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Résumé

La tomographie par émission monophotonique (TEMP) est une modalité
d’imagerie nucléaire notamment utilisée en oncologie pour la détection et le
suivi des tumeurs. La quantification par TEMP est également devenue cruciale
pour la dosimétrie dans le cadre des Radiothérapies Internes Vectorisées (RIV)
au 7Lu-PSMA ou ”"Lu-DOTATATE. Dans cette theése, nous explorons deux
sujets: 1) une méthode Quasi Monte Carlo (QMC) qui pourrait potentiellement
accélérer les simulations 2) la correction des effets de volume partiel (EVPs)
des images TEMP par apprentissage profond.

Les simulations Monte Carlo (MC) jouent un role essentiel en médecine
nucléaire, notamment pour le calcul de dose, la conception de nouveaux
systemes TEMP et 1’évaluation des algorithmes de reconstruction. Bien que
trés réalistes et précises, les simulations MC sont cotiteuses en calcul et lentes
a converger.

La premiere contribution de cette these est I'investigation de 1'usage des
séquences quasi-aléatoires pour 1’échantillonnage dans les simulations MC
pour la médecine nucléaire. Les séquences quasi-aléatoires sont congues
pour remplir I’espace d’échantillonnage de maniere plus homogene que les
générateurs de nombres pseudo-aléatoires couramment utilisés. Une suite
de Sobol a été utilisée dans Geant4/Gate pour échantillonner les positions,
directions et I'énergie des gamma primaires, ainsi que leurs premieres inter-
actions Compton. Bien que les premiers résultats ont montré des réductions
d’erreur prometteuses allant jusqu’a 40% pour le suivi des particules gamma
dans le vide, d’autres expériences, notamment dans 1'eau, ont montré que
lorsque le nombre de dimensions requises augmentait, le gain induit par
’échantillonneur quasi-aléatoire se réduisait a seulement quelques pourcents.

Une autre limite de la dosimétrie basée sur 1'image TEMP est que leur
résolution spatiale reste limitée, en raison des EVP. Les EVPs sont une sous-
estimation ou surestimation de 'intensité des voxels dans les images recon-
struites. Généralement, les EVPs se manifestent par le flou des bords des
petites régions ou par la contribution des régions environnantes a l’activité
estimée dun objet. Leur cause principale est la réponse du collimateur-
détecteur, définie par sa fonction d’étalement du point (PSF), qui peut étre cor-
rigée en la modélisant dans les algorithmes de reconstruction itératifs. Cette
méthode n’étant pas suffisante, la deuxieme contribution de cette these est
PVCNet-sino, une méthode de correction de EVPs basée sur 1'apprentissage
profond, entrainée sur un grand jeu de données de sinogrammes synthétiques
pour corriger la PSF sur les projections, avant reconstruction. Les données
d’entralnement ont été générées a 1’aide de scanner de patients utilisés pour
créer 10 000 sources d’activité aléatoires, projetées analytiquement 1) avec
modélisation de la PSF et du bruit et 2) sans PSF. Un 3d-Unet a été entrainé
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pour inverser l'effet de la PSF sur ces sinogrammes. La méthode proposée
ne repose pas sur une segmentation de 1'image, a I'inverse de la plupart des
méthodes de correction de EVPs. Apreés reconstruction, PVCNet-sino permet
une meilleure réduction des EVPs par rapport a d’autres méthodes de correc-
tion et a été évaluée sur des données simulées, des expériences sur fantome et
des données de patients.

La correction avec PVCNet-sino a également été comparée a d’autres
approches basées sur 1'apprentissage profond: une dans le domaine image
(PVCNet-img) et une approche opérant dans les deux domaines (PVCNet-sino-
img). Les résultats indiquent que l'entrainement a la fois sur les projections et
sur I'image mene a la meilleure correction, visuellement et quantitativement.
Cependant, toutes les méthodes basées sur 1'apprentissage profond proposées
dans cette these ont montré des difficultés a corriger les petites lésions. A
’avenir, ce travail pourrait améliorer la quantification basée sur la TEMP
dans le cadre des RIV et étre une alternative aux méthodes basées sur la
segmentation.



Abstract

Single Photon Emission Computed Tomography (SPECT) is a nuclear
imaging modality used in oncology for tumour detection and staging. Quan-
tification with SPECT has emerged as a key tool for dosimetry during Targeted
Radionuclide Therapies (TRT) such as 77Lu-PSMA or '77Lu-DOTATATE. In
this thesis we explore two topics: 1) a Quasi Monte Carlo (QMC) method that
could potentially speed up simulations and 2) deep learning based Partial
Volume Correction (PVC) for SPECT images.

Monte Carlo (MC) simulations play a critical role in Nuclear Medicine
for various tasks, such as dose computation, new SPECT system design and
reconstruction algorithm evaluation. While highly realistic and accurate,
thanks to the large numbers of particles and interactions simulated, MC
simulations are computationally expensive and slow to converge.

The first contribution of this thesis is the exploration of the potential use of
Quasi Random Sequences in MC simulations for Nuclear Medicine as a Vari-
ance Reduction Technique to reduce their computation cost. Quasi-Random
sequences are designed to fill the sampling space more homogeneously com-
pared to commonly used pseudo-random number generators. This approach,
denoted QMC simulations, uses a quasi-random Sobol sampler, that we im-
plemented in the Geant4 code, used by the Gate software, to sample primary
particles positions, directions, energy, as well as the first Compton interac-
tions of photons with matter. While initial results demonstrated promising
error reductions up to 40% for gamma particle tracking in a vacuum, further
experiments showed that changing the material to water drastically increased
the number of required dimensions and thus reduced the gain induced by the
quasi-random sampler to only a few percent.

Another limitation to SPECT-based dosimetry is that the quantitative accu-
racy of ”’Lu-SPECT images remains limited, due to Partial Volume Effects
(PVE) that need to be compensated. PVEs are inaccuracies in reconstructed
image counts that are no longer proportional to the true activity. Typically,
PVEs manifest as blurred edges on small regions (spill-out) or contribution
of surrounding regions to the estimated activity in an object (spill-in). The
main cause of the finite spatial resolution in SPECT, leading to PVEs, is the
collimator-detector response, defined by its Point Spread Function (PSF),
which can be modeled in iterative reconstruction algorithms to be corrected.
However, PSF modeling during reconstruction is not enough to correct PVEs.
To address this, the second contribution of this thesis is PVCNet-sino, a Deep
Learning based PVC method, trained on a large synthetic sinogram dataset
to correct for the depth-dependent PSF on projections, before reconstruction.
The training dataset was generated using real patient CT scans used to create
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10,000 random activity maps. These activity maps were analytically forward-
projected 1) with PSF modeling and noise and 2) without PSE. A 3d-Unet was
trained to revert the effect of the PSF on these sinograms. Importantly, our
proposed method did not rely on an image segmentation mask. After recon-
struction, PVCNet-sino demonstrated improved PVE reduction compared to
other state-of-the-art PVC techniques. This PVC method was evaluated on
simulated data, phantom experiments and real patient data. The PVCNet-sino
correction was also compared to other deep learning based approaches, such
as image-to-image training and correction (PVCNet-img) as well as to a dual
domain approach (PVCNet-sino-img). Results of this comparison indicate that
training both in the projection and the image domains leads to the best visual
and quantitative improvement of SPECT images. However, all deep learning
based methods proposed in this thesis showed difficulty to correct small le-
sions. This work could potentially improve SPECT-based quantification in
TRT workflows and be an alternative to segmentation-based methods.
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Introduction

In 2022, 20 million new cancer cases were diagnosed worldwide, and 9.7
million people died from this disease [75]. Unfortunately, the number of cases
is predicted to increase by more than 75% until 2050, because of population
growth, aging, exposure to risk factors (tobacco, alcohol, air pollution...) but
also thanks to improved diagnosis. Cancer designates diseases characterized
by the uncontrolled growth of some abnormal cells which can proliferate in
surrounding tissues and, in the case of metastatic tumours, spread to other
parts of the body. Depending on the cancer type, stage and location, dif-
ferent cancer treatments exist and can be administered to a patient such as
chemotherapy, surgery, radiation therapy or immunotherapy. Targeted Ra-
dionuclide Therapies (TRT) are now a treatment option proposed in nuclear
medicine departments, in the case of some inoperable metastatic cancers.

