with those of the chosen methods that also exploited these techniques.

We proposed also the use of a loss function designed from the so-called vesselness function
to improve state-of-the-art results. This loss function is based on the comparison of eigenvalues
of the Hessian matrix of segmentation masks and Frangi’s vesselness enhancement on target
voxels in a multi-scale deep supervision way. The combination of this tubular structures loss
function with voxel-wise loss functions allowed us to overcome some problems of the latter,
such as the difficulty in correctly optimizing tubular structures with elongated shape, intra-
scale changes and inter-anatomy variation. The results demonstrated great improvements
from a morphological point of view, with segmentation results showing fewer interruptions,
at the expense of a slight increase in false positives. This confirms that the use of voxel-wise
loss functions and overlapping measures is not sufficient for the evaluation of such structures.
The use of the second loss term, related to Frangi’s vesselness, appears to be of no benefit in
cases where the structure has non-tubular regions. In addition, several hyperparameters are
introduced with the use of this loss function, therefore an automation of the choice of these
parameters is planned.

The results of applying the method proposed here with the combined use of real ceCT and
synthetic CT images, generated via the method proposed in the previous chapter, are shown in
the next chapter. However, it is important to anticipate that the use of the tubular structures
loss function already partly succeeds in tackling the heterogeneity in contrast intensity of ceCT
images.
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Chapter 6

Application of anatomical digital twins
for renal cancer surgery

In this chapter, we show on real cases the clinical benefits of the 3D anatomical model, built
from the approaches proposed in previous chapters via the use of a software tool designed for
doctors. In Section 6.1 we present the software tool developed as 3DSlicer [37] plug-in for the
IMAG2 lab of Necker hospital. Then, in Section 6.2, we discuss the advantages of using 3D
anatomical digital twins for pre-operative planning and per-operative guidance, showing some
interesting clinical cases and an on-going clinical study to further evaluate these benefits.

6.1 Preparation of anatomical models via a 3DSlicer

plug-in

6.1.1 From ceCT scan to 3D volume: the “Renal Anatomy Seg-
mentation For ceCT” module for 3DSlicer

In order to use the proposed methods in a real clinical setting, a software tool for clinicians
was developed as a plug-in for the 3DSlicer1 [37] open source software. To the best of our
knowledge, this is the first plug-in specifically dedicated to renal anatomy segmentation of
pediatric patients with kidney tumors. The goal of our tool is to speed-up the annotation of
the renal anatomy from ceCT scans, and to reduce the manual interactions. Starting from
the excellent results already obtained with the automatic segmentation methods, the medical
experts have only to refine these results. Our plug-in is developed as a module in 3DSlicer,
named “Renal Anatomy Segmentation For ceCT” module. An overview of the module is
shown in Figure 6.1.

The module provides 5 sections:

• Help & Acknowledgment. Here there is a brief explanation of the module, the main
contributor and entities that granted and collaborated in the creation of the plug-in.

• Reload & Test. This section is used by developers when creating, editing, and debug-
ging the module.

1version 4.11

101
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Figure 6.1: Overview of our “Renal Anatomy Segmentation For ceCT” module for 3DSlicer [37]. The frames
labeled 1 to 5 correspond to the steps of the selection and automatic segmentation: 1. input and output
selection; 2. bones, liver and spleen automatic segmentation; 3. initialization of the annotation ROI; 4.
selection of the preprocessed input volume to speed-up point 5; 5. automatic segmentation of kidneys, renal
masses, ureters, arteries and veins. See text for details.

• Selection and Segmentation. This is the main section of the module, which is de-
scribed in detail in the next paragraph.

• Segment Editor. This is the original 3DSlicer module for manual and semi-automatic
segmentation that is linked to this section to allow the user to be able to refine results
provided by the automatic segmentation method in the same interface.

• Data Probe. Default section of 3DSlicer that allows the arrow-pointer interaction with
the displayed image, providing data of where the indicator is located, such as position
in the 3D volume, HU or label value, name of segmentation structure and more.

The Selection and Segmentation section is decomposed into 5 different tasks (see Fig-
ure 6.1) to facilitate the user-interaction and to speed-up the inference phase for the automatic
segmentation.

1 Once the medical image data (i.e. the ceCT scan) is loaded into 3DSlicer, the user can
select it as input volume. Then, in order to activate the successive steps, the user has to
create an output segmentation volume, where the results can be recorded. When both
volumes are selected, the other buttons become active.
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2 This button allows for an automatic segmentation of bones, liver and spleen, in order
to have a 3D model as complete as possible. These structures are usually not affected
by the renal tumor and after a pose and size homogenization to an adult reference sam-
ple, bones, liver and spleen on children result very similar to those of adults. Accord-
ing to this observation, we trained three different networks using our 3D nnU-Net [61]
implementation on adult ceCT images obtained from two available public databases:
CT-ORG [115] from the Cancer Imaging Archive (TCIA) [24], with 135 ceCT images of
pathology-free adult bodies where lungs, bones, liver, kidneys and bladder are labeled;
and CT-Abdomen from the MICCAI 2015 Abdomen Challenge [82], which includes 30
ceCT scanners of adults affected by colorectal cancer with 13 abdominal organs labeled,
among which spleen and liver. We decided to focus on bones, liver and spleen because
they are less affected by the spatial differences and pathologies. We trained three differ-
ent networks: a first one on bones using ceCT images from CT-ORG (115 for training, 20
for test), a second one on spleen using ceCT images from CT-Abdomen (25 for training,
5 for test) and a third one on liver using images from both database (140 for training,
25 for test). Results on adult test sets are shown in Table 6.1.

Table 6.1: Results (mean and standard deviation) on adults test sets (20 patients for bones, 5 for spleen and
25 for liver). See text for details.

Structure Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) 95HD [mm] (↓)
Bones 87.67 (2.94) 91.35 (2.94) 84.47 (5.02) 17.97 (11.12)
Spleen 38.54 (26.76) 99.68 (0.21) 26.78 (21.93) 44.81 (15.55)
Liver 86.85 (17.96) 98.10 (0.74) 80.88 (18.80) 22.21 (24.35)

Then we proceed as explained in Section 3.5 for direct inference using a common pose and
size but in 3D. In particular children volumes are transformed using a 3D STN for pose
and size homogenization, then the patches are extracted and are inferred sequentially in
the three pre-trained networks previously presented. The segmentation results for bones
are more than satisfactory, with better results than thresholding and region growing due
to hyper-contrasted arteries and veins. For liver segmentation, if the liver is not modified
by a renal tumor, results are comparable to the ones obtained using other 3DSlicer tools
such as RVXLiverSegmentation [81]. For the spleen segmentation, the already poor
performance on adults, because of the limited database, resulted in poor results also on
children. Please note that in the vast majority of renal tumors in children, the spleen is
not invaded, so it is not a priority segmentation. Despite this clarification, we consider
these results as preliminary and this step requires further investigation.

3 With the aim of speeding-up inference time and improving segmentation performances
(reducing the amount of false positives), a 3D bounding box can be selected by the user.
When the so-called “AnnotationROI” is created, the inference phase of the method
proposed in Section 3.4 in its 3D version STNpose-size+ STNcrop is performed. The
method is applied in its entirety but is stopped when the minimum and maximum
bounding box values are predicted. Since optimal performances are not yet achieved,
the user can interact with the proposed ROI in order to adjust it. The user can re-fit the
bounding box in the initial proposed location via a button. This step is not mandatory,
and if it is not applied, then almost the whole image is used in the next steps (a bounding
box of the voxels with non-zero values is used).
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4 Once the bounding box is set, the user can create a new volume in which the cropped
and pre-processed images will be saved. The pre-processing consists of the organization
of the axis order to be coherent with the pre-trained network, the resampling in the
common voxel space used for training and the storing of the locations of the patches
via the sliding-window technique. This step is not mandatory, and if is not applied, the
original, un-processed, images are used next.

5 The last part is the main automatic segmentation task. Three buttons are available to
segment respectively kidney and renal masses, ureters, and blood vessels (arteries and
veins). For the automatic segmentation of kidneys and renal tumors we use the weights
of the network presented in Table 4.5, trained using our 3D nnU-Net [61] implementation
with real ceCT images and synthetic CT images generated with the method proposed
in Chapter 4. The segmentation methods presented in Chapter 3 result in lower perfor-
mance in 2D. For the automatic segmentation of renal tubular structures, i.e. arteries,
veins and ureters, we trained two new networks (one for blood vessels and one for collec-
tive systems) using the proposed method for tubular structures segmentation, presented
in Chapter 5, using both real ceCT images and synthetic CT images generated with
the method proposed in Chapter 4. Performances are summarized in Table 6.2. Each
result is uploaded in the output segmentation volume created in step 1 as a segmented
structure with his name (e.g. arteries) and his assigned color (e.g. red). For kidneys,
tumors and ureters, if they present multiple connected regions, these are divided in dif-
ferent labels in the segment editor, e.g. kidneys is divided kidney1 and kidney2 (resp.
left and right). Then the structures will be visible in the Segment Editor section, with
which the user can interact to refine them. This step (5) can be performed even if the
two previous (3 and 4) are not applied. In this case, almost the whole image is used
(cropping in non-zero values) and the pre-processing is performed individually on the
click of each button. This slows and reduces the performance.

Table 6.2: Best results (mean and standard deviation) obtained with the combination of the techniques
presented in this thesis. For the segmentation network of kidneys and tumors the 3D nnU-Net [61] framework
is used with as input for training both real ceCTs and synthetic CTs produced with the method presented in
Chapter 4. The same combination of input images and the same framework, together with the oversampling
method and Tubular structures Loss function proposed in Chapter 5, are used for ureters segmentation (only
MsLoss) and blood vessels (arteries and veins) segmentation (complete TsLoss). The first four evaluation
measures used are described in Appendix A, while the last one ∆Λ is the Morphological similarity Loss
(MsLoss) described in Chapter 5.

Structures Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) 95HD [mm] (↓) ∆Λ (↓)
Kidneys 90.84 (3.56) 89.46 (4.20) 92.38 (4.17) 4.62 (4.39) -
Tumors 88.39 (11.71) 92.17 (9.40) 86.80 (14.96) 6.46 (6.54) -
Ureters 61.66 (24.29) 77.89 (7.49) 57.61 (27.44) 8.17 (13.13) 20.17 (6.10)
Arteries 75.34 (4.90) 86.41 (6.46) 66.47 (7.17) 11.32 (8.96) 19.73 (1.50)
Veins 61.47 (18.92) 82.73 (9.56) 50.99 (20.01) 16.47 (15.05) 19.13 (3.24)

These steps are illustrated via screenshots taken during its use in Appendix F. The cropping
and segmentation algorithms are implemented through the use of Docker [98], an open source
containerization platform which enables applications to run quickly and reliably from one
computing environment to another.
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Figure 6.2: Summary of the essential steps of the proposed method from ceCT scans to 3D digital twins via
the use of our 3DSlicer [37] plug-in, presented in Section 6.1.1, and the software tool specifically designed at
the IMAG2 lab of Necker hospital for visualization and interaction, presented in Section 6.1.2.

6.1.2 From 3DSlicer to the operating room: an anatomical digital
twin to help surgeons

Once the manual corrections are completed, the complete segmentation is shown to a mem-
ber of the Necker pediatric radiology team2 for a first evaluation. If it is necessary, further
corrections are made and the segmentation is also subsequently finally reviewed by a member
of the Necker pediatric abdominal-surgery team3. Then, the 3D output segmentation volume
is exported as object and processed via the software Blender [56] for rendering and textur-
ing. The final anatomical digital twin is uploaded in a software tool specifically designed at
the IMAG2 lab of Necker hospital, which allows for better visualization and more intuitive
interaction than 3DSlicer, making its use easier for both clinicians and patients. This 3D
reconstruction is in fact used to show in a more clearly way the case to the patients (and their
parents), but more importantly for improving the pre-operative planning as is presented in
the next section. A summary of the essential steps with an example of a complete digital twin
is shown in Figure 6.2 (also in Figure 1.1 in the Introduction). Eventually, the digital twin is
displayed in the operating room during the whole operation, as shown in Figure 6.3.