TRT consists in injecting to the patient a radiopharmaceutical, for example
177Lu-PSMA or ’Lu-DOTATATE, whose aim is to bind to tumour cells and
irradiate them. One advantage of 7/Lu-based TRT is that ”’Lu not only
emits B~ particles, useful for therapy, but also y-rays, which can be used
for imaging with Single Photon Emission Computed Tomography (SPECT).
SPECT/CT images thus allow to estimate the biodistribution of the tracer in
the patient between each injection and assess the efficiency of the treatment
by computing the amount of absorbed dose in each tissue. SPECT-based
dosimetry is important because in the context of 1771 u-labeled TRTs, Organs
at Risks (OAR) may also show significant radiopharmaceutical uptake. While
TRT with ”7Lu are mostly standardized, SPECT-based dosimetry is gaining a
lot of interest for treatment personalization, in which the goal is to maximize
the dose received by tumours while sparing healthy tissues.

In the context of nuclear medicine and TRT in particular, Monte Carlo
(MC) simulations are a key tool for several research purposes such as for
establishing dose-response relationships, evaluating new SPECT systems or
image reconstruction algorithms. However, their main drawback is their
computational cost, due to the high number of particles tracked, physical
processes involved and complexity of the geometry. The principle of MC
simulations is to randomly sample a high number of events according to
their pre-defined probability distributions, from particles emission by radioac-
tive decay to their interactions with matter. Consequently, MC simulation
strongly rely on pseudo-random number generators (PRNG), designed to pro-
duce sequences of numbers uniformly distributed in |0, 1] that mimic true
randomness, i.e. independency between samples. Because samples are not
correlated to each other, the uniformity of a given sample generated by a
PRNG cannot be guaranteed. On the other hand, quasi-random number gen-
erators produce correlated samples such that the sampled space is known
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to be sampled uniformly. Using these samplers, the integration error and
computation time are expected to be reduced. Quasi Monte Carlo (QMC)
simulations have found very practical applications in various domains such
as in Computer Graphic Rendering. The first contribution of this thesis was
to explore the interest of such quasi-random samplers in MC simulations for
nuclear medicine, in particular using the Gate software, based on Geant4.

One of the major limitation of personalized dosimetry is the low quan-
titative accuracy of SPECT images, due to several effects that need to be
corrected, including attenuation, scatter and spatial resolution. The poor
spatial resolution of SPECT images is mainly due to the collimator-detector
response of gamma cameras, leading to Partial Volume Effects (PVEs). Recent
breakthroughs in Artificial Intelligence, and specially Deep Learning, have
found a very wide range of applications for SPECT imaging, including image
reconstruction, attenuation correction or scatter estimation. The second objec-
tive of this thesis is to propose a deep-learning based Partial Volume Effect
Correction (PVC) method PVCNet-sino, trained in the sinogram domain to re-
duce the effect of the collimator response on projections, before reconstruction.
Another objective of this work was to compare different training strategies,
including image-domain training (PVCNet-img) and a dual domain approach
(PVCNet-sino-img).

This manuscript is structured as follows. Chapter 1 is dedicated to expose
key concepts and state-of-the-art about the clinical context, SPECT imaging
and Monte Carlo simulations. Chapter 2 is divided into two Sections present-
ing two different contributions: Quasi Monte Carlo simulations for medical
physics and fast Monte Carlo simulations with deep learning. In Chapter 3,
we provide a review on Partial Volume Effects in SPECT, describing their main
causes and consequences. Importantly, this Chapter also aims at presenting
state-of-the art approaches to correct PVE in SPECT, from conventional PVC al-
gorithms to the most recent deep learning based methods. Chapter 4 contains
most of the methodological aspects of our contribution for PVC in SPECT,
including our training database creation and deep learning models training.
Importantly, we also describe in this Chapter the datasets we used for evalua-
tion of our methods, including analytical test datasets, Monte Carlo simulated
patient, phantom acquisition and patient data. Results of the PVCNet-sino
model are presented and discussed. Finally, in Chapter 5, we compared the
sinogram-based PVC to image-domain and dual domain training strategies.
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1.1 Clinical Background

1.1.1 Targeted Radionuclide Therapy
1.1.1.1 Principle

Targeted Radionuclide Therapy (TRT) is a type of cancer treatment admin-
istered in nuclear medicine departments that has gained significant interest
in recent years. This type of treatment in particularly suited for inoperable
or metastatic tumours. It consists in injecting intravenously a radiopharma-
ceutical made of three components: a vector whose role is to bind to tumour
cells and to be internalized in tumours, a radioisotope, treating the tumours by
delivering radiations resulting in DNA damages, and a chelator, linking the
vector to the radioisotope.

TRT are administered for tumours over-expressing a certain type of recep-
tors, for which a vector exists. For example, neuro-endocrine tumours over-
express somatostatin receptors that are well-targeted by the 17”Lu-DOTATATE
radiopharmaceutical, while 7”Lu-PSMA (for Prostate-Specific Membrane
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Antigen) treatment are an option for metastatic castration-resistant prostate
cancers.

1.1.1.2 Difference with external beam radiotherapy

TRT is very different from more common external radiation radiotherapy
treatments, which consist in irradiating the tumour with high energy x-ray
beams from different positions. In this case, treatment radiation is delivered
from a linear accelerator, which targets a localized region of the patient in-
cluding the tumour, during a short period of time. Additionally, radiotherapy
treatments follow a treatment plan (beam geometry, number of treatments,
dose delivered per treatment) optimized to maximize the dose delivered to
the tumour while minimizing the dose delivered to healthy tissues, specially
organs at risks. On the other hand, TRT is a systemic treatment, delivering
dose to responding regions which can be heterogeneously distributed in the
whole body. Moreover, the evolution of the treatment between each injection
is an important issue for TRT since ~ 70% of the administered activity is
evacuated 12 hours after the injection (through urine or radioactive decay)
[115].

All these differences with external radiotherapy make TRT treatment plans
more difficult to optimize. At present, the delivered dose is standardized
to four injections of 7.4 GBq with 8 weeks between each injection for 17/Lu-
DOTATATE, and six injections of 7.4 GBq every six weeks for 1771, u-PSMA.

1.1.1.3 Benefits and main issues

Benefits in terms of progression-free and overall survival of 1’”Lu-DOTATATE
and 7"Lu-PSMA treatments were shown by the NETTER-1 Phase III [226]
and VISION [207] clinical trials respectively. The success of these studies have
raised hope for inoperable cancer treatments and lead to their authorization
by public health authorities.

However, one main issue with TRT is that some healthy organs can also
have physiological uptake because receptors targeted by the vector are not
only present on tumour cells but also on kidneys, spleen and liver for 17/Lu-
DOTATATE [145, 251], and also on salivary glands for 177Lu-PSMA [48, 89].
Some Organs at Risks (OARs) must then be defined and spared as much as
possible. The metric to evaluate and optimize is the Absorbed Dose, expressed
in gray (Gy), measuring the amount of energy deposited by radiations per
unit of mass:

Energy deposited(])
Mass(kg)

The objective of TRT is to maximize the dose absorbed by tumours while
minimizing the dose received by healthy tissues. Safety guidelines usually
define maximal tolerated dose thresholds based on kidneys uptake [218].
However, the evaluation of dose-response and dose-toxicity relationships is
still an ongoing issue [97], specially concerning the inter- and intra-patient

Dose(Gy) =

(1.1)
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response variability [241]. One major advantage of using '”’Lu-labeled radio-
pharmaceuticals is that 1””Lu does not only emits high energy B~ particles for
therapy but also medium energy photons, allowing to estimate the distribu-
tion of radiotracer in the patient thanks to Single Photon Emission Computed
Tomography (SPECT) combined with Computed Tomography (CT) acquisi-
tions. Thus, the absorbed dose in each organ and tumour can be assessed after
each injection by performing between one and three SPECT/CT acquisitions.

1.1.2 Workflow of '7”Lu based TRT
1.1.2.1 Patient selection for TRT

Patient selection for TRT is an essential step which consists in assessing
that tumours effectively have receptors that will bind to the radiopharmaceu-
tical that will eventually be used for therapy. For example, before prescribing
a '”7Lu-PSMA treatment to a patient, the good response of the tumour cells is
assessed by performing a ®®Ga-PSMA PET/CT acquisition. The ®4Ga-PSMA
injection is not intended for therapy, just for imaging and patient selection.
This pre-treatment %Ga-PSMA PET distribution was shown to be well corre-
lated to patient responses to following TRT [245].

1.1.2.2 Treatment workflow

As mentioned earlier, TRT are standardized to four injections of 7.4 GBq
every 8 weeks for 177Lu-DOTATATE and six injections of 7.4 GBq every six
weeks for 7”Lu-PSMA. Between each injection, it is important to assess the
effectiveness of the treatment on tumours and its safety with respect the dose
absorbed by OARs. This can be done by performing one or several SPECT/CT
acquisitions between each injection, leveraging the photon-emitting property
of 177Lu. From SPECT images, Time Activity Curves (TAC) can be derived
for each Region of Interest (ROI), delineated from the co-registered CT image.
From the TAC, several dosimetry calculation softwares are commercially avail-
able to compute the absorbed dose in each ROI [156]. While not performed in
every center and not mandatory in France, dosimetry between injections is an
important tool to decide whether or not a patient is responding to the therapy
and if following injections may be useful or not. It is also an essential mean to
establish dose-response and dose-toxicity relationships that are still not fully
understood. The overall treatment workflow is depicted in Figure 1.1.

1.1.3 Challenges

While 17’Lu-labeled TRT are standardized and have shown their efficacy,
several studies have highlighted the variability of patients response in the case
of 77Lu-DOTATATE treatments [226, 19]. As a consequence, they concluded
that, for some patients, the injected activity could be increased to maximize the
dose delivered to tumours while still sparing healthy tissues, paving the way
to personalized TRT [47, 73]. Treatment individualization includes variable
injected activity, number of injections and time between each injection.
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FIGURE 1.1 — Typical workflow of a Targeted-Radionuclide-
Therapy with 7/Lu.

Whether it is for treatment response assessment or individualization,
SPECT-based dosimetry is playing an increasingly central role in TRT work-
flows. Many different workflows were implemented. Laure Vergnaud ded-
icated her PhD thesis [240] to dosimetric workflows comparison and opti-
mization and proposed an adaptive workflow with respect to the number of
SPECT/CT acquisitions for ”/Lu-DOTATATE therapies [243, 240, 241]. In
all existing approaches however, the quantitative accuracy and resolution of
SPECT images is one of the bottlenecks for accurate dosimetry, specially for
voxel-based dosimetry [146, 31]. Compared to CT scans, Magnetic Resonance
(MR) images or even Positron Emission Tomography (PET), the resolution of
SPECT images is much worse (more than 12 mm for most SPECT systems).
The next section aims at describing SPECT imaging systems, from acquisition
to reconstruction, and sources of inaccuracies in resulting SPECT images.

1.2 SPECT imaging

SPECT imaging is a functional imaging modality, in opposition to anatomical
imaging modalities such as CT scans or MRI, whose objective is to obtain a 3D
image of a previously injected radiopharmaceutical distribution in the patient.
A SPECT system typically consists in a rotating gamma camera that collects
several 2D projections of 7y photons emitted by the radionuclide in the patient.
Then, a tomographic reconstruction algorithm uses these projections, forming
the sinogram, to reconstruct the 3D biodistribution in the patient. The overall
emission, detection and reconstruction process in depicted in Figure 1.2.
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FIGURE 1.2 — General overview of the SPECT detection and
reconstruction process.

1.2.1 Radioisotopes

As mentioned in Section 1.1, Lutetium-177 (1”/Lu) is a radioistope that can
be used for SPECT imaging purposes. Several other photon-emitter radionu-
clides can be used: Gallium-67 (¢’Ga), Technetium-99m (**™Tc), Indium-111
(1'1n), Tode-123 (1231) or Thallium-201 (*°!T1). In this section and in the fol-
lowing Chapters, we will focus on ”7Lu and ™Tc.

9MTe is the meta-stable daughter of the Molybdenum-99 (*?Mo) radionu-
clide and decays into ®Tc. The transmutation from **Mo to *™Tc (Equa-
tion (1.2)) happens through a B~ emission process, meaning that a neutron
in the nucleus is converted into a proton and an electron, the latter being the
B~ particle. *™Tc then decays into a more stable ground state through an
isomeric transition:

PMo £ 9mTe 2y O (1.2)

The isomeric transition results in an y-ray emission in 87.87% of cases (with
140.5 keV energy in 98.6% of cases and 142.6 keV in 1.4%). The other 13.13%
of disintegrations result in an internal conversion (the energy is transferred
to eject an orbital electron). **™Tc has a half-life of approximately 6 hours.
Since almost only low-energy photons are emitted by *™T, it leads to few
deposited energy, which is why it is one of the main radionuclide used for
imaging purposes in nuclear medicine [121], in addition to its ease to produce
and affordable price.

177Lu has a half life of 6.7 days and decays either to a stable ground state
or an excited state of Hafnium-177 (}”7Hf). During its decays, /”Lu emits -
particles with a continuous energy spectra with probabilities/Egmean) / Eg(max)
of: 79.3%/ 149.4 keV /498.3 keV,9.1%/111.7 keV /385.4 keV and 11.64%/47.66
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keV /177 keV. Main <y photon energies are 113 keV (6.2%) and 208 keV (11%)
[44]. The main advantage of 1””Lu-labeled radiopharmaceuticals is that they
enable both therapy and imaging with the same radionuclide, paving the way
for the theranostic (combination of therapy and diagnostic) approach described
in Section 1.1. The main drawback is their expensiveness, supply difficulties
and the fact they are still emerging.

Decay characteristics of *™Tc and ”/Lu are summarized in Table 1.1.

Radionuclide Half life Photon Energy Peak(s)

9mTe 6 hours 140.5 keV (87%)
77Lu 6 days 113 keV (6.2%) / 208 keV (11%)

TABLE 1.1 — Main characteristics of *™Tc and ”Lu radionu-
clides.

1.2.2 Gamma Camera

The gamma camera, or Anger scintillation camera, was invented in 1957
by Hal Anger to convert incident photons into a digital signal. This section,
inspired by [37], aims at providing a brief overview of main components
contained in a gamma camera i.e a collimator, a scintillation crystal, a light
guide and an array of photo-multiplier tubes (Figure 1.3).

1.2.2.1 Main components

Collimator

In order to reconstruct the emission position of photons detected by the
gamma camera, their incident direction must be known. The very inefficient
but practical method employed to know their incoming direction is to place
an absorptive collimator on the detector front: only y photons crossing the
detector orthogonally to the detector plane are accepted to pass trough the
scintillation crystal, the others being absorbed by the collimator material. A
typical material used for collimation is lead, perforated by hexagonal holes
with a diameters of less than 3 mm. The type of collimator presented in
Figure 1.3 and considered in this thesis have parallel holes. However, several
other holes geometry can be used, depending on the context: pinhole colli-
mators for very small organs magnification, diverging collimators when the
detector’s size is small compared to the object to be imaged and converging
holes for close enough object magnification [37].

This collimation process is highly inefficient since only a very small fraction
of the emitted <y rays (which are emitted in all directions) is utilized by the
detector: between approximately 5 and 20 out of 10,000 emitted < are detected
by a gamma camera. The geometry of the collimator follows a noise-resolution
trade-off and must be chosen carefully depending on the context: if the
collimator is very restrictive on the incoming angle selection, the uncertainty
on detected counts origin will be low (high resolution) but very few counts
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FIGURE 1.3 - Illustration of a Gamma Camera.

will contribute to the image, leading to a noisy estimate (low efficiency), and
vice versa.

The uselessness of a large majority of photons is one of the main cause of
the poor image quality in SPECT. An alternative to absorptive collimation,
currently still in development, is the Compton Camera [61, 69], using a forced
Compton scattering interaction to determine the incident photon direction,
based on the knowledge of its initial and final energy.

Scintillation crystal

A scintillation crystal is usually made of Nal(Tl) and is aimed at converting
incoming <y-rays into visible light photons. At the density and atomic number
of the Nal(T1) scintillators and typical 7 rays energy encountered (100-250
keV), the dominant type of interaction for y-rays is the Photo-Electric Effect:
the incoming <y-ray is absorbed in the scintillator material and a photo-electron
is emitted, electrons in the material are excited and after de-excitation, light
photons are emitted. The quantity of light photons exiting the scintillator
is proportional to the incoming < photon energy. The crystal thickness also
follows a noise-resolution trade-off: the thicker the crystal, the more spatial
spreading can occur (affecting the intrinsic spatial resolution), but also the
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more likely it is for the photon to be detected. Typical crystal thickness values
are comprised between 6 mm and 15 mm.