During the operation, a surgical resident or a member of the IMAG2 team are in charge
of orienting and manipulating the 3D model according to the surgeons’ indications.

We would like to emphasize that the number of manual corrections required is usually very
low, reducing the total segmentation time of 8 hours compared to that of a totally manual
segmentation [21] (if the user is not expert in the use of 3DSlicer tools) and of more than 2
hours compared to a semi-automatic one (expert user in 3DSlicer tools). The total automatic
segmentation time for all the 5 steps is about 6 minutes using a GPU with 11 GB of VRAM.
The time needed by two different 3DSlicer experts is shown in Table 6.3, and is the total time
averaged for the segmentation of three subjects.

6.2 Advantages of 3D models in pre- and per-operative

planning

As discussed in the Introduction, the relationships of the tumor to kidneys, renal vessels and
excretory systems must be perfectly known, in order to decide for the type of surgery to fit

2service of Pediatric Radiology of Hôpital Necker Enfants-Malades, head of service: Pr Natalie Boddaert.
3service of Pediatric Visceral, Urological and Transplant Surgery of Hôpital Necker Enfants-Malades, head

of service: Pr Sabine Sarnacki.
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Figure 6.3: Picture taken during a surgical operation of a pediatric renal tumor at Necker hospital. The
arrow highlights the 3D anatomical digital twin displayed next to the images acquired by the operating camera.

Table 6.3: Total segmentation time (mean and standard deviation) needed by two different 3DSlicer experts,
averaged for the segmentation of three subjects. With the use of the plug-in, 6 minutes are necessary to
complete the 5 steps of the automatic segmentation. *This time is the one reported in [21] for 14 patients
without bones, liver and spleen segmentations.

User Use of the plug-in Total segmentation time
Non-3DSlicer experts [21] 9h (6h)*
3DSlicer expert 1 4 h (1 h)
3DSlicer expert 2 3 h (30 min)
3DSlicer expert 1 ✓ 1 h (15 min)
3DSlicer expert 2 ✓ 1 h (10 min)

to the criteria of the Umbrella SIOP protocol [12]. However, CT scans are a sequence of 2D
slices and cognitive volume reconstruction can be challenging for surgeons [133]. The patient-
specific 3D virtual model not only allows for an easier visualization of the renal anatomy, but
it can also improve the surgical planning and intraoperative guidance [59, 100, 109, 133]. This
is even more important in pediatric patients, yet few works validate this claim [140, 60] and
anatomical digital twins are still not currently routinely used.

6.2.1 Analysis of two interesting clinical cases

We report here two relevant clinical cases of pediatric nephroblastoma faced by the team of Pr
Sabine Sarnacki, in which the 3D model proved to be more effective than the visual inspection
of series of 2D images.

The first case is a 20-months-old child who had a bilateral nephroblastoma. The pre-
operative bi-phasic ceCT scan (after 12 weeks of chemotherapy) still showed multiple tumor
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masses in both kidneys. Some slices are shown in Figure 6.4.

Figure 6.4: Pre-operative bi-phasic ceCT scan of the first case. Renal tumors are highlighted by arrows.

On the right hand side, he had a large central tumor of 6 cm in diameter, associated
with several nodules of diameter ranging from 5 to 10 mm, and on the left hand side, a big
tumor in the upper pole of 2.6 cm in diameter, associated with several nodules from 3 to 8
mm in diameter. From the analysis of this ceCT scan, the proposed surgical planning was
partial nephrectomy (Nephron-Sparing Surgery) for the left kidney and radical nephrectomy
(RN) for the right kidney considering the central location of the main tumor on this side.
Subsequently, the 3D anatomical digital twin was developed from the ceCT image, following
the steps described in Section 6.1. The result is shown in Figure 6.5. It is important to point
out that in this case the 3D model was manually corrected by adding information obtained
from MR images acquired out-of-protocol given the complexity of the case.

A second assessment using the 3D virtual reconstruction was performed, where the plane
of dissection of the central mass of the right kidney with the pelvis was clearer and allow
to attempt a partial nephrectomy (NSS) also on the right side (removing and dissecting the
central mass from the excretory system). The new planning was chosen and adopted during
the surgical procedure.

The intraoperative findings corresponded perfectly with the 3D reconstruction, as visible
in Figure 6.6, and the per-operative guidance (detailed in Section 6.1) was reported by the
surgeons to ease the masses localization and identification.

The operation was successfully completed, following the new surgical plan with NSS for
both kidneys, prepared thanks to the 3D model. The success of this operation is also to be
given to the ability of the 3D digital twin to fuse information from different modalities (such
as ceCT and MR as here).

This case study led to an abstract accepted at Congrès annuel de la Société Française de
Chirurgie Pédiatrique (SFCP) 2021 [SFCP-21].

The second case we report is a 6-years-old child who had a unilateral nephroblastoma on
the right kidney, where the decision trend was opposite to that of the first reported case.
From the pre-operative arteriovenous ceCT scan, despite the central location of the tumor
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Figure 6.5: 3D anatomical digital twin of the first case. The structures represented are kidneys (in brown),
arteries (red), veins (blue), ureters (yellow), tumors (other colors, highlighted by arrows). Left: Anterior view.
Right: Posterior view.

Figure 6.6: Correspondence in the first case between 3D anatomical model (top) and the intraoperative
findings (bottom).
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and its size, the surgical team wondered whether it was possible to proceed as in the previous
case with a NSS. The ceCT images did not allow to make a choice with high confidence, and
a solution would have been to plan a partial nephrectomy, moving on to a RN if that was
impossible, with all the associated risks. Some slices are shown in Figure 6.7.

Figure 6.7: Pre-operative bi-phasic ceCT scan of the second case. Renal tumor highlighted by arrows.

Once the 3D anatomical digital twin was developed a second assessment was performed.
Here, the surgical team found that: (i) the amount of the spare renal parenchyma would have
not met the criteria of the Umbrella SIOP protocol [12]; (ii) several blood vessels and ureters
passed in close proximity to and within the tumor. These conditions compel the performance
of a radical nephrectomy. The 3D reconstruction is shown in Figure 6.8.

Again, the operation was successfully completed, confirming that a partial nephrectomy
would not have been possible. This was also confirmed by the pathology report (this is a study
to know whether the renal sinus had been infected by the tumor, meaning that the kidney
is entirely compromised). In this case, the 3D model was helpful in making a final decision
more confidently, and in being able to plan precisely the surgery from the beginning, avoiding
any possible risk. A partial nephrectomy could also have led to a microscopic incomplete
resection, requiring a post-operative radiotherapy to avoid recurrence as recommended by
Umbrella SIOP protocol [12].

6.2.2 Retrospective on-going study on 3D model vs. 2D imaging

To further validate the benefits of the 3D anatomical model versus using only 2D structural
imaging, a retrospective study was designed as follows.

1. First, among all the available patients (see Chapter 2), we selected 20 pediatric patients
with renal tumors who have undergone surgery at Necker hospital, with a tumor stage
eligible for a NSS (no ganglions, thrombus or calyces involved). In particular we selected
9 patients in which a NSS was performed and 11 in which a RN was then conducted
(both easy and difficult cases). All patients underwent preoperative ceCT imaging and
for some of them the complete 3D models were already obtained and used for planning
and guidance. For the patients who did not have a complete 3D model, we proceed as
explained in Section 6.1. All images were anonymized and the models transferred to a
tablet.

2. Four experts in nephroblastoma surgery and one radiologist from four different centers
were already solicited to participate to the study. In contrast to what was stated in
the previous section for surgeons, radiologists are more accustomed to simulate three
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Figure 6.8: 3D anatomical digital twin of the second case. The structures represented are kidneys (in
brown), blood vessels (red), ureters (yellow), tumors (green, highlighted by arrows). Left: Anterior view.
Right: Posterior view.

dimensional anatomy in their mind. Therefore, at least two other radiologists will be
involved in the study.

3. Each physician analyzes at a first time every pediatric case using only the 3D anatomical
model and proposes a first surgical planning. Decision-making reasons and time are
recorded. We start from the 3D model because we hypothesize a longer decision time
on the series of 2D slices that would help the physician remember the patient.

4. After one month from the previous step every patient is analyzed a second time using
instead the 2D structural imaging (i.e. same ceCT scans from which the 3D models were
built). The delayed is set in order to try to make the physician forgetting the surgical
plans proposed in the previous step, moreover patients are presented in a different order.
Thus a second surgical planning is proposed, and the new decision-making reasons and
time are also recorded.

5. The new two plannings proposed by the experts are compared with the procedure pre-
viously performed for the surgery.

6. The new two plannings are also compared with the post-operative anatomical pathology
of the removed kidney, either entirely (for RN) or partially (for NSS). As previously
explained, a negative anatomical pathology response confirms whether the choice to
proceed with NSS instead of radical nephrectomy is correct, and will then be used as a
reference.
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The questions we want to answer are the following ones.

• Non-inferiority of the 3D models compared to the series of 2D slices for decision-making
reasoning. The 3D digital twin is built from the ceCT images, therefore no more in-
formation is available for decision-making (only a better visualization and an easier
navigation).

• Inferiority of the 2D imaging compared to the 3D model in decision-making timing.

• Number of cases where an NSS could have performed instead of RN thanks to the use
of the 3D model for planning.

• Number of cases in which a RN would be chosen because of risks that could only be
identified in the 3D model.

• Reduction of inter-subject variability in surgical plan assessment with 3D models com-
pared with 2D imaging. In particular here we can also use cases where the 3D model
had already been used for that choice.

• Existence of intra-subject variability in surgical plan assessment with 3D models com-
pared with 2D imaging. We want to confirm what was assessed in [133] for difficulties
in cognitive volume reconstruction by surgeons, and examine if also radiologists in some
particular clinical cases may encounter these difficulties.

This study is still ongoing.

6.3 Conclusion

In this chapter we have shown how the approaches proposed in this thesis are used in a real
clinical setting.

The 3DSlicer plug-in we developed allows to exploit these methods to automatize large
part of the segmentation process, reducing the 3D model creation time and the manual inter-
action required from clinicians. However, some parts of this plug-in still need improvements.
Moreover, a proper evaluation protocol should be conceived to prove the system effectiveness
in clinical practice.

Furthermore, after introducing how the final 3D model is used for pre-operative planning
and per-operative guidance, two relevant cases were analyzed where the use of the anatomical
digital twin enabled more effective and confident decisions in both of these steps. In one of
two cases, it was also shown that information from two different acquisition modalities (e.g.,
ceCT and MR) could be coupled into a single 3D digital twin.

The advantages of using such 3D models for choice over radical or partial nephrectomy and
over laparoscopy or laparotomy surgery need wider validation in the literature, particularly
to support their relevance in pediatric cases. An on-going study of our own to that end was
introduced here.
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Chapter 7

Conclusions and perspectives

The final goal of this PhD thesis was to create individual 3D anatomical models from pediatric
abdominal-visceral ceCT scanners with renal tumors leveraging deep learning techniques. This
model allows for an easier visualization of the renal anatomy, improving surgical planning in
order to save as much functional kidney tissue as possible and intraoperative guidance [60, 140]
allowing minimally invasive laroscopic procedures [109]. These 3D digital twins are based on
image segmentation which was usually performed manually by clinicians via softwares such as
3DSlicer [37]. The use of deep learning approaches aims to automatize this process, speeding
up model creation and reducing manual-interaction required from the physician.