Photomultiplier tubes

The low intensity light emitted by the scintillator is then converted into
electric signal by a Photomultiplier (PM) tube: the visible light interacts with
a photocathode which releases electrons, guided and amplified in the tube.
Typically, the number of electrons from the photocathode is multiplied by 10°.
Once the resulting electron beam reaches the anode, the electric impulse is
converted into a numeric signal by an analog-to-digital converter.

CZT-based detectors

Cadmium Zinc Telluride (CZT) detectors [239] are a new type of detector
that has gained increasing interest for SPECT imaging. The scintillator and
photomultiplier tubes are replaced by a CZT semi-conductor, directly convert-
ing v photons into electric signal, leading to a better energy resolution, in-
trinsic spatial resolution, detection efficiency and counting rate performances
than gamma cameras [95, 244].

However, despite the growing interest they are generating, CZT detectors
will not be considered in this thesis, since most existing SPECT systems are
still equipped with a Nal(T1) scintillator associated with PM tubes.

1.2.3 Tomographic Image Reconstruction

Once several (typically 60 or 120) 2D projections are acquired, the problem
of tomographic image reconstruction is to reconstruct a 3D image of the object.
It is an inverse problem for which the formulation, modeling and solution
must consider the physics of the detection process. This section is inspired by
the following works: [63, 28, 37, 237, 187].

In the following, we will consider a 2D-formulation of the problem for
simplicity: an object f(x) for x € RR? is imaged by a rotating 1D detector.
Measured 1D projections, forming the sinogram, are denoted p(r, 0), where
0 is the detector’s direction and r the pixel position in the polar coordinate
system (ily, Up), as illustrated in Figure 1.4.

1.2.3.1 Analytical reconstruction

In 1917, Johann Radon proved that an object can be perfectly reconstructed
if an infinite number of projections are acquired. With the apparition of CT
imaging in the 70’s, his work was applied in the first tomographic recon-
struction algorithms. The measurements p(r, 8) can be modeled by the Radon
transform of the object f, defined for r € R and 6 € [0,27[ as:
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FIGURE 1.4 - Coordinate system of the Radon Transform.

p(r,0) = R [f] (r,9):/ G |
xeL(r, (1.3

- / F(rily + t79)dt
R
where L(r, 0) is the line integral from the (r, 0) pixel locations, defined as:

L(r,8) = {x € R?| x-ilg =1} (1.4)

The Radon transform R [f] can be seen as a forward projection of the object
f, i.e. as the operator that maps the image domain (the object to be measured)
to the projection domain (measures obtained by the detector).

The adjoint operator of the Radon transform is, for x € R%:

R 1pl () = [ plx- o, 0)d6 (15)

R* can be seen as a backprojection of the measured data p, mapping de-
tected counts to the image domain. However, the backprojection is not the
inverse of the Radon transform, since measured counts in p are uniformly
backprojected on their line integral, while originating from different positions
in this line. Moreover, since a projection is the sum of object values along the
line integral L(r, 0), the contribution of samples is proportional to 1/r where r
is their distance to the center. A simple backprojection thus leads to a blurred
version of the true object f, and is thus not a suitable approach for image
reconstruction.

This blurring can be removed in the frequency domain with the filtered-
backprojection reconstruction algorithm. As a reminder, the n-dimensional
Fourier Transform of function % is, for all n € IN* and k € R":

Fou [H] (k) = / h(k)e~ 23 gy (1.6)

]Rn
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The Central slice theorem, or Fourier slice theorem, states that the 1D
Fourier transform of a projection of object f obtained at angle 6 is equal to a
slice of the 2D Fourier transform of the object f [37, 187, 28], that is:

F1p(-,0)] (k) = F2 [f] (kily) (17)
The object to reconstruct f can thus be written for all x € R?:
flo) = fz_l [fz 1] (%)
:q f]R2 fZ ( ) e2imXv gy,
Ll vt [f] (kilg)e2 ™5 || dkdd (1.8)
(1.7)

f]RJ-"l ,0)] (k)eimxlo || dkd6
R*[p] (x)

where:
pe,r) = FHI-IxFulp(,0)] () (r)
= w00 9)
with & such that:
Fi[h] (k) = [k| (1.10)

p is the projection filtered with the Ramp filter h. This means that the
exact object f can be recovered from the measured projections by taking the
backprojection of the filtered projections. This is the filtered-backprojection
(FBP) algorithm.

FBP is easy to implement and fast to execute. It is thus a very popular
reconstruction algorithm, specially for CT reconstruction. However, the exact
object recovery provided by this mathematical background relies on several
hypothesis including the completeness of the acquired data and absence of
noise. The tomographic reconstruction inverse problem is ill-posed because of
the non-uniqueness of the solution and sensitivity to noise. This is particularly
an issue for SPECT image reconstruction because of the low number of ac-
quired projections, high noise, poor spatial resolution and presence of several
degrading physical effects (attenuation, scatter, collimator response, motion...).
FBP thus leads to noisy reconstructed images with artefacts. Several other
tilters than the Ramp filter have been studied and used [143] to improve the
noise-resolution trade-off of the FBP algorithm.

Iterative reconstruction algorithms, presented in the next section, relying
on a statistical and detection model closer to reality are more commonly used
for SPECT reconstruction.

1.2.3.2 Iterative reconstruction

For iterative reconstruction methods, the tomographic reconstruction prob-
lem is first discretized the following way, with p the detector measurements
and f the discretized true activity distribution:
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Vi<M, pi= ) afi (1.11)
i<N

where M is the number of detected pixels (in all positions) and N is the
number of voxels in the image to reconstruct. The matrix A = (a;); ; € RN*M
is the system matrix. This means that the coefficient 4;; is the probability that
a photon emitted in voxel i will be detected in pixel j. The matrix A being
very large and difficult to compute, its direct inversion to obtain f is not a

conceivable solution.

Maximum Likelihood Expectation Maximization (MLEM)

The solution provided by the Maximum Likelihood Expectation Maximiza-
tion (MLEM) algorithm is to solve Equation (1.11) with a statistical model of
the detection process.

The objective of the MLEM method is to find f maximizing P(f|p), i.e
such that the probability that the true activity is f, knowing the measured
projections p, is maximal. In other words, the objective is to find the most
likely solution considering the measured data with their statistical properties.
Bayes’ theorem allows to invert this likelihood:

P(plf)P(f)
P(flp) a0 (1.12)
To maximize P(f|p) with respect to f, the denominator P(p) will not
have any effect. P(f) is the a priori knowledge on the solution distribution.
In the first formulation of MLEM, no a priori on the solution is considered.
The optimization problem thus only consists is maximizing P(p|f), which,
considering the independence of measurements, can be written:

P(p|f) HP pilf) (1.13)

The counting statistic of nuclear countmg systems follows a Poisson distri-
bution. Each P(p;|f) thus follows a Poisson distribution with an expectation
Aj, where Aj =} oy aij fi:

)\p] —)L
P(pjlf) = — (1.14)
pj:
Taking the logarithm of the likelihood, we obtain:
log(P(plf)) Z pjlog(A) —A; —log(p}!) (1.15)

Once again, since log(p;!) is constant with respect to f, maximizing P(p;|f)
is equivalent to find the maximum of L:
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M

L) =) (pilog(A)) = 4))
j=1
M (1.16)
=) pilog(} aiifi) — ) ﬂijfz’)
j=1 i<N i<N
The optimization problem can be formalized in the following way:
f* = argmaxL(f) (1.17)

f.f=0

A necessary condition on f* to be a solution of Equation (1.17) is that all
partial derivatives of £ vanishin f*, i.e. foralli < N:

oL, .,
B_ﬁ(f)_o

(1.18)
o Z ( pjaij —Hi]'> —0

z’ 1al]f*

It can be shown that £ is concave, which implies that the solution of
Equation (1.18) is the global maxima of £. However, there is no closed-form
solution for this set of non-linear equations, so the solution must be estimated
iteratively.

An estimation of the solution of Equation (1.17) is provided by the Maxi-
mum Likelihood Expectation-Maximization (MLEM) iterative algorithm [213,
238, 118]. The iterative solution can be derived using concave surrogate
functions [119]. If we can find a function Q € C! that satisfies:

QU ™, F) = £(f") 1o
{Vf,Q(f,f”) < £() -
and if we choose f"*! such that:
f”+1 = argmaxQ(f, /") (1.20)
f.f=0

then, the (f"), sequence will converge toward the solution of Equa-
tion (1.17) [45, 187, 63]. The idea behind this iterative derivation is that
the surrogates Q should be chosen such that solving Equation (1.20) becomes
a straightforward task.

A surrogate function Q that satisfies ! Equation (1.19) is:

Q(f, f") = ZQz (fi, /") (1.21)

1. This can be shown by noticing that /; is concave
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with
(n) (n) 1 aij
Qi(fi, f") = £, 2 al/]f (1.22)
j=1 Z’ 14 ]f '
and h]- cf = P logt —t. Solving %ﬂfoﬂ) = 0 finally provides the

iterative scheme of the MLEM algorithm:

(n) M .
£ = J la] (1.23)
ity @i = o 1az’]f

Convergence of the MLEM algorithm is guaranteed [45] by the fact that
the likelihood is monotonically increasing with the number of iterations.
Additionally, since MLEM updates (Equation (1.23)) are purely multiplicative
from an iteration to the next with a non-negative factor, the non-negativity of
the solution is ensured. The algorithm is usually initialized with f(°) being a
constant image with a value of 1 in each voxel.

A more intuitive interpretation of the MLEM algorithm can be formulated
in terms of forward-projections (§) and back-projections (8) as follows:

(n+1) _ f(n) P
f B(Lar) © <S(f<”))) (124

where 1) is the vector of projection bins containing ones in all pixels.
Equation (1.24) highlights that at each iteration, the current estimate f(")
multiplied by a corrective factor which is the normalized (B (1)) backprojec-
tion of the ratio between the measures (p) and the forward projected current
estimate f(")

As we will see in the next sections, this iterative model-based algorithm
is particularly well-suited for SPECT reconstruction as it allows to take into
account several physical effects that need to be corrected and can thus be
modeled in forward and back-projection operators § and 5.

Ordered-Subset MLEM (OSEM)

The main drawback of the MLEM algorithm is that it converges very slowly.
The Ordered-Subset MLEM (OSEM) algorithm [90] allows to accelerate its
convergence. The idea is the same in MLEM, except that projections are
divided into several subsets, each of which is subsequently used to update

the image. Suppose projections are divided into N subsets Sy, ...Sy,, the

intermediate update fi(”’mH) is

f(” ) A
f(” m+l) _ Ji ijPj (1.25)
1
Z]esm ij i€Sm Zyzl ai']'fi(/n'm)
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and fr+11) = f(uNs+1) If Ny = 1, OSEM is equivalent to MLEM. Con-
vergence of OSEM is much faster by a factor close to Ns because the image is
updated more often. However, unlike MLEM, the convergence of the OSEM
algorithm with more than one subset is no longer guaranteed. In practice,
images reconstructed with OSEM tend to be more noisy than MLEM images
when the number of iterations increases. For this reason, the OSEM algorithm
is often stopped way before convergence. This reconstruction algorithm has
become the reference reconstruction algorithm for SPECT and is implemented
in many commercially available SPECT system’s software.

1.2.4 Physical Effects Corrections

In this Section, the main physical effects that degrade the image quality
will be detailed, as well as their corresponding correction methods.

1.2.4.1 Attenuation Correction

Photons emitted in the patient may interact with matter and transfer their
energy either partially or totally. At the y-ray energies and patient tissue
densities, the main interaction types for photons are the Photo-electric Effect
and Compton Scattering. Compton scattering occurs when a photon collides
with an atom with enough energy to eject an orbiting electron of the atom.
Compton scattering has three effects: 1) an electron is ejected from the atom
2) the incident photon is deviated and 3) it loose part of its energy. It is the
dominant possible interaction type at the emission energy considered (100-
200 keV). Lower energy photons, deviated by one or more Compton scattering
interaction(s), may undergo a Photo-electric Effect: the photon transfers all its
energy to an atom to eject an electron. The photon is thus absorbed. A photon
may undergo multiple Compton scattering interactions, loosing each time
part of its energy, until it is eventually absorbed.

Depending on the density of the material crossed and photons energy,
absorption may be more or less important. Photons absorption must be
corrected because less photons will be reconstructed in high attenuation areas,
not because the activity is lower in the region but because emitted photons
will be more likely absorbed by the material. The attenuation property of a
material is quantified by its linear attenuation coefficient y expressed in cm ™!
defined such that if a mono-energetic beam with Iy intensity passes through a
x cm thick material, the resulting beam intensity will be:

I(x) = Ipe ™ (1.26)

Linear attenuation coefficient ;2 depend on the energy of the beam, density
and atomic number Z of the material crossed. A CT scan aims at recon-
structing the distribution of attenuation coefficients in the patient with X-ray
transmission measurements. CT images are usually expressed in Hounsfield
Units (HU), defined as:
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]/l(x, ECT) — ]lwater(ECT)
Uwater (ECT)

where 1(x, Ect) is the reconstructed attenuation of material at position x
and pwater(Ect) the attenuation coefficient of water both at the energy of the
X-ray tube Ect. This normalisation results in HU values of -1000 and 0 for
air and water respectively. To be used for attenuation correction of SPECT
images, these HU values must be converted to the energy corresponding to
the energy of the radionuclide used, Espgct. This can be done with a bi-linear
transformation [8, 171]:

HU(x) = 1000 x (1.27)

1 (x, Espect) =
{,uwater(ESPECT) + %éox) (Mwater (EsPECT) — Hair (EspECT) ) HU <0

HU(x) prwater (EcT) ( Hbone (ESPECT) — pwater (EsPECT) ) >
,uwater (ESPECT ) + 1000 Hbone (ECT) — Hwater (ECT) HU - 0

(1.28)

Chang’s Attenuation Correction

Initially proposed by Chang [33] for an uniform attenuation and extended
with non-uniform CT-derived attenuation [252], Chang’s correction applies a
voxel-wise post-reconstruction multiplicative factor to reconstructed SPECT
images. This Attenuation Correction Factor (ACF) can be derived with the
following equation:

1M -
ACF(x) = (M gexp <— /L,(x) u(l, ESPECT)dl>> (1.29)
j= j

where M is the number of projection bins and L;(x) the line integral
between the position x and the detector bin j < M.

The corrected image fAC(x) is then obtained by multiplying the uncor-
rected image f(x) with ACF(x).

Reconstruction based Attenuation Correction

A more realistic way to correct the attenuation is to model it in the sys-
tem matrix used in the MLEM /OSEM algorithm, as proposed by [78, 235].
Instead of being discretized versions of the Radon (Equation (1.3)) and ad-
joint Radon transforms (Equation (1.5)), the forward projection operator is
derived from the attenuated Radon transform. Keeping the same notations as
in Section 1.2.3.1, the attenuated projection is calculated as follows:

P 0) = Ry[f] (r,0) = [ f(rilg-+ t5p)e h "m0y (130)
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This reconstruction-based attenuation correction method is known to result
in better quantitative accuracy compared to post-reconstruction methods [235].
It is available in most SPECT/CT reconstruction softwares. However, some
limitations remain. First, the SPECT-CT images co-registration can lead to
misalignment errors. Moreover, the CT scan acquired to perform attenuation
correction is often a low-dose CT scan, which allows to limit the dose due to
X-ray radiations, but tends to introduce some artifacts in the py-map. In the
following, attenuation correction (AC) will refer to this reconstruction-based
attenuation correction.

1.2.4.2 Scatter Correction

Scattered photons, resulting from Compton scattering, may exit the patient
and reach the detector. If the energy lost by such a photon is high, it may fall
outside the photopeak energy window and thus be excluded from detection.
However, photons with low energy loss can still be detected and contribute
to the photopeak energy window, due to the finite energy resolution of the
gamma camera. These detected scattered photons must be removed from pro-
jections since their initial direction is generally not orthogonal to the detector
plane and thus carry incorrect information that degrades the reconstructed
image quality. The most widespread method to correct for photon scattering
is to not only acquire photons around the emission peak but also additional
energy windows, referred to as scatter windows.

Dual-Energy Window (DEW)

In the Dual-Energy Window (DEW) method [100], a lower-energy scatter
window is acquired, in addition to the photopeak energy window. This is illus-
trated in Figure 1.5 with a ®*™Tc source. The proportion of scattered photons
detected in the photopeak is estimated thanks to the scatter window mea-
surement in each pixel. Estimated scattered events can then be removed by
subtracting the scattered window, pixel-by-pixel. If Pppotopeak 18 the vector of
projection bins acquired in the photopeak window, and Pscatter the correspond-
ing vector for the scatter window, the scatter-corrected sinogram Psc_pgw is
obtained with:

Psc.pew = P, photopeak — k Pscatter (1.31)

The factor k needs to be estimated for each radionuclide, SPECT system
and acquisition parameters, including photopeak and scatter window widths.