Nevertheless, the analysis of our pediatric and pathological abdominal-visceral ceCT im-
ages raise several difficulties, as detailed in Chapter 1.

7.1 Conclusions

In order to reach our goals, four contributions have been made (presented in Section 1.2 and
summarized in Figure 1.5). Their achievements and short-term perspectives are discussed in
this chapter.

Segmentation of kidneys and renal tumors. The segmentation of the main structures of
the 3D renal model on pediatric images, namely the kidneys and the tumors, can be based on
the extensive literature available on adults, thanks also to the MICCAI challenges KiTS19 [53]
and KiTS21 [52]. The best-performing methods are based on the use of U-Net [117] networks,
particularly on the well-kown nnU-Net [61] (winner in the 2019 challenge). The in-depth
analysis, with an implementation of its pipeline from scratch, allowed an understanding of the
techniques and steps needed to achieve high segmentation performance in medical images. We
tested nnU-Net in both 2D and 3D versions on our pediatric images, and we can conclude that:
(i) for the kidney segmentation, despite the changes made by the tumor to its parenchyma, the
use of a few subjects (for training and validation) already leads to satisfactory performance
(close to a Dice score of 90%); (ii) for the tumor segmentation, more than twice as many
subjects are needed to achieve such performance together with the use of a 3D U-Net. The
latter, however, shows lower performances than the 2D U-Net as the number of subjects
decreases. Personally, I found this point very interesting: the main difference lies in the
extraction of information, which in 2D networks is done on 2D slices of the 3D volume while
in 3D networks, due to computational limitations, on 3D patches (three-dimensional portions
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extracted from the ceCT volume). The latter exploits information in the third dimension,
which is significant in medical imaging. However, the limited size of the patches cannot always
cover the entire target structure, and the network has more difficulty extracting knowledge
related to the shape, size and pose, as well as relation with other structures. Working with
slices instead, the network learns this information more easily but limited to the cross section
(e.g. axial) used for training. For this reason, the network also performs well with a smaller
amount of samples but cannot improve its performance much. These problems are even more
pronounced when working with a limited yet heterogeneous database in size and pose, such
as the Necker PRAC database.

In order to cover all possible transformations that are not present in the training set,
data augmentation techniques are often used. For example, the high performance of nnU-
Net is based on a strong use of it. However, we believe that it is really difficult to cover
all possible size and pose transformations with such a technique, which is also very time-
consuming and memory-intensive. We have proved that the use of automatic homogenization
techniques through the use of Spatial Transformer Networks [65] in order to reduce such
variability are more efficient, in terms of performance, time and memory. In addition, STNs
can also be used to zoom or crop on the region of interest, increasing even more segmentation
performance or reducing time and memory requirements, while maintaining high performance,
respectively. It is important to emphasize that the use of a CNN for localization is already
found in literature [61, 78, 156] but, to the best of our knowledge, no network has the ability
to automatically zoom or crop as proposed here.

These positive conclusions to our first question concern only the implementation in 2D.
In fact, in order to use the proposed techniques in 3D, the entire ceCT volume has to be
provided to the STNs. Memory limitations can be overcome by resampling at a smaller size,
as homogenization of the whole body as well as ROI detection does not need high details.
Nevertheless, operating in this way, the number of samples available is really small and the
training falls into the overfitting problem. The most widely used technique to overcome this
issue is precisely data augmentation. This means that in a 3D scenario, data augmentation
technique are still better than an homogenization approach. Moreover, even with a collection
of images such that we can train the STNs correctly, we should have a GPU powerful enough
to take as input the extracted 3D ROIs. Working with our pediatric patients, I do not believe
this is possible given the extent of tumors in some subjects, but probably on other databases
this method could be applied. For the purpose of fair comparison, if such powerful GPU is
available, other methods than convolutional autoencoders should be tested, such as Vision
Transformers [31, 49] and ConvNeXt [88]. But the question to ask here would be: given
the already high performance obtained with 3D nnU-Net, is it really necessary to use this
high carbon-demanding computational power? Examining patient by patient in Figure 7.1
we note that only one subject has both Dice score and Hausdorff distance outside the limits
of “good” performance (that we set to 80% and 20 mm respectively). If we also take into
account the inter-variability of manual segmentation among clinicians, the ease of correction
of the automatic segmentation through dedicated tools such as 3DSlicer [37] and the difficulty
of clinicians in accepting 100% automatic segmentations, I would provide a negative answer
to this question.

This reasoning is only solid if we have a pediatric database available with a certain number
of patients, such as the one we managed to gather at Necker hospital of Paris. Less important
centers do not have this possibility, and using less data as we have examined leads to a
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Figure 7.1: Dice score (left y-axis) and 95th percentile of Hausdorff Distance (right y-axis) of segmentation
results on each of the 15 patients of the test set of the Necker PRAC database using nnU-Net 3D trained with
65 patients. The bold line are “good” performance limits set by us.

drop in performance. Yet more and more often the weights of pre-trained nets are shared in
inter-center projects [123] or available online, as are those of nnU-Net winner of the KiTS19
challenge. However, the differences in pose and size between adults and children do not enable
their direct use or an efficient transfer learning, despite a strong use of data augmentation,
as we experimented. The use of the proposed STN to homogenize size and pose allows us
to improve the segmentation of the kidneys in direct inference on 15 pediatic subjects (but
not of the tumors, whose segmentation performance remains really low). While managing to
recover another 25 patients for training, the combination of STN with fine-tuning on adult
weights leads to results on par with training with 65 pediatric subjects. However even these
experiments are only with 2D networks. In this scenario, being able to experiment with this
method using 3D networks would be useful for the research community and the use of more
powerful GPUs would be justified.

Cross-domain CT image translation using CycleGAN with anatomical constraints.
Some anatomical structures such as renal tumors, blood vessels and ureters can be challenging
to segment in abdominal ceCT images also due to the variability in contrast medium diffusion.
Inspired by some recent works [119, 125, 158], we wanted to leverage the use of both ceCT
and contrast-free CT images to improve the segmentation performances. Due to the major
presence of only one modality per subject in the Necker PRAC database (to limit radiation
dose), namely ceCT, we propose to compensate for the lack of the other modality using
generative models. The only 10 subjects who have undergone also on a contrast-free CT
are not sufficient to train with success a network, and as a consequence we conducted the
experiments for ceCT-CT translation task using two unpaired datasets of non-pathological
adult patients.

Tests on unsupervised translation state-of-the-art methods showed two interesting points.
First, the original CycleGAN [157] with Res-Net as generator network and PatchGAN as
discriminator mechanism still performs better than other recent proposed methods [2, 68, 72]
which probably require high number of samples and large memory to reach satisfactory results.
Then, also the network identified as the best one has difficulties in producing anatomical con-
sistent images, even with the use of a proposed method to automatically crop the images in the
abdominal ROI and of a Position-Based Selection method [147]. In fact, MR and CT images
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exhibit important differences in texture which ease critic mechanisms of discrimination, due to
the physical differences in acquisition. Conversely, for ceCT and CT domains, differences are
more subtle, limited to certain anatomical parts and only in some 2D slices. In this context, the
use of anatomically-paired images is a key element for discriminator specialization [121, 147].

In the abdominal region, there is a lack of spatial consistency: size and length of the
organs, as well as their relative position, may vary a lot from one patient to another one.
Simple matching strategies, such as the PBS method, without and with a step of 3D affine
registration, fails in selecting good anatomically-paired images. Our proposed method with
the use of Self-Supervised Body Regressor solves these problems, since it assigns the same
label to slices exhibiting a similar anatomy. In addition, besides improving the selection
of anatomically-paired slices, SSBR also allows us to proceed as in AC-GAN [104] forcing,
together with the input addition and the binary mask, the anatomical consistency between
input and synthesized output. The best qualitative and quantitative results (albeit the latter
are limited to a few subjects) confirm the possibility of improving the structural consistency
in unpaired ceCT-CT translation leveraging anatomical constraints.

Moreover, although the method is designed for the difficulties of ceCT-CT translation in the
abdominal region, this is applicable on other translation tasks, such as MRI to CT or T1-w to
T2-w, and other body sections. In the time available and given the goals of this thesis, we have
not been able to conduct such experiments. Furthermore, given the possibility of our method to
be used independently of the choice of generating network and discrimination mechanism, with
a larger database and a more powerful GPU available, transformer-based methods [68] may
be further explored. Again, the use of such methods with high demands on time and memory
would be reasonable in case one aims to improve the contrast performance of synthetic ceCT
images. Indeed training on non-pathological adults and using the trained network in inference
on pathological children result in high fidelity contrast-free CT images in both contrast and
anatomy, which is the CT modality usually not acquired. Figure 7.2 illustrates this, where we
can see high anatomical coherence for all transformations but unrealistic contrast for synthetic
ceCT images, in particular if a tumor is present.

The use of synthetic CT images with real ceCT images produced segmentation results
on arteries and veins in line with the use of both real images, and is therefore considerable
as a viable alternative to double X-ray exposure. Furthermore, using this technique on the
entire database results in an even higher improvement in performance, in particular on the
subjects and areas with higher heterogeneity. This technique has also proved useful for other
structures with less contrast variability. The use of anatomically fidelity images for consistent
match between images and reference segmentation is critical.

In my humble opinion, this combination of double CT modalities as an additional icono-
graphic data augmentation is a useful technique to partially tackle the variability given by
the contrast medium diffusion, and should be used to obtain the best performance in the
segmentation of pediatric and pathological abdominal ceCT images.

Segmentation of renal tubular structures. The second most important group of struc-
tures in a complete renal 3D digital twin are the tubular structures: arteries, veins and ureters.
Manual segmentation of such structures in ceCT images is the most time-consuming step in
the model creation, and using basic image processing techniques such as thresholding and re-
gion growing (even in a locally adaptive manner) does not provide much benefit. In addition
to the problem of contrast heterogeneity already addressed, this difficulty is also due to the
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Figure 7.2: ceCT-CT translation obtained with CycleGAN trained on unpaired adults and used in inference
on paired children, as explained in Section 4.2.3. Blue arrows: direction of transformation; green arrows : high
anatomical and contrast fidelity; red arrows: high anatomical but low contrast fidelity.

arteriovenous phase acquisition in order to have all structures visible, including adjacent or-
gans such as liver and spleen. This acquisition phase does not allow for an obviously different
in contrast intensity both between arteries and veins and between blood vessles and renal
parenchyma. An example is shown in Figure 7.3.

Figure 7.3: An example of ceCT image with arteriovenous injection where the use of thresholding (too
many false positives) or region growing (difficulty in selecting starting points) does not provide much benefit
compared to the manual segmentation.

Despite the lack of literature dedicated to renal tubular structures in pediatric patients, an
extensive assessment of the methods used on adults allowed us to understand how the different
issues related to such structures are addressed. However, none of the methods analyzed showed
very high performance, except for specific acquisition CT modalities.

Due to the presence of few biphasic images we could not use a single dataset for both
blood vessels and ureters. We therefore had to divide the tests into one database with early-
phase acquisition images for segmentation of arteries and veins, and another with late-phase
acquisition images for ureter segmentation (very limited in number). Since the late-phase
acquisition only shows one well-contrasted and usually regular structure one might think that
in these we could use the above-mentioned rule-based techniques. However, the new biphasic
acquisition protocol (see Chapter 2) led us to develop a method suitable for an image with all
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renal tubular structures with a similar contrast intensity.
The comparison of segmentation results of the state-of-the-art methods on the Necker

PRAC database has allowed us to identify the best techniques among those assessed. Once
again nnU-Net [61] turned out to be the most performing, and its simplicity of implementation
allowed us to build a new method starting from this. The main limitation related to these
methods appears to be related to the use of only voxel-wise loss functions. The information
that these functions provide does not exploit the particular knowledge we have on the mor-
phology of such tubular structures. A proposed solution in the literature [15, 134] is to weight
the voxels according to their distance map. Personally, I find this solution useful only to cover
intra-scale changes but not the strong inter-anatomy variation in pediatric patients, resulting
in a better segmentation only of the contour voxels of larger structures such as aorta and cava
vein. Furthermore, another problem found by analyzing these results is that of the interrup-
tion of the structures which makes manual correction even more tedious. All this is even more
confirmed by the evaluation measures used, such as Dice score and Hausdorff distance, which
are not really informative about the segmentation results.