Triple Energy Window (TEW)

A more accurate method for removing detected scattered events pro-
posed by [162], is to acquire three energy windows: the photopeak window
(Pphotopeak) , as well as a lower (Plower) and an upper adjacent energy window
(Pupper)- The corrected sinogram Psc.tgw is then:



1.2. SPECT imaging 21

Unscattered
events

—

Counts

!

Scattered
events

Scatter Photopeak Energy
window window

FIGURE 1.5 — Illustration of the Dual-Energy Window (DEW)

method for scatter correction. The scatter window is used to

estimate the amount of scatted events in the photopeak window.

These scattered events are removed following Equation (1.31).
This illustration was extracted from [37].

Wph, k (P P
Psc-1Ew = Pototopeak ~ — 5 ( O “pper) (132)

Wiower Wupper

where Wiower, Wphotopeaks Wupper are the widths (in keV) of each window.
Unlike for the DEW method, there is no need to tune any parameter k for the
TEW method. However, lower and upper energy window widths must be
chosen considering, once again, a noise-resolution trade-off: narrow upper
and lower windows provide better estimate of the scattered events detected
in the photopeak window but lead to noisier projections, specially since
the correction is done pixel-by-pixel and since the number of counts in the
adjacent window is generally low.

Review of different scatter correction methods, for example based on
Monte Carlo simulated scatter distribution, analytically derived or modeled
in model-based iterative reconstruction methods, can be found in [137, 93].

1.2.4.3 Resolution Recovery

The typical spatial resolution of a gamma camera is comprised between
10 and 20 mm, mainly because of the collimator : due to the noise-resolution
trade-of, collimator holes accept a relatively large range of solid angles, as
illustrated in Figure 1.6. The collimator-detector response thus leads to a
spatial blurring of detected counts in projections, as well as in reconstructed
images, commonly referred to as Partial Volume Effects (PVEs). Causes of
PVEs and a review of existing correction methods will be thoroughly detailed
in Chapter 3.

For now, we can remark in Figure 1.6 that the more an object is far from
the detector, the more blurry it will appear in projections. This implies that
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FIGURE 1.6 — Illustration of collimator-induced blurring.

the spatial resolution of a gamma camera is non-stationary. Spatial resolution
can be quantified by computing the Full-Width at Half Maximum (FWHM)
of a the projection obtained with a point source. The correspond projection
profile obtained at a certain source-depth is the point-spread function (PSF).
The PSF of a SPECT detector is often modeled by a Gaussian, whose FWHM
linearly increases with the source-to-detector distance d:

FWHM(d) = ad + b (1.33)

If FWHM parameters a and b are known, the collimator response can be
partially corrected by incorporating the PSF blurring in the system matrix
used in the MLEM/OSEM algorithm. This approach was developed by [235,
263, 261, 262] and has become a standard method to improve the image
resolution [177, 180, 85]. This method is known as Resolution Modeling (RM)
or Resolution Recovery.

In [261, 262], a numerical implementation of RM in forward and backpro-
jectors is detailed as a slice-by-slice blurring and attenuation algorithm. To
compute a forward projection of current image estimate f, it is first rotated by
the angle of the desired projection angle and resampled with the same grid as
the initial volume. Then, slices of f parallel to the detector ( f;)y are iteratively
summed with the previous iteration, attenuated and blurred, starting from
the farthest slice (k = 0):

So = (f() X Ao) ®h0

Sk41 = <(5k + fr+1) X Ak+1) ® hyqq

where ji, is the slice k of the attenuation map, I is the slice thickness, h is
the blurring kernel of slice-k and ® denotes a 2d-convolution. A derivation of
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the kernel weights of /i, with respect to slice k-to-detector distance, a, b (from
Equation (1.33)) and slice thickness is provided in [261]. In the following, all
forward-projections with RM will refer to this implementation, named Zeng
in the open source reconstruction software RTK [185] and detailed in [187].

The main drawbacks of RM, including its insufficiency to correct PVE as
well as resulting noise and ring artefacts amplification, will be illustrated and
discussed in Section 3.2.1.

1.2.4.4 Motion Correction

One hypothesis for SPECT images reconstruction is the stationarity of the
radionuclide distribution in the patient during the acquisition. If 60 projection
angles are acquired during 20 seconds each, the total acquisition time is around
20 minutes. Thus, the stationarity hypothesis does not hold for short half life
radionuclides but the decay can be corrected easily [259]. A more challenging
issue concerning the stationarity hypothesis arises due to unavoidable patient
motion resulting in spatially blurred images. The magnitude and direction
of patient motion can be detected either from an additional motion detection
captor [55, 151], or from projections directly [196, 187].

1.2.4.5 Dead-Time Correction

Another issue is the dead time of detectors [37], i.e. the minimal time
between two events allowing them to be both detected. If the dead time or the
activity is too high, some events will be lost or distorted. This is particularly an
issue for post-TRT injection acquisitions, since the injected activity is typically
of several GBq. Dead-Time correction factors can be determined to limit this
issue [32, 72].

1.2.5 Quantification for dosimetry
1.2.5.1 Calibration Factor

After reconstruction with FBP or MLEM, the unit of reconstructed images
is in number of counts. To convert reconstructed image counts into activity
concentration (kBq/mL), a calibration factor (CF) must be determined from a
calibration phantom measurement with known activity with the following
Equation:

CF ( cps ) _ mean number of counts in FOV / acquisition time
kBq/mL/ injected activity (kBq/mL)

(1.35)

Usually, the calibration phantom is chosen to be a large water cylinder

filled with uniform activity, as recommended by [140]. Since the calibration

phantom is large and uniform, the resulting calibration image should not be

affected by Partial Volume Effects. The resulting CF is specific to the SPECT
system, radionuclide, acquisition parameters and reconstruction algorithm.
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1.2.5.2 SPECT-based dosimetry

As mentioned earlier in Section 1.1, the ultimate goal of post-TRT injec-
tion SPECT imaging is to estimate the dose absorbed by each ROI trough
dosimetry. Once several SPECT images have been acquired, reconstructed
and converted into activity concentrations, ROIs have to be delineated. The
Time-Activity Curve (TAC) of each region can then be computed (see Fig-
ure 1.1) and fitted with a mono/bi/tri-exponential, depending on the number
of SPECT acquisition performed [91]. The fitted TAC is then integrated to
compute the total activity in a volume. Several dosimetry methods exist to
compute the absorbed dose in each region from the cumulative activity.

References [68, 91, 155] provide good reviews of existing dosimetry meth-
ods, which is out of the scope of this section. We briefly mention here two
methods: Monte Carlo Simulations and the MIRD methodology.

The reference and most accurate dosimetric method is Monte Carlo (MC)
simulations, which essentially consist in tracking a large number of particles
(photons, electrons ...) and their stochastic interactions with matter. The
deposited dose of each interaction is stored in each voxel to provide the final
dose map. Because of the patient-specificity of MC simulations, the high
number of tracked particles and simulated interactions, the physical relevance
of MC simulation is obtained at the cost of long computation time which
makes them not easily usable in clinical routines. MC simulations are more
extensively used for research or as reference methods to be compared to.
Available MC softwares for dosimetry include Gate [99, 206], GAMOS [6]
or TOPAS [174]. For region-based dose estimation, acceptable computation
times can be reached (less than 10 min), as used in [242, 203]. Section 1.3 will
provide an overview of MC simulations in a more general context.

In the Medical Internal Radiation Dose (MIRD) framework [140, 50] for
organ-based S-value dosimetry, the absorbed dose in a target region is the sum
of all neighbor regions activities multiplied by pre-determined "S-values" (in
mGy/MBq/s), representing the mean absorbed dose by the target region due
to radiations from source regions. All regions are alternatively considered as
source and target. S-values depend on the radionuclide, patient characteristics,
tissue density and source-to-target distance. The same formalism can be
applied on a voxel-basis in the voxel-based S-value method.

A review and discussion of dosimetric workflows implemented in clinical
routines is provided in [241].

1.3 Monte Carlo Simulations

1.3.1 History and principle

The invention of the Monte Carlo simulation method is attributed to
Stanislaw Ulam and John von Neumann in 1946 while working on the well-
known Manhattan Project in Los Alamos [153]. The objective of the method is
to estimate an unknown quantity by sampling random realizations of possible
outcomes. The key property of a MC simulation is that, if the samples are
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truly random, the quantity estimated with the sample will converge toward
the unknown quantity, as the number of samples increases. Monte Carlo
simulations are a very powerful tool that has found applications in many
tields. Typically, when an equation cannot be solved directly with an analytical
form, the solution can be approximated with a statistical inference.

The Monte Carlo method can be illustrated as a method to compute the
following d-dimensional integral, with d € IN*:

I(f) = o1 f(u)du (1.36)

The Monte Carlo estimate of I(f) is :

0ulf) = L fw) 137

where (1;)i<, are random variables, independently sampled from the
uniform distribution in [0, 1]%. The two key properties of this MC estimator
are:

1. Itis an unbiased estimator of I(f), i.e. Vi, IE(Qn(f)) = I(f).

2. The order of magnitude of integration error is O(\/lﬁ) More precisely, it
can be shown [29] with the central limit theorem that:

QA -I1(f)
o/ e NOD (1.38)

1/2
where 0 = (f[oll]d(f(u> - I(f))zdu) , the limit is in the sens of distri-
butions, and A (0, 1) is the standard normal distribution.

Because of this O(\/LH) error, the convergence of the MC method is slow.

However, its main advantage is that this convergence rate does not depend on
the problem’s dimensionality, d. Therefore, MC integration is rather employed
in complex settings.

In the context of medical physics, MC simulations can be used for several
purposes, including: dose computation in the context of external beam ra-
diotherapy [208] or for TRT optimization (see Section 1.2.5), design of new
medical imaging systems [7], to test novel image correction techniques or
more generally for experiment vs simulation agreement validation.

In this context, a MC simulation essentially consists in:

— Particle transportation through matter, whether it is photons, electrons,
positrons, protons..., by tracking their position, direction, velocity, en-
ergy etc...

— Simulation of their interactions with matter: Compton scattering, photo-
electric effect, pair production and Raleigh scattering mainly. Each
interaction may generate secondary particles, which have also to be
tracked. The realization of an interaction is randomly sampled according
to several parameters (type and density of the material crossed, energy
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of the particle...) thanks to physical models and pre-computed cross-
sections.

— Recording of the quantity of interest while particles interact. Typically,
it can be the dose in each voxel or detected counts in a gamma camera.

Several Monte Carlo codes are available for this purpose. Two types of
codes can be distinguished:

— General-purpose codes such as Geant4 [1], MCNP [24] or PENELOPE
[10] which provide a general framework for particle tracking, physics
models and geometry definitions. These codes are used for a very wide
range of applications, from High Energy Physics experiments to space
applications.

— Specific Monte Carlo codes, based on a general-purpose code, which
provide a more used-friendly approach for a limited number of MC sim-
ulation types. Codes designed for Emission tomography and radiation
therapy include Gate [99, 206], GAMOS [6] or TOPAS [174]. SIMIND
[139] is an autonomous MC code specifically designed for SPECT imag-
ing applications.

In this thesis, all Monte Carlo simulations will be performed with Gate,
which is based on Geant4. The next section provides a brief overview of some
key principles behind Gate simulations.

1.3.2 Geant4 and Gate

Geant4 [1] is a general-purpose Monte Carlo simulation code developed
at CERN, first released in 1998 and coded in C++. In addition to providing
particles definitions, geometries and models for many physical processes, the
architecture of a Geant4 simulation is divided into several classes. First, a
run is an experiment for which the geometry and the set of possible physical
processes (the physics list) are fixed. A run is a collection of events, each one
starting with a primary particle creation. An event is the collection of the
primary particle and its secondaries. Each particle evolves into a track, from
its creation to its death. A track ends when the particle is absorbed or exits the
simulation "world". The basic unit of a track is the step, which is the transport
of the particle between two points. A new step occurs either because the
particles exits a volume to enter another one, or because a physical interaction
occurred.

Built on top of Geant4, initially for emission tomography simulations,
Gate is an open-source code, developed by the OpenGATE collaboration
which released its first version in 2004 [99]. Since then, several versions of
Gate have been released [204, 206] to progressively include several imaging
modalities other than PET and SPECT, including X-ray imaging and Ion
imaging. Dosimetry modules also enable external beam radiotherapy and
radionuclide therapy simulations.

In this thesis, MC simulations were performed with the new Gate 10 (beta)
version 2, in which the user interface is fully python-oriented.

2. https://github.com/0OpenGATE/opengate
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1.3.3 Variance Reduction Techniques

As mentioned several times earlier, Monte Carlo Simulations are known
for their slow and time consuming convergence. Given Equation (1.37), the
uncertainty associated to a simulation can be defined by an estimator of the
variance:

n—1

o) = \/Qn<f2>—Qn<f>2 (1.39)

An obvious solution to decrease the variance would be to increase the
number of samples n. However, doing so would also increase the computa-
tional cost of the simulation. Thus, a more appropriate quantity to compare
different simulations is the efficiency e(n) defined by also taking into account
the simulation time T'(n):

1
e(n) = ST(n) (1.40)
Any attempt to reduce the computational cost of a MC simulation should
thus increase the efficiency of simulations, i.e. reduce the variance or the
simulation time, or both [208]. Such methods are denoted Variance Reduction
Techniques (VRT).
We describe here two of the most well known VRT for particle transport.

1.3.3.1 Particle Splitting

Particle Splitting is a VRT in which a particle, known to contribute to the fi-
nal output, is replaced by Np);; independent particles. For example in photon-
radiotherapy simulations, when an electron produces a bremsstrahlung pho-
ton in the LINAC head, this photon can be split into Ngpj;; = 10 photons
with different directions but the same energy as the original one. To keep the
simulation unbiased, a weight of w = N1 is assigned to each of the Nyt

split

photons. This technique reduces the simulation time because the tracking of
only one electron results in 10 photons, thus sparing some electron simulation
time.

1.3.3.2 Russian Roulette

In the Russian Roulette (RR) technique, particles that are known to scarcely
contribute to the output can be killed with a predefined probability prr €
10, 1]. Concretely, for each of these types of particles, a random number u is
uniformly sampled between 0 and 1 and if u > pgg, the particle is killed and
its tracking tlime is spared. Surviving particles” weight are multiplied by a

factorw = —.
PRR
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1.3.3.3 Production Cuts

A Gate simulation requires the user to define production cuts, i.e. threshold
distances, bellow which secondary particles will not be created. For example,
if production cuts are set to 1 cm, any secondary particle without enough
energy to travel 1 cm will not be simulated. This is not a Variance Reduction
Technique per se, but allows the user to reduce the simulation complexity
depending on the context.

Many other Variance Reduction Techniques exist, such as forced interac-
tion [208] (forcing interactions in a pre-defined volume of interest) or track
length estimators [249] (in which photon energy deposition is scored in each
voxel crossed between two interactions). VRT allow to save resources and
computation time but should be used with care because precise knowledge
of the system and physics involved is required, especially to preserve the
unbiasedness of the simulation.

1.4 Conclusion

In this Chapter, we reviewed the main notions about the clinical context of
this thesis, that is 1”’Lu-based Targeted Radionuclide Therapies and the in-
creasing importance of quantitative accuracy of SPECT image in the treatment
workflow. We also reviewed the SPECT image detection and reconstruction
process. These reminders were useful for Chapter 3 which is a literature
review on Partial Volume Effects (PVE) and Partial Volume Correction (PVC)
as well as for contributions of Chapters 4 and 5, in which Deep Learning
based PVC methods will be proposed. We also set the basis of Monte Carlo
simulations and Variance Reduction Techniques in the context of particles
transport because the next Chapter will be dedicated to the exploration of a
VRT based on Quasi-Random number sampling in this context.
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2.1 Quasi Random Sampling in Geant4/Gate

Note: This work was conducted in collaboration with Bastien Doignies, a PhD
student from the LIRIS team (UMR CNRS 5205, Lyon) and his supervisors Victor
Ostromoukhov, David Coeurjolly, Julie Digne and Nicolas Bonneel as part of the
Mocamed ANR project. The majority of the work presented here is a joint effort and
has been previously presented at the IV Geant4 International User Conference at
the physics-medicine-biology frontier [105].