The design of what we have called Tubular structures Loss function allows us to overcome
these problems, ensuring a morphological similarity to the target tubular structure by lever-
aging the comparison between the eigenvalues of the Hessian matrix [89] and uninterrupted
segmentation thanks to the use of Frangi’s vesselness [38]. The good results of this approach
are due to three factors: (i) the use of Hessian eigenvalues method on the output image, i.e.
the probability map; (ii) ordering such eigenvalues not by magnitude but via their associated
normalized eigenvectors, matching those with smaller angles to each other; (iii) finally, the use
of this loss function in a multi-scale approach via deep supervision. Furthermore, the Mor-
phological similarity Loss function emerges as a useful quantitative measure. The qualitative
results are those that most confirm the high results obtained with this method.

In order to further validate the proposed method, experiments on other databases and
other tubular structures can be performed. Also, one idea is to use uroCT scanners (images
very close to ceCT scanners with delayed phase) that can be gathered at Necker hospital, to
expand the labeled ureters database in order to improve their segmentation performance and
have a larger, and therefore reliable, test set. Furthermore a subdivision between calyces and
true ureters should be performed. Although one might argue that then a semantic division
between the branches of the blood vessels should also be made. However, I do not believe
this would lead to improvements in segmentation results; on the contrary it would give the
network further difficulties given the lack of absolute position due to the training by patches
and not by the entire volume. If one would take this path of the semantic division of blood
vessel branches, it would be interesting to analyze methods that combine CNN with Graph
Neural Network [41, 129].

I found this task the most difficult to achieve and although the performances are signifi-
cantly improved compared to state-of-the-art methods, there are still some subjects where the
vascular tree is very difficult to automatically segment. However, in the same subjects the
manual segmentation is even more complicated, and the results obtained still allow for a gain
in time and in user interaction.

3D anatomical digital twin to help surgery. Considering the first goal (automatic seg-
mentation of principal structures in a 3D renal model) achieved entirely for kidney and tumor
and partially for tubular structures, I dedicated myself to making the proposed approaches
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usable in a real clinical setting for the 3D digital twin creation from pediatric ceCT with renal
tumors. Through the use of 3DSlicer [37] and Docker [98], I developed a user-friendly tool for
clinicians that, in addition to segmentation methods, also leverages transfer learning methods
from adults to segment bone, liver, and spleen (although the latter with low performance) and
the use of STNs to find the bounding box of interest speeding-up inference time and improving
performance.

Physicians, with whom I have collaborated, have found the simplicity sought in the use
of such a plug-in, and early tests on time saved have shown promising results. A systematic
quantitative assessment, such as the one in [21] on segmentation time and inter- and intra-
subject segmentation variability, can be important to the scientific community. Such a study
would allow for a better understanding of the benefits provided by the plug-in, in terms
of (i) the total segmentation time over a larger database, (ii) the intra- and inter-subject
segmentation variability and whether the use of automatic segmentation as starting point
leads to more similar final segmentations, as we expect. Moreover, this study will allow us
to know what remains to be done in order to solve the problem of automatic multi-structure
renal segmentation in ceCT imaging.

The protocol for validating the 3D models through verification by both radiology and
visceral surgery teams allows for high confidence in 3D models, and some cases have already
confirmed the benefits brought by the models in both pre-operative planning and per-operative
guidance. Also in order to further evaluate the advantages from a visualization and interaction
point of view, a retrospective study is on-going.

The use of the 3D model also stands as a means of education for students or residents
unaccustomed to projecting into their own mind what they will find in the operating room.
Moreover it also emerges as a useful support for the preoperative discussion with the patient’s
family, allowing the physician to provide a clearer explanation of the procedure and what the
complications might be.

From my point of view, the results achieved by this thesis are satisfactory given all the
difficulties raised by pediatric and pathological ceCT images and stand as a more than good
starting point. There is still work to be done on both the plug-in and the automatic segmen-
tation in order to make this tool usable day-by-day by non-expert 3DSlicer users and thus
to increase the number of patients who can benefit from the construction of the 3D digital
twins. The hope is to increase more and more partial nephrectomies even in unilateral cases,
saving the patient from the long-term risks associated with having only one functional kidney.
In order to give even more value to the 3D digital twins, a prospective study needs to be
performed, involving multiple centers and a large number of patients (at least 100 patients).

7.2 Perspectives

The work presented in this PhD thesis also paves the way for several open issues and long-term
questions for the scientific community. Such perspectives for each of the contributions are here
discussed.

Segmentation of kidneys and renal tumors. To further improve both direct inference
and transfer learning from adults weights to children image, one can exploit a geometric domain
adaptation with both Spatial Transformer Networks and non-linear transformations. As we
have seen, in fact, while the kidneys are larger in adults than in children, the tumors have the
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opposite behavior. A proposition can be a double deformation modeled as a composition of
a linear and a non-linear deformation that adapts a segmentation network trained on a large
adult dataset to a small pediatric dataset, as shown in Figure 7.4. It is based on the idea
of CycleGAN [157] but instead of intensity (i.e. iconographic) transformations, we propose
to use geometric deformations. It is important to note that in this case both datasets are
needed, so other domain adaptation methods should be tested, such as the domain adversarial
training [40]. From a mathematical point of view, we propose to model the differences between
samples in X (pediatric images) and in Y (adult images) by using a composition of two
deformations: a linear deformation ϕA and a non-linear one ϕN : ϕ = ϕN ◦ϕA, so that ϕ1(xi) ∈
Y and ϕ2(yj) ∈ X, where xi denotes a pediatric image (in X) and yj an adult image (in Y ),
and with index 1 used for transformations from X to Y , and index 2 for transformations from
Y to X.

Figure 7.4: Pediatric xi and adult yj images are transformed into the other domain using a composition of a
linear ϕA

1 (resp. ϕA
2 ) and non-linear ϕN

1 (resp. ϕN
2 ) deformations. A segmentation network S, previously trained

on the adult data set, is used to optimize the two deformations. Two adversarial discriminators, DX and DY ,
are also trained as in Cycle-GAN [157] to drive the resulting transformed images to be indistinguishable from
the target domains.

The first linear deformation ϕA should take into account global differences in terms of size
and pose between pediatric and adult images. The second non-linear transformation should
mainly account for local differences, in particular for the relative size and shape differences
between healthy structures and tumor. Linear deformations could be modeled using STN [65]
and the non-linear deformations using VoxelMorph [4] or diffeomorphic autoencoders [9]. Both
linear and non-linear deformations should be optimized in order to correctly transfer the
segmentation network from the adult domain to the pediatric one. In order to do that, we
could update the parameters of ϕ1 by minimizing d(ϕ1(Gxi

), S(ϕ1(xi))), where Gxi
is the

reference segmentation for xi, S is the segmentation produced by the network. However,
this strategy has two flaws. First, one would need to interpolate the reference segmentation,
which should not be touched by definition. Secondly, at inference time, one would like to
have the segmentation result in the original pediatric space (i.e. X) and not in the adult
domain (i.e. Y ). To overcome these problems, we propose different solutions. The first one is
similar to what we proposed in our ISBI paper [P3] presented in Section 3.4. Here the U-Net is
trained by transforming the obtained segmentation in an inverse way ϕ−1

1 (S(ϕ1(xi))) in order to
compare it with Gxi

. Having already verified the possibility of easily inverting computationally
ϕA
1 , we still have to find possible non-linear transformations that are always invertible and

computationally feasible for ϕN
1 . We did some preliminary tests using Thin-Plate Spline (TPS)

interpolation [10] shown in Figure 7.5. Satisfactory results using the renal ROI are obtained
only when the tumors have already a similar size, while a pre-segmentation of kidneys and
renal tumors and more parameters are needed if the pediatric tumor is considerably larger than
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Figure 7.5: Preliminary results using affine linear transformation and TPS [10] non-linear transformation
with 4 (three left columns) and 8 (three right columns) parameters. Top: entire abdomen, middle: renal ROI,
bottom: pre-segmented kidneys and renal tumor.

adult one. Moreover TPS is not inverse-consistent [10] and one should implement a modified
algorithm that uses an approximating spline. This would allow us to use our proposition,
and there would be no need to have the adult database as well (but only their pre-trained
weights). Another possible solution, which would instead require also the adult database, is
illustrated in Figure 7.4, and consists in leveraging the cycle consistency idea from CycleGAN
by estimating ϕ1, ϕ2 minimizing

∑N
i=1 d(Gxi

, ϕ2(S(ϕ1(xi)))) where N is the number of images
of domain X. In this way, ϕ1 would be optimized to correctly bring xi in the Y domain and
ϕ2 would be optimized to correctly bring the segmentation in the original pediatric domain
X. In this case, ϕ2 must be very performing to obtain reliable results. A third solution would
be the one presented in [145] with the transformed images used as data augmentation in two
separate segmentation networks in order to improve the performance of both networks.

Tumors in adults and children often evolve differently, regardless of the body region. There-
fore, the method proposed here is easily applicable to other scenarios than renal tumors, as
well as to other acquisition modalities. It could also be used for efficient transfer learning
between patients of the same domain (i.e. adults or children) which have tumors that by
evolution or stage of discovery have different sizes.

Cross-domain CT image translation using CycleGAN with anatomical constraints.
Given the satisfactory results for synthetic ceCT images in non-pathological adult subjects, the
application of these generated images in a real clinical setting for simulated injection and its
clinical pro and cons should be evaluated. Researchers seem to point more and more towards
a virtual contrast medium injection. Feasible studies for brain MR images were done by some
authors [76, 14], and they led to conflicting results. In addition to having results still far from
clinical use - but already useful for decreasing the dose of contrast injected into the patient -
it is clear that there are really many particular cases in which this technique cannot be used.

We propose to proceed in a similar way for synthetic abdominal ceCT images but we
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want to answer more questions which do not seem to have been addressed. First, according
to medical doctors who are part of the project team, a real ceCT is essential for clinical
diagnosis, for several reasons. An example is that their decisions are based on the symmetry
of the contrast medium diffusion to detect the presence of capsules on tumors or kidneys,
which is given by the physiology of such structures and cannot be virtually reproduced. So
we have to determine if there are potential clinical applications not linked to the direct use
for diagnosis. A first example could be a patient who undergoes a contrast-free CT for a
particular exam that does not need the contrast enhancement. In this case, we can produce
a synthetic ceCT which may suggest to actually acquire a real ceCT, according to certain
features to be assessed via a joint study with physicians.

To sum up, our idea is to show the limits of virtual injection in medical images but also
how far we can go, what situations could be simulated. A large-scale discussion with medical
experts on this topic is important.

Segmentation of renal tubular structures. To date, I find it really difficult to improve
even more the segmentation of renal tubular structures in pediatric and pathological arte-
riovenous ceCT via deep learning techniques. An idea could therefore be to combine these
techniques with rule-based methods as a post-processing step, refining the automatic segmen-
tation obtained by the CNN. In order to leave the choice on the application of this method
to the user, we propose to create a new Segment Editor effect for the 3DSlicer [37] plug-in
(presented in Section 6.1) dedicated to tubular structures. Our idea is the development of
an Automatic Locally Adaptive Region Growing [54], that we call “A-LARG”. Once the seg-
mented structure is selected on the Segment Editor (e.g. arteries), the algorithm could proceed
as follows:

1. a skeletonization is applied to the segmentation (Figure 7.6a);

2. the end and bifucartion points are extracted and selected as initial points for the region
growing (Figure 7.6b);

3. the previous points are used to transform the skeleton to a graph (Figure 7.6c);

4. for each branch of the graph the standard deviaton of contrast intensity of the corre-
sponding voxels on the input ceCT image is calculated (Figure 7.6d);

5. for each initial point a Locally Adaptive Region Growing [54] is performed using as
contrast tolerance the maximum of the standard deviation among the limbs branching
off from that point.

This algorithm can take advantage of the segmentation obtained from the proposed method
for tubular structure segmentation that forces the segmentation to be uninterrupted. One
problem could be caused by the contrast heterogeneity in ceCT images which induces outliers
in the contrast tolerance calculation, as some preliminary testing has already shown. Moreover,
a stop condition should also be implemented.

In addition to possibly improving the segmentation of arteries, veins and ureters, this
method would allow physicians to segment other vessels contiguous to those, such as the
mesenteric artery, or hepatic arteries and veins, in case they are needed for a better surgical
planning and guidance.
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Figure 7.6: Steps of A-LARG algorithm. a: skeleton of initial tubular structure segmentation; b: end (blue)
and bifurcation (green) points; c: from skeleton to graph, each branch has a different colors; d: single branch
highlighted by the arrows.

The proposed A-LARG algorithm can be applied to any tubular structure that is already
fully or partially segmented, either manually or automatically using deep learning techniques
(as in our case). Other applications may be pelvic blood vessels, nerves or lung bronchial tree.

3D anatomical digital twin to help surgery. To further complement the information
provided by the 3D model, and to give it even more power than using 2D imaging alone, an
interesting approach is to combine information acquired from multiple modalities. As shown
in Section 6.2, a first example is the use of both ceCT and MR, where the former provides more
detailed information about the vessels and ureters (with a biphasic acquisition by combining
arteriovenous and excretory phases), while the second gives more detailed information about
renal parenchyma (distinguishing internal and external) and tumors. Another example is
combining anatomical information with functional information. If the former is extracted
from structural images (MR or ceCT), the latter can be extracted from ultrasonographic (US)
images. The idea would be to train the network on pre-operative US images, which are easier
to register following specific protocols, and then perform automatic real-time segmentation
on US images acquired during surgery and inject this information into the pre-computed 3D
anatomical model from ceCTs.

The use of US also opens the direction of longitudinal follow-up of tumor evolution be-
fore, during, and after the 4-week chemotherapy (as recommended by the Umbrella SIOP
protocol [12]) via an automatic segmentation algorithm.

Moreover, another direction already taken by the IMAG2 team at Necker hospital, is
the automatic super-imposition of the 3D anatomical model on the images acquired by the
operating camera. This is particularly important for laparoscopy performed via the “da Vinci
Surgical System, Intuitive®”, due to the even restricted field of view and feeling of immersion
given by the system. In fact, the surgeon, thanks to the reference points given by the 3D
model, would find a greater feeling of comfort and safety in the surgical operation, as already
demonstrated in [109, 133], being also able to identify structures or locate organs that are
not yet visible. A part of the IMAG2 team is working on the automatic segmentation and
subsequent creation of the 3D point cloud model from stereo images acquired with the robot
laparoscope, i.e. stereo camera (Figure 7.7 from a to c). Then, the idea is to perform an
alignment with the 3D point cloud and the pre-operative 3D anatomical digital twin using
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sub-cloud of points corresponding to the organs to be aligned (Figure 7.7 d and e). To this
end, the position of the camera should be deducted in order to be able to reproject the 3D
model in the operating field of view of the camera. These steps are summarized in Figure 7.7.

Figure 7.7: Steps for the super-imposition of the 3D anatomical model on the images purchased by the
operating camera. a: laparoscopic image; b: segmentation of laparoscopic image; c: 3D point cloud of b; d:
sub-cloud of target organ; e: pre-operative 3D digital twin.

The final goal of this idea is to provide surgeons with an augmented reality tool that
allows them to know exactly where they are in the patient’s body by registering the complete
pre-operative 3D model with the per-operative laparoscopic image.

The use of 3D models both in their digital version addressed in this thesis and in their
physical version, through the use of 3D printers, offer other numerous application insights.
3D impressions are increasingly used in maxillo-facial and orthopedic surgery [30] for the pro-
duction of cutting guides that reduce operating time and increase surgical precision. The
3D digital twin, in addition to being less expensive, turns out to be more useful for surgical
applications such as those shown in this thesis, where vessels or excretory pathways enter
inside the organs being examined. Its use in adult abdominal-visceral surgery is growing, but
automated tools for segmentation such as the one we presented are still limited [94, 112]. If we
focus on the pediatric scenario this lack is even stronger, because the children population re-
quires special attention due to the specificity of the pathologies concerned and the importance
of precision and minimal-invasive surgery, whose results will have a very long-term impact.
There are few studies that have evaluated the relevance of these tools in pediatric surgery
and they most often concern surgery for renal tumors [45, 106] or modeling of congenital
heart disease [101]. Other applications in fields such as oto-rhino-laryngeal or pelvic surgery
should be considered. Moreover, the use of tractography techniques for modeling neural traits
from diffusion-weighted imaging (DWI) could be also merged with the 3D anatomical model,
improving pre- and per-operative neuroblastoma surgery compared to the conventional 2D
images, both in the relationships between the tumor (around the kidney in this case) and
the renal tubular structures, and in the relationships between the tumor and the nerves.
Furthermore, this method could also be used for studies on adults, for example affected by
endometriosis.
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Appendix A

Evaluation measures

For the quantitative evaluation of the segmentation results, we compute two different categories
of measures, as defined in [127]:
Spatial overlap based measures. All measures from this category can be derived from
the four basic cardinalities of the confusion matrix, namely the true positives (TP ), the false
positives (FP ), the true negatives (TN), and the false negatives (FN). These values can be
expressed for a single class c (i.e. structure) as follows:

TP =
M∑
j=1

|P̂j ·Rj| TN =
M∑
j=1

|(1− P̂j) · (1− R̂j)|

FP =
M∑
j=1

|P̂j · (1−Rj)| FN =
M∑
j=1

|(1− P̂j) ·Rj|

(A.1)

where M is the number of voxels in the image, Rj is the value of the voxel j of the one-
hot encoded reference segmentation R (same used during training), and is a value in {0, 1},
and P̂j is the value (in {0, 1}) of the voxel j of the one-hot encoded predicted segmentation
(we first apply an argmax operation on the classes C of probability map Pcj). From this
category we used the Dice score (Equation A.2) as the most used measure to validate medical
volume segmentations [127], Precision (Equation A.3) and Recall (Equation A.4), useful for
understanding the amount of manual corrections to be made (how much to delete and how
much to add, respectively). These scores are defined in percentage as:

Dice Score[%] =
2TP

2TP + FP + FN
· 100 (A.2)

Precision[%] =
TP

TP + FP
· 100 (A.3)

Recall[%] =
TP

TP + FN
· 100 (A.4)

Spatial distances. These measures take into consideration the spatial position of voxels
and they are recommended when the boundary delineation (contour) of the segmentation is
of importance [127]. Here we used the 95th percentile of Hausdorff distance (95HD), that
is slightly more stable to small outliers than the standard Hausdorff distance, which is an
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indicator of the largest segmentation error and is commonly used in biomedical segmentation
challenges [127]. The distance unit is the same as for the spacing of elements along each
dimension, which is usually given in mm. For two point sets, i.e. voxels in a space coordinate
system, R and P , the HD is defined as:

HD = sup

{
sup
p∈P

inf
r∈R

||p− r||2), sup
r∈R

inf
p∈P

||p− r||2
}

(A.5)



Appendix B

Details on the parameters used in data
augmentation and affine registration

Table B.1: Data Augmentation parameters in nnU-Net [61]. *Zero centered additive Gaussian noise is
added to each voxel in the sample independently. **Images are downsampled by a low-resolution factor using
nearest neighbor interpolation and then sampled back up to their original size with cubic interpolation.

Spatial data augmentation Application probability range of values
Scaling 0.2 [0.7,1.4]
Rotation 0.2 [−30,30]
Mirror 0.5 along all axes -

Iconographic data augmentation Application probability range of values
Contrast 0.15 [0.7,1.5]
Brightness 0.15 [0.7,1.3]
Gamma 0.15 [0.7,1.5]
Gaussian Noise* 0.15 [0,0.1]
Gaussian Blur 0.2 [0.5,1.5]
Low Resolution simulation** 0.25 [1,2]

Table B.2: Some of the parameters for 3D affine registration using SimpleITK-SimpleElastix [96].

Parameter name Parameter value

Final BSpline Interpolation Order 2
Interpolator Linear Interpolator

Maximum Number Of Iterations 32
Maximum Number Of Sampling Attempts 8

Metric Advanced Mattes Mutual Information
Number Of Samples For Exact Gradient 4096

Number Of Spatial Samples 4096
Optimizer Adaptive Stochastic Gradient Descent
Registration Multi Resolution Registration

Resample Interpolator Final BSpline Interpolator
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Appendix C

Supplementary material for kidney
and renal tumor segmentation

Transfer learning from adults to children

Table C.1: Quantitative results (mean and standard deviation of Dice score) of transfer learning on children
using weights of 3D nnU-Net trained on KiTS database [53]. In italics in the first column are the same results
as the ones shown in Table 3.3. Increasingly satisfactory results are obtained as the number of fine-tuned
blocks increases.

Blocks re-trained DS[%] Kidney DS[%] Tumor
Direct inference (weight frozen) 20.83 (35.55) 18.29 (35.73)
First 2 and last 2 53.38 (25.84) 51.05 (31.76)
Bridge and last 57.39 (29.59) 59.20 (22.42)
First, bridge and last 49.69 (36.08) 40.66 (31.59)
First 2, bridge and last 51.05 (31.84) 53.38 (25.76)
Bridge, first of decoder, last 74.59 (7.31) 58.21 (25.50)
First 2 blocks 72.28 (17.94) 64.76 (26.67)
All decoder 76.90 (11.38) 75.33 (21.92)
Bridge and all decoder 81.75 (7.18) 75.79 (23.24)
Entire network 84.99 (6.38) 81.08 (23.01)
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STN to homogenize pose and size

Figure C.1: Examples of results of STN1 for pose and size homogenization in 2D (first row) and in 3D (last
three rows in axial, coronal and sagittal views). It can be noticed how the homogenization in 2D (first row)
is more performing than in 3D (second row) taking into account the same axis; moreover the latter seems
to homogenize only the pose and not the size. It is also confirmed how resampling from 512×512×512 to
128×128×128 does not lead to a loss of detail that is significant for the task.
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STN for ROI cropping

Figure C.2: Examples of results of STN2 for 2D cropping using FasterR-CNN [114] as backbone. Without
(first two rows) and with (last two rows) the use of STN1 as pre-step. The results improve slightly with the
use of STN1 as the first step but the network has always a tendency to detect bounding boxes even if no
target structure is present in the images.
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Figure C.3: Examples of results of STN2 for 3D cropping using original STN [65] as backbone. Without
(first three rows in axial, coronal and sagittal views) and with (last three rows) the use of STN1 as pre-step.
The examples show the non-satisfactory results of using this technique in 3D because of the limited number of
patients to properly train the network. Using STN1 as a first step does not lead to significant improvements.