2.1.1 Introduction

As explained in Section 1.3, the main limitation of Monte Carlo simulations
in medical physics is their computation cost, increasing with their complexity
which depends on the voxel size in the patient, the list of the considered
physical interactions, the user-defined cuts (see Section 1.3.3), the number
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of primary particles to track, the complexity of the detector... As an exam-
ple, a full simulation of a SPECT acquisition for a patient to which 100 MBq
of PMTc were injected would involve to simulate 100 x 10°(Bq) x 15(s) x
120(number of projection angles) = 18 x 10'° primary photons. These simu-
lations can last several days (when not parallelized) and consume more than
10 kWh . Hence, there is a strong need to reduce the computational cost of
Monte Carlo simulations. Some established Variance Reduction Techniques
(VRT) designed for this purpose were described in Section 1.3.3. However,
even using these VRT, Monte Carlo simulations remain time consuming and
a gain of even a few percents of error reduction can have significant impact in
practice.

The computational cost of MC simulations is due to the wide range of
physical events, materials and geometries taken into account during the simu-
lation and the number of particles tracked. Considering the stochastic nature
of physical events like disintegration, diffusion or interaction in particle trans-
port (Compton and Rayleigh scattering, Photoelectric Effect, pair production
...), the strength of Monte Carlo simulations is to simulate a large number of
random events leading to a globally relevant statistical behavior. Increasing
the number of simulated events leads to a more accurate simulation output,
due to a reduction of statistical uncertainty. For this reason, sampling of
pseudo-random numbers is somehow the fuel of Monte Carlo simulations.

The exploratory work described in this Section aims at reducing the sta-
tistical uncertainty of a MC simulation, or equivalently, their computation
time, by optimizing the way random numbers are sampled. While MC codes
for medical physics such as Geant4/Gate unanimously use pseudo-random
number generators, we propose to investigate whether or not it may be more
efficient to use quasi random sequences. Unlike pseudo-random number gener-
ators, quasi random sequences introduce some correlation between samples
so that the sampled space is filled more homogeneously and rapidly than with
independent samples. Quasi randomness has found very efficient practical
applications in various domains, such as in Computer Graphic Rendering [217,
172, 173] and finance simulations [123]. To our knowledge, Quasi Random
Sampling (QRS) has not been studied before for Monte Carlo particle tracking.

Changing the random number sampler of Gate and Geant4 is not straight-
forward, neither from a theoretical point of view, nor from a practical one.
The dependency between samples, needed to guarantee sampling homo-
geneity, requires to define dimensions. However, in this context, there is no
trivial definition of what a dimensions refers to. Intuitively, the three random
numbers required to sample primary particles positions should correspond
to different dimensions than those used to sample the energy of secondary
photons created after a Compton interaction. As we will see in Section 2.1.3,
QMC samplers tend to behave badly in high-dimensional contexts (number
of dimensions > 50), which implies that the dimension definition can have
a critical impact on the results. Moreover, a large framework like Geant4 (1
million lines of code, developed and maintained at CERN since more than
20 years and used by thousands of people) is a complex source code. Even

1. http://www.idris.fr/jean-zay/calcul-empreinte-carbone.html
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though changing the pseudo random number generator is easy for uncorre-
lated sequence generators, the Geant4 structure is not designed for correlated
sequences.

Section 2.1.3 is an introduction to quasi random samplers. Section 2.1.4
describes our investigations for quasi-random sampling in the context of
SPECT simulation and dose calculation with Gate [206]. Results are presented
in Section 2.1.5, followed by some discussion elements in Section 2.1.6.

2.1.2 Random sampling
2.1.2.1 Inverse Transform Sampling (ITS)

In order to sample points according to any (known) probability distribu-
tion, the method that is generally employed is the Inverse Transform Sampling
(ITS) [122]. If we want to sample from the random variable X : (3 — IR, whose
probability distribution is p, then its Cumulative Distribution Function (CDF)
takes value in [0,1] and is defined by :

CDF(x) = P(X < x) = /_x p(t)dt 2.1)

Then, to sample an outcome of the random variable X, we need to sample
from a uniformly distributed random variable U ~ U/([0, 1]). If we denote u
an outcome of U, then x, the outcome of X, is defined as the inverse of the
cumulative taken in u :

x = CDF (u) 2.2)

In practice, the discretization of the CDF and its inverse allows to easily
compute x. By this method, the sampling of any distribution can be reduced
to the sampling of a uniform random variable in [0,1]. The method can be
generalized for multivariate variables: for X taking values in R?, we need to
sample U ~ U([0,1]4).

2.1.2.2 Pseudo-random number generation

The classical way of sampling uniformly distributed random numbers
is to use a Pseudo Random Number Generator (PRNG). These samplers are
based on some deterministic algorithm, often defined by a recurrent relation
and thus determined by their first term, the seed. The produced sequence
may not only produce numbers that "look" random but must also have some
mathematical guaranties and pass numerical tests. One of the most used
PRNG is the Mersenne Twister [150] with a period of M = 21937 — 1. Despite
their deterministic nature, pseudo-random numbers tend to mimic "true"
randomness, that is, each value of the sequence can be considered as an
independent realization from the others and the whole sequence approaches
a white noise process.

PRNG are very popular in Monte Carlo simulations because of their sim-
plicity to implement, to use and to interpret but also for their robustness
and reproducibility. For example, Geant4 proposes a large choice of random
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engines, including the Mersenne Twister [150], RANSHI [79], RANMAR [148]
and RANCU [120]. See [98] for a review of several pseudo-random generators
and their use in Monte Carlo simulations.

However, the main drawback of pseudo-random generators comes from
their whitenoise aspect: as each sample is independent from the others, each
subspace always has a non-negligible probability to be over-sampled (or
under-sampled). Clearly, this probability diminishes as the number of sam-
ples increases but there is no means to guarantee any homogeneity of a given
sampled pointset. Thus, the convergence rate of a Monte Carlo simulation
with white noise sampling is always O(\/LN), as shown in Section 1.3. The

advantage is that this convergence rate holds regardless of the number of
dimensions or smoothness of the function to integrate. However, one aspect
that limits the convergence to ﬁ is the independency of samples. As demon-

strated for other high-dimensional integration problems [51], this convergence
rate can be reduced by using quasi-random (also called low-discrepancy) se-
quences.

2.1.3 Quasi-Random sampling
2.1.3.1 Discrepancy of a Point Set

The goal of Quasi Monte Carlo is to increase this convergence rate by
introducing dependency between samples, forcing the sequence to sample
the space as homogeneously as possible. In order to quantify the homogeneity
of a point set P, = {x1, ..., xn }, the discrepancy measure was first defined in
[160] as:

Dp,) = sup |THEBISH g (23)
BC[0,1)7 n

where B is any rectangular solid in [0, 1]¥ with its sides parallel to the axes,
i.e. Bis of the form [T%_[a;, b;| with Vi < d,0 < a;,b; < 1. The discrepancy is
a measure of distance between the distribution of a given point set and the
uniform distribution. An illustration of the Discrepancy is shown in Figure
2.1. A "good" pointset in terms of its discrepancy is a pointset whose points
are homogeneously distributed on the sampling space.

Importantly, the Koksma-Hlawka inequality is given in Equation (2.4). It
underlines why discrepancy is a good measure of the quality of the point set
used for Monte Carlo estimation:

n

Y ) = [, fludu

i=1

< V(f)D(Pn) (2.4)

where V(f), the total variation of f, does not depend on the point set used for
MC estimation. Equation (2.4) indicates that reducing the discrepancy of the
pointset P, used to evaluate the integral of f, can reduce the integration error.
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2.1.3.2 Low Discrepancy Sequences

Low discrepancy (LD), or Quasi-Random sequences, are defined as se-

quences converging with a O(M

sequence convergence rate of O(\/iﬁ), at least for large enough values of n.

) rate, which is better than the whitenoise
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FIGURE 2.1 - 2d illustration of the discrepancy D(P) of the

point set: it is the maximum, over each varying red rectangles,

of the difference between the proportion of point inside the box

and its area. Homogeneously distributed point sets result in
low-discrepancy.

Several LD sequences have been proposed in the past: Halton sequence [80],
Hammersley set [81] or Sobol sequence [222]. Recent works [172, 173] de-
signed advanced samplers for Computer Graphic applications. In Figure 2.2,
four sampling strategies can be visually compared in two dimensions. Whitenoise
sampling is performed with a Mersenne twister. Low Discrepancy Blue Noise
(LDBN), Sobol and Halton sequences are correlated sequences. It is clearly