Appendix D

Quantitative results on state-of-the-art
methods for ceCT-CT translation

For an additional objective evaluation of generator performance on unpaired datasets, the
use of the Fréchet Inception Distance (FID) [57] is now very common. Real and synthetized
images are fed to the same network, usually the InceptionV3 model pre-trained on ImageNet.
Then, the distributions of the features of the two sets of images are compared. One usually
uses the features of one of the deepest layers. The idea is to use the first two moments, mean
and covariance matrix, to compare the two distributions, and the FID is defined as:

FID = ||µreal − µfake||2 + Tr(Σreal + Σfake − 2(ΣrealΣfake)
1/2), (D.1)

where µfake and µreal are the mean of the generated fake and real images, Σfake and Σreal

are the relative covariance matrices, and Tr denotes the trace of a square matrix. A low FID
should indicate that the two distributions are similar, namely that generated and real images
should come from a similar distribution. However, patterns and representations learned from
ImageNet may not be helpful in identifying useful and discriminative representations in medical
images. Furthermore, FID only compares the first two moments of the distributions, which
may be misleading or not informative enough in some cases (for instance if the distributions
are not Gaussian). For these reasons, we do not consider these measures to be completely
reliable, and they are not included in Chapter 4.

To overcome the previous issues, we propose two new measures for quantitative assessment
of unpaired image-to-image translation. Let the residual map RM be the difference between
the output and the input images of the generator, normalized between 0 and 1, where 1 means
the maximum addition (or removal) of contrast. We then call action region RMt the binary
mask created by thresholding RM at 0.5. Let M be a manually segmented mask showing
the area that should have the greatest variation of contrast (prior anatomical knowledge).
We then define two quantitative measures. The “recall of action region”, which is a measure
of completeness, showing how much of the target region has been changed, is defined as
R = |M∩RMt|

|M | , where | · | means number of pixels. The second measure, that we call “precision of
the residual map”, measures if most of the changes in the output image have been concentrated

in the correct parts of the image. It is defined as: P =
∑

x∈M∩RMt
RM(x)∑

x∈RMt
RM(x)

, where RM(x) refers

to the value of the pixel x in RM . The limitation on this method lies in the need of manual
segmentations, which are really hard to correctly perform in CT images. Some examples are
shown in Figure D.1.
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Table D.1 provides the quantitative results (mean and standard deviation) for the some of
the state-of-the-art experiments shown in Figure 4.6, that confirmed what was inferred from
the qualitative results. However, we used only 10 2D images for each domain to calculate R

and P, while 360 2D images for each domain were used for the computation of FID.

Table D.1: Results (mean and standard deviation) of R and P (see text for details) on 10 images for each
domain, and of FID [57] on 360 images for each domain. The use of PatchGAN as discriminator mechanism
is the one that allows to generate synthetic images with a distribution more similar to the real ones, while the
use of Res-Net as generator network allows for more complete and accurate contrast adjustments. However,
without anatomically constraining the synthetization, all methods tend to modify many parts of the image
that should not be modified.

-

Quantitative

Measure

UNIT

G: U-Net

D: PatchGAN

UNIT

G: U-Net

D: Wass. Loss

CycleGAN

G: U-Net

D: PatchGAN

CycleGAN

G: Res-Net

D: U-Net

CycleGAN

G: Res-Net

D: PatchGAN

ceCT2CT Recall (↑) 0.81 (0.18) 0.87 (0.14) 0.81 (0.36) 0.59 (0.35) 0.85 (0.17)

ceCT2CT Precision (↑) 0.15 (0.04) 0.16 (0.04) 0.14 (0.11) 0.22 (0.11) 0.15 (0.05)

FID CT domain (↓) 219.53 238.07 153.2 349.54 118.39

CT2ceCT Recall (↑) 0.77 (0.07) 0.71 (0.08) 0.68 (0.11) 0.81 (0.06) 0.71 (0.22)

CT2ceCT Precision (↑) 0.09 (0.04) 0.09 (0.05) 0.10 (0.08) 0.02 (0.01) 0.10 (0.06)

FID ceCT domain (↓) 203.1 257.67 180.33 270.79 160.65

Figure D.1: Residual map and action area (detailed in the text). First two rows: from ceCT to CT. Second
two rows: from CT to ceCT. In the images showing action area, the manual segmentation is displayed in red,
and the automatic one in blue. In these two examples we can see that the action area coincides for most of
the manual segmentation but also acts on many other areas.



Appendix E

Supplementary material for
segmentation of tubular structures

Differentiability of Morphological similarity Loss

According to the first Magnus’ theorem [91]:
“Let Ho be a real symmetric n×n matrix. Let Wo be a normalized eigenvector associated

with a simple eigenvalue λo of Ho. Then a real-valued function λ and a vector function W
are defined for all H in some neighborhood N(Ho) ⊂ Rn×n of Ho, such that: λ(Ho) = λo,
W (Ho) = Wo, and HW = λW , W ′W = 1, H ∈ N(Ho), where W

′ denote the transpose of W .
Moreover, the functions λ and W are ∞ times differentiable on N(Ho), and the differentials
at Ho are: dλ = W ′

o(dH)Wo and dW = (λoIn − Wo)
+(dH)Wo. Equivalently, the derivative

at Ho for λ is given by: ∂λ
∂(vecH)′

= W ′
o ⊗W ′

o or ∂λ
∂H

= WoW
′
o, where vecH denotes the column

vector that stacks the columns of H one underneath the other, and ⊗ denotes the Kronecker
product.”

This means that if the Hessian matrix H is real symmetric, as in our case, the eigenvalues
function λ is differentiable in the neighbor of H via the product of the normalized eigenvectors
Wo (associated with the simple eigenvalue λo of H) with its transpose.

To give further details, the derivative of the cost function MsLoss for a single predicted
voxel Pm with respect to a parameter Zp of the network Z can be written as:

∂MsLoss

∂Zp

=
∂MsLoss

∂Λ

∂Λ

∂H

∂H

∂gσ

∂gσ
∂Pm

∂Pm

∂Zp

(E.1)

where Pm = (Z(I))(m), m is a voxel at position (xm, ym, zm) of the input image I, Λ =
(λ1, λ2, λ3) and MsLoss = 1

3M

∑M
m=1[(λ1Pm

− λ1Rm
)2 + (λ2Pm

− λ2Rm
)2 + (λ3Pm

− λ3Rm
)2].

For the sake of simplicity we define Vm = gσ ∗ Pm, and using the Magnus’s theorem with
an eigenvector Wo = (wo1, wo2, wo3)

′ for each λo∈[1,3], we have for a single voxel m (with M
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equal to the number of voxels) with respect to a parameter Zp:

∂MsLoss

∂Zp

=

=
∂MsLoss

∂Λ

∂Λ

∂H

∂H

∂Vm

∂Vm

∂Zp

=

=
∂MsLoss

∂Λ

∂Λ

∂(vecH)′
∂(vecH)′

∂Vm

∂Vm

∂Zp

=

=
[
∂MsLoss

∂λ1

∂MsLoss
∂λ2

∂MsLoss
∂λ3

]
×


∂λ1

∂(vecH)′
∂λ2

∂(vecH)′
∂λ3

∂(vecH)′

×


∂hx2

∂(Vm)1
...

∂hx2

∂(Vm)M

... ... ...
∂hz2

∂(Vm)1
...

∂hz2

∂(Vm)M

×


∂(Vm)1
∂Zp

...
∂(Vm)M

∂Zp

 =

=
[
∂MsLoss

∂λ1

∂MsLoss
∂λ2

∂MsLoss
∂λ3

]
×

W ′
1 ⊗W ′

1

W ′
2 ⊗W ′

2

W ′
3 ⊗W ′

3

×


∂hx2

∂(Vm)1
...

∂hx2

∂(Vm)M

... ... ...
∂hz2

∂(Vm)1
...

∂hz2

∂(Vm)M

×


∂(Vm)1

Zp

...
∂(Vm)M

Zp


where W ′

o ⊗W ′
o =

[
wo1 wo2 wo3

]
⊗

[
wo1 wo2 wo3

]
=

=
[
wo1wo1 wo1wo2 wo1wo3 ... wo3wo1 wo3wo2 wo3wo3

]
This matrix multiplication returns a single value, i.e. the gradient of MsLoss with respect

to the parameter Zp, which will be multiplied by lr in order to update the parameter (e.g.
weight) Zp.

Comparison of different optimizers

In our method, we assessed also the performance of Adam [75] and Adagrad [34] optimizers
with initial lr of 10−3, taking inspiration from [78]. Results are shown in Table E.1, which
show that the use of SGD with lr=0.01 leads to better performance.

Table E.1: Benchmarks using different optimizers and different lr on our proposed method using the baseline
loss function: CE+Sof Dice with deep supervision. Patch size 32×64×64. A: Arteries; V:Veins. Mean and
standard deviation of the results are shown.

Technique Structures
Optimizer lr S Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) HD95 [mm] (↓) ∆Λ (↓)

SGD 0.01 A 74.25 (4.24) 85.80 (11.25) 67.02 (7.45) 13.76 (17.15) 19.65 (2.04)

V 58.67 (27.06) 82.73 (9.89) 51.10 (27.69) 16.17 (12.86) 19.77 (3.36)

SGD 0.001 A 73.39 (3.25) 86.54 (6.65) 64.48 (7.11) 9.23 (3.56) 20.35 (2.01)

V 56.89 (28.44) 83.03 (8.45) 50.47 (28.78) 14.59 (11.67) 19.99 (3.40)

ADAM 0.01 A 69.97 (5.17) 79.07 (13.14) 64.89 (8.08) 20.21 (17.96) 19.91 (2.39)

V 51.84 (24.70) 61.55 (17.61) 52.53 (28.82) 24.71 (24.36) 20.16 (3.36)

ADAM 0.001 A 74.32 (2.48) 85.88 (8.34) 66.52 (6.99) 9.48 (4.58) 19.92 (1.87)

V 58.12 (26.24) 80.69 (12.85) 50.21 (27.59) 16.23 (17.87) 20.05 (3.63)

ADAGRAD 0.01 A 73.54 (4.83) 85.86 (11.79) 66.02 (7.64) 14.46 (17.13) 19.90 (2.38)

V 57.40 (27.07) 83.69 (8.17) 50.31 (27.81) 16.05 (10.15) 19.76 (3.59)

ADAGRAD 0.001 A 60.34 (6.90) 53.75 (10.66) 70.77 (5.97) 16.11 (1.87) 18.67 (1.45)

V 20.95 (14.76) 51.22 (27.09) 13.55 (10.11) 13.87 (3.56) 22.55 (2.98)
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Parameters research

We conducted a parameters search for α, β and γ of Frangi’s vesselness [38] and the best σmax

for ensuring zero gradient only in the main direction. The goal was to find the parameters
for which the vesselness score F was greater than zero for all voxels of the target structures.
Results are shown in the tables in Figure E.1.

Figure E.1: Search of best parameters for σmax of Gaussian filter and α, β and γ for Frangi’s vesselness filter:
we counted the percentage of voxels of target structures that have a Frangi vesselness greater than 0. The use
of σmax=25 and α=0.1, β=0.1 and γ=2 allows values greater than zero for all voxels and thus distinguishing
them from having no segmentation or from blob or plate structures. From the tables we can deduce that the
most important value to set is σmax to have a strong enough gradient given the larger cross sectional size of
some vessels (e.g. aorta and cava vein) and of calyces (attachment of ureters to the kidneys). For the same
reason, a smaller value of α also allows us to consider structures with a blob-like shape. As there are no plates
or structures with little contrast, the weights of β and γ are irrelevant. Color code: from light to dark green
as the percentange is better.
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Implementation study of our proposed loss functions

Two other empirically studies were done using patches of size 32×64×64: the first one to find
the best implementation for Gaussian kernel application, while the second one to find the best
wms of MsLoss. The choice of using little patches was made in order to make training faster
and in order to verify the effectiveness of the proposed loss functions even when the ratio of
foreground to background voxels is higher. However, even with the use of a method for ROI
cropping, the use of such small patches greatly slows down the inference phase and it is not
recommended for the implementation of pipelines for the creation of anatomical 3D models.
Here, we made use of reference segmentations to extract the ROI where target structures are
present. Results are respectively shown in Table E.2 and Table E.3, where the best methods
are those later used as presented in Chapter 5. The application of multiple Gaussian kernels in
all levels of resolution allows a better extraction of morphological information and thus better
comparison between the predicted and reference structures. The first wms to weight MsLoss
was calculated in order to have values around 1, as Dice loss and Fvloss values are between 0
and 1. Due to the fact that ∆Λ for the baseline is approximately 20, we chose wms equal to
0.05. This value was then confirmed to be the best suited.

Table E.2: Results using 3D patches 32×64×64 for different Gaussian kernel implementations. The values
of σi∈[1,5] are in the range [1,σmax] with a step of σmax

5 . We used as method for this study the nnU-Net ([61])
with U-Net as backbone and CE+Soft Dice with deep supervision as baseline loss function. Here wms is fixed
at 0.05, σmax at 25. A: Arteries: V: Veins. Mean and standard deviation of the results are shown.

Vesselness Structures
Loss Deep Sup. Post σi S Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) HD95 [mm] (↓) ∆Λ (↓)
No - No - A 73.49 (3.87) 85.15 (10.80) 66.10 (7.21) 15.78 (18.19) 20.05 (2.19)

V 57.07 (27.75) 84.73 (8.31) 48.79 (27.54) 17.19 (13.93) 20.01 (3.18)

MsLoss No No [1,5] A 74.17 (5.49) 83.73 (10.86) 68.11 (8.05) 14.21 (17.59) 19.12 (2.19)

V 58.55 (29.16) 82.58 (6.47) 53.12 (30.26) 16.02 (12.77) 19.24 (3.57)

MsLoss Yes No 5 A 76.16 (5.16) 86.04 (10.88) 69.81 (7.79) 17.09 (16.86) 18.16 (1.89)

V 57.78 (27.29) 82.81 (7.85) 51.43 (28.42) 21.15 (17.92) 19.63 (3.54)

MsLoss Yes No [q+1] A 74.14 (5.35) 80.78 (11.68) 70.23 (7.08) 14.13 (17.50) 18.71 (1.86)

as Deep V 58.93 (26.89) 81.65 (8.12) 52.86 (28.39) 15.01 (11.23) 19.50 (3.44)

MsLoss Yes No [1,(5-q)] A 75.30 (4.92) 84.42 (11.34) 69.55 (7.51) 13.49 (17.97) 18.83 (2.09)

as Deep V 60.68 (26.45) 80.94 (7.89) 55.16 (28.68) 16.18 (15.31) 18.99 (3.56)

MsLoss + FvLoss No No [1,5] A 76.84 (5.69) 80.04 (11.44) 75.60 (7.25) 15.69 (17.73) 17.23 (1.89)

V 58.71 (27.05) 76.89 (9.16) 55.97 (30.28) 14.77 (10.91) 19.11 (3.26)

MsLoss + FvLoss Yes No 5 A 74.23 (5.60) 84.05 (12.91) 68.31 (7.10) 15.85 (17.53) 19.23 (1.71)

V 58.41 (26.59) 82.44 (9.79) 50.39 (26.92) 16.63 (18.12) 20.17 (3.06)

MsLoss + FvLoss Yes No [q+1] A 75.07 (6.12) 83.96 (13.06) 69.89 (7.67) 15.66 (17.59) 18.73 (1.84)

as Deep V 58.70 (25.83) 81.47 (11.19) 50.54 (26.26) 13.62 (11.61) 20.22 (3.10)

MsLoss + FvLoss Yes No [1,(5-q)] A 77.04 (7.18) 84.49 (13.47) 72.82 (7.65) 15.77 (17.58) 17.72 (1.97)

as Deep V 58.04 (24.35) 81.30 (10.95) 50.54 (24.47) 15.44 (8.98) 17.83 (4.65)

Quantitative results for different implementations of tubu-

lar structures loss functions

Using the same small patches as before we tested the vesselness implementation used in [16]
and [136] where eigenvalues are ordered by magnitude as in the original vesselness functions.
Results are shown in Table E.4. As discussed in Section 5.2.2, direct comparison of vesselness
score leads to worsening of results because two voxels belonging to vessels with different
preferential directions (the predicted and reference ones) can have very similar vesselness



141

Table E.3: Results using 3D patches 32×64×64 with different wms to weight MsLoss. For these tests we
used our proposed method that differs on the oversampling technique used compared to nnU-Net [61]. We
used U-Net as backbone and CE+Soft Dice+TsLoss with deep supervision as loss function. The proposed
vesselness loss functions are applied also with deep supervision with the Gaussian kernel applied with σi∈[1,5−q]

from 1 to σmax with a step of σmax

5 , where q is the output resolution level (0 is the output at the same size of
the input image). A: Arteries: V: Veins. Mean and standard deviation of the results are shown.

wms S Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) HD95 [mm] (↓) ∆Λ (↓)
0.01 A 77.19 (7.79) 79.56 (13.16) 76.86 (6.62) 15.08 (17.68) 17.07 (1.98)

V 56.22 (26.92) 81.25 (8.84) 50.47 (29.15) 16.65 (12.79) 19.76 (3.63)

0.05 A 77.31 (4.42) 78.10 (12.48) 77.19 (6.64) 13.83 (17.39) 17.15 (1.81)

V 60.20 (25.15) 76.38 (9.08) 57.22 (29.36) 14.58 (11.33) 19.11 (3.57)

0.1 A 72.79 (7.26) 70.61 (13.06) 77.72 (6.59) 15.69 (17.77) 19.92 (2.27)

V 58.57 (25.08) 78.92 (8.07) 53.11 (27.85) 16.78 (15.32) 19.99 (3.50)

0.5 A 68.85 (6.83) 62.91 (12.19) 79.03 (6.77) 21.57 (19.77) 17.17 (1.99)

V 58.87 (23.73) 72.76 (9.19) 55.58 (28.31) 19.36 (26.81) 18.98 (3.53)

1 A 51.72 (8.85) 40.64 (11.42) 75.87 (5.99) 31.72 (18.23) 16.16 (1.42)

V 44.42 (15.31) 34.67 (11.52) 67.57 (26.91) 41.74 (25.13) 17.06 (3.62)

scores. Furthermore, the Recall analysis using patches 32×64×64 is also shown in Figure E.2,
which confirms what was stated in Section 5.4.

Table E.4: Results using 3D patches 32×64×64 on combination of different loss functions. For these tests
we used our proposed method that differs on the oversampling technique used compared to nnU-Net [61]. We
used U-Net as backbone and CE+Soft Dice with deep supervision as baseline loss function. Here wms is fixed
at 0.05, the proposed loss functions are applied also with deep supervision with the Gaussian kernel applied
with σi∈[1,5−q] from 1 to σmax with a step of σmax

5 , where q is the output resolution level (0 is the output
at the same size of the input image). A: Arteries: V: Veins. Mean and standard deviation of the results are
given. *The eigenvalues are ordered by magnitude as in the original vesselness functions.

Loss function used S Dice Score [%] (↑) Precision [%] (↑) Recall [%] (↑) HD95 [mm] (↓) ∆Λ (↓)
No A 74.25 (4.24) 85.80 (11.25) 67.02 (7.45) 13.76 (17.15) 19.65 (2.04)

V 58.67 (27.06) 82.73 (9.89) 51.10 (27.69) 16.17 (12.86) 19.77 (3.36)

FvLoss* as Frangi SSVMD A 73.65 (5.16) 86.71 (11.72) 65.53 (7.10) 15.10 (17.03) 19.56 (1.96)

[16] V 58.81 (27.93) 80.41 (9.63) 53.40 (29.25) 14.42 (10.42) 19.42 (3.36)

FvLoss* as Jerman SSVMD A 73.13 (5.56) 85.37 (12.14) 65.63 (7.66) 14.71 (17.24) 20.03 (1.86)

[136] V 56.06 (27.40) 83.33 (8.05) 48.72 (27.74) 15.26 (11.83) 20.23 (3.32)

MsLoss A 75.63 (4.57) 81.07 (11.64) 72.74 (7.55) 13.26 (17.54) 18.21 (1.88)

(Λ in Ms ordered via W ) V 59.73 (26.19) 79.81 (9.65) 53.73 (28.23) 14.71 (12.07) 19.23 (3.25)

MsLoss + FvLoss A 77.31 (4.42) 78.10 (12.48) 77.19 (6.64) 13.83 (17.39) 17.15 (1.81)

(Λ in Ms ordered via W ) V 60.20 (25.15) 76.38 (9.08) 57.22 (29.36) 14.58 (11.33) 19.11 (3.57)

Other qualitative results

Other results are shown in Figure E.3 from the experiments done using smaller patches of size
32×64×64.



142 APPENDIX E. SEGMENTATION OF TUBULAR STRUCTURES

Figure E.2: Recall of the first row and last four rows of experiments in Table E.2 with patches 32×64×64
for the different structures. Arteries are divided into aorta, renal arteries and celiac artery, while veins in cava
vein and renal veins.
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Figure E.3: Example of segmentation for veins (top) and arteries (bottom) on two difficult cases. The top
ceCT image presents a strong hetereogeneity in the cava vein due to the tumor presence. The bottom ceCT
image presents renal arteries with a very few voxels.
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Appendix F

Details of the “Renal Anatomy
Segmentation for ceCT” module

Figure F.1: Top: example of step 2 of Selection and Segmentation section: automatic segmentation of bones,
liver and spleen. Bottom: inference phase used in our 3DSlicer [37] plug-in.
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Figure F.2: Example of step 3 of Selection and Segmentation section: creation and interaction of the
AnnotationROI.

Figure F.3: Top: example of step 4 of Selection and Segmentation section: creation and interaction of the
AnnotationROI. Bottom: visual explanation of the pre-processing.
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Figure F.4: Top: example of step 5 of Selection and Segmentation section: automatic segmentation of
kidneys, tumors, arteries, veins and ureters. Bottom: focus on ureters.

Figure F.5: Example of final automatic 3D segmentation obtained with our plug-in.
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Figure F.6: Some images of the software tool specifically designed at the IMAG2 lab of Necker hospital
for visualization and interaction. Top: distance calculation in mm between two user-defined points. Bottom:
volume in ml of the selected structure.
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Figure F.7: Best, average and worst results for kidney and tumor segmentation using the best method found,
namely the one presented in Table 6.2, trained using our 3D nnU-Net [61] implementation using as input both
real ceCT images and synthetic CT images generated with the method proposed in Chapter 4. These results
are the ones used in our plug-in.
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Figure F.8: Best, average and worst results for arteries and veins segmentation using the best method found,
namely the one presented in Table 6.2, trained using our 3D nnU-Net [61] implementation with the use of
oversampling method and the Tubular structures Loss proposed in Chapter 5, using as input both real ceCT
images and synthetic CT images generated with the method proposed in Chapter 4. These results are the
ones used in our plug-in.



151

Figure F.9: Best, average and worst results for ureters segmentation using the best method found, namely
the one presented in Table 6.2, trained using our 3D nnU-Net [61] implementation with the use of oversampling
method and the Morphological similarity Loss proposed in Chapter 5, using as input both real ceCT images
and synthetic CT images generated with the method proposed in Chapter 4. These results are the ones used
in our plug-in.
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training procedure in timm. In Neural Information Processing Systems (NeurIPS), 2021.

[142] Marko Wilke, V J Schmithorst, and Holland Scott K. Normative pediatric brain data
for spatial normalization and segmentation differs from standard adult data. Magnetic
Resonance in Medicine, 50:749 –757, 2003.

[143] Yongjia Xu and Yongzeng Lai. Derivatives of functions of eigenvalues and eigenvectors
for symmetric matrices. Mathematical Analysis and Applications, 4441(1):251–274, 2016.

[144] Ke Yan, Le Lu, and Ronald M Summers. Unsupervised body part regression via spa-
tially self-ordering convolutional neural networks. In IEEE International Symposium on
Biomedical Imaging (ISBI), pages 1022–1025, 2018.

[145] Wenjun Yan, Yuanyuan Wang, Shengjia Gu, Lu Huang, Fuhua Yan, Liming Xia, and
Qian Tao. The domain shift problem of medical image segmentation and vendor-
adaptation by U-Net-GAN. In Medical Image Computing and Computer Assisted Inter-
ventions (MICCAI), pages 623–631, 2019.

[146] Chao Yang, Taehwan Kim, Ruizhe Wang, Hao Peng, and C C Jay Kuo. ESTHER:
Extremely Simple Image Translation Through Self-Regularization. In British Machine
Vision Conference (BMVC), 2018.

[147] Heran Yang, Jian Sun, Aaron Carass, Can Zhao, Junghoon Lee, Jerry Prince, and
Zongben Xu. Unsupervised MR-to-CT synthesis using structure-constrained CycleGAN.
IEEE Transaction on Medical Imaging, 39(12):4249–4261, 2020.

[148] Linlin Yao, Pengbo Jiang, Jon Xue, Yiqiang Zhan, Dijia Wu, Lichi Zhang, Qian Wang,
and Feng Shi. Graph convolutional network based point cloud for head and neck vessel
labeling. In Medical Image Computing and Computer Assisted Intervention (MICCAI)
MLMI Challenge, pages 474–483, 2021.

[149] Xin Yi, Ekta Walia, and Paul Babyn. Generative Adversarial Network in medical imag-
ing: A review. Medical Image Analysis, 58:101552, 2019.

[150] Chenyu You, Guang Li, Yi Zhang, Xiaoliu Zhang, Hongming Shan, Mengzhou Li,
Shenghong Ju, Zhen Zhao, Zhuiyang Zhang, Wenxiang Cong, Michael Vannier, Punam
Saha, Eric Hoffman, and Ge Wang. CT super-resolution GAN constrained by the iden-
tical, residual, and cycle learning ensemble (GAN-CIRCLE). IEEE Transactions on
Medical Imaging, 39(1):188–203, 2019.

[151] Qian Yu, Yinghuan Shi, Jinquan Sun, Yang Gao, Yakang Dai, and Jianbing Zhu.
Crossbar-Net: A novel convolutional network for kidney tumor segmentation in CT
images. IEEE Transactions on Image Processing, 28(8):4060–4074, 2019.



166 BIBLIOGRAPHY

[152] XiaoDong Yuan, Jing Zhang, ChangBin Quan, Yuan Tian, Hong Li, and GuoKun Ao.
A simplified whole-organ CT perfusion technique with biphasic acquisition: Preliminary
investigation of accuracy and protocol feasibility in kidneys. Radiology, 279(1):254–261,
2016.

[153] B I Yuh and R H Cohan. Different phases of renal enhancement: role in detecting and
characterizing renal masses during helical CT. AJR Am J Roentgenol, 173(3):747–755,
1999.

[154] Matthew Zeiler, Dilip Krishnan, Graham Taylor, and Robert Fergus. Deconvolutional
networks. In IEEE Computer Society Conference on Computer Vision and Pattern
Recognition (CVPR), pages 2528–2535, 2010.

[155] Rongjian Zhao, Buyue Qian, Zhang Xianli, Yang Li, Rong Wei, Yang Liu, and Yinggang
Pan. Rethinking Dice loss for medical image segmentation. In IEEE International
Conference on Data Mining (ICDM), pages 851–860, 2020.

[156] Zhongchen Zhao, Huai Chen, and Lisheng Wang. A coarse-to-fine framework for the
2021 kidney and kidney tumor segmentation challenge. In Medical Image Computing
and Computer Assisted Intervention (MICCAI) KiTS Challenge, pages 53–58, 2021.

[157] Jun-Yan Zhu, Taesung Park, Phillip Isola, and Alexei A Efros. Unpaired image-to-
image translation using cycle-consistent adversarial networks. In IEEE International
Conference on Computer Vision (ICCV), pages 2223–2232, 2017.

[158] Yingying Zhu, Youbao Tang, Yuxing Tang, Daniel C Elton, Sungwon Lee, Perry J
Pickhardt, and Ronald M Summers. Cross-domain medical image translation by shared
latent Gaussian mixture model. In Medical Image Computing and Computer-Assisted
Intervention (MICCAI), pages 379–389, 2020.



BIBLIOGRAPHY 167



Titre: Apprentissage de jumeaux numériques anatomiques en imagerie pédiatrique 3D pour la chirurgie des cancers du rein

Mots clés: intelligence artificielle, Machine learning, applications de santé, big data

Résumé: Les cancers rénaux pédiatriques représentent 9% des can-
cers pédiatriques avec un taux de survie de 9/10 au prix de la perte
d’un rein. La chirurgie d’épargne néphronique (NSS, ablation partielle
du rein) est possible si le cancer répond à des critères précis (e.g. le
volume et la localisation de la lésion). L’indication de la NSS repose
sur l’imagerie préopératoire, en particulier la tomographie informatisée à
rayons X (CT). Si l’évaluation de tous les critères sur des images 2D n’est
pas toujours facile, les modèles 3D spécifiques au patient offrent une so-
lution prometteuse. La construction de modèles 3D de l’anatomie rénale
basés sur la segmentation est développée chez les adultes mais pas chez
les enfants. Il existe un besoin de méthodes de traitement d’image dédiées
aux patients pédiatriques en raison des spécificités de ces images, comme
l’hétérogénéité de la pose et de la taille des structures. De plus, dans les
images CT, l’injection d’un agent de contraste est souvent utilisée (ceCT)
pour faciliter l’identification de l’interface entre les différentes structures
mais cela peut conduire à une hétérogénéité dans le contraste de cer-
taines structures anatomiques, même parmi les patients acquis avec la
même procédure.
Le premier objectif de cette thèse est d’effectuer une segmentation des
organes/tumeurs à partir d’images ceCT, à partir de laquelle un modèle
3D sera dérivé. Des approches d’apprentissage par transfert (des données
adultes aux images enfants) sont proposées. La première question con-
siste à savoir si de telles méthodes sont réalisables, malgré la différence
structurelle évidente entre les ensembles de données. Une deuxième
question porte sur la possibilité de remplacer les techniques standard
d’augmentation des données par des techniques d’homogénéisation des
données utilisant des Spatial Transformer Networks, améliorant ainsi le
temps d’apprentissage, la mémoire requise et les performances.
La segmentation de certaines structures anatomiques dans des images

ceCT peut être difficile à cause de la variabilité de la diffusion du produit
de contraste. L’utilisation combinée d’images CT sans contraste (CT)
et ceCT atténue cette difficulté, mais au prix d’une exposition doublée
aux rayonnements. Le remplacement d’une des acquisitions CT par des
modèles génératifs permet de maintenir la performance de segmentation,
en limitant les doses de rayons X. Un deuxième objectif de cette thèse est
de synthétiser des images ceCT à partir de CT et vice-versa, à partir de
bases d’apprentissage d’images non appariées, en utilisant une extension
des Cycle Generative Adversarial Networks. Des contraintes anatomiques
sont introduites en utilisant le score d’un Self-Supervised Body Regressor,
améliorant la sélection d’images anatomiquement appariées entre les deux
domaines et renforçant la cohérence anatomique.
Un troisième objectif de ce travail est de compléter le modèle 3D d’un
patient atteint d’une tumeur rénale en incluant également les artères,
les veines et les uretères. Une étude approfondie et une analyse com-
parative de la littérature sur la segmentation des structures tubulaires
anatomique sont présentées. En outre, nous présentons pour la première
fois l’utilisation de la fonction “vesselness” comme fonction de perte pour
l’entrâınement d’un réseau de segmentation. Nous démontrons que la
combinaison de l’information sur les valeurs propres avec les informations
structurelles d’autres fonctions de perte permet d’améliorer les perfor-
mances.
Enfin, nous présentons un outil développé pour utiliser les méthodes pro-
posées dans un cadre clinique réel ainsi qu’une étude clinique visant à
évaluer les avantages de l’utilisation de modèles 3D dans la planification
préopératoire. L’objectif de cette recherche est de démontrer, par une
évaluation rétrospective d’experts, comment les critères du NSS sont plus
susceptibles d’être trouvés dans les images 3D que dans les images 2D.
Cette étude est toujours en cours.

Title: Learning anatomical digital twins in pediatric 3D imaging for renal cancer surgery

Keywords: artificial intelligence, Machine learning, health applications, big data

Abstract: Pediatric renal cancers account for 9% of pediatric can-
cers with a 9/10 survival rate at the expense of the loss of a kidney.
Nephron-sparing surgery (NSS, partial removal of the kidney) is possible
if the cancer meets specific criteria (regarding volume, location and extent
of the lesion). Indication for NSS is relying on preoperative imaging, in
particular X-ray Computerized Tomography (CT). While assessing all cri-
teria in 2D images is not always easy nor even feasible, 3D patient-specific
models offer a promising solution. Building 3D models of the renal tu-
mor anatomy based on segmentation is widely developed in adults but
not in children. There is a need of dedicated image processing methods
for pediatric patients due to the specificities of the images with respect
to adults and to heterogeneity in pose and size of the structures (sub-
jects going from few days of age to 16 years). Moreover, in CT images,
injection of contrast agent (contrast-enhanced CT, ceCT) is often used to
facilitate the identification of the interface between different tissues and
structures but this might lead to heterogeneity in contrast and brightness
of some anatomical structures, even among patients of the same medical
database (i.e., same acquisition procedure). This can complicate the fol-
lowing analyses, such as segmentation.
The first objective of this thesis is to perform organ/tumor segmentation
from abdominal-visceral ceCT images. An individual 3D patient model is
then derived. Transfer learning approaches (from adult data to children
images) are proposed to improve state-of-the-art performances. The first
question we want to answer is if such methods are feasible, despite the ob-
vious structural difference between the datasets, thanks to geometric do-
main adaptation. A second question is if the standard techniques of data
augmentation can be replaced by data homogenization techniques using
Spatial Transformer Networks (STN), improving training time, memory
requirement and performances.

In order to deal with variability in contrast medium diffusion, a second
objective is to perform a cross-domain CT image translation from ceCT
to contrast-free CT (CT) and vice-versa, using Cycle Generative Adver-
sarial Network (CycleGAN). In fact, the combined use of ceCT and CT
images can improve the segmentation performances on certain anatomical
structures in ceCT, but at the cost of a double radiation exposure. To
limit the radiation dose, generative models could be used to synthesize
one modality, instead of acquiring it. We present an extension of Cy-
cleGAN to generate such images, from unpaired databases. Anatomical
constraints are introduced by automatically selecting the region of inter-
est and by using the score of a Self-Supervised Body Regressor, improving
the selection of anatomically-paired images between the two domains (CT
and ceCT) and enforcing anatomical consistency.
A third objective of this work is to complete the 3D model of patient
affected by renal tumor including also arteries, veins and collecting sys-
tem (i.e. ureters). An extensive study and benchmarking of the literature
on anatomic tubular structure segmentation is presented. Modifications
to state-of-the-art methods for our specific application are also proposed.
Moreover, we present for the first time the use of the so-called vessel-
ness function as loss function for training a segmentation network. We
demonstrate that combining eigenvalue information with structural and
voxel-wise information of other loss functions results in an improvement
in performance.
Eventually, a tool developed for using the proposed methods in a real
clinical setting is shown as well as a clinical study to further evaluate the
benefits of using 3D models in pre-operative planning. The intent of this
research is to demonstrate through a retrospective evaluation of experts
how criteria for NSS are more likely to be found in 3D compared to 2D
images. This study is still ongoing.
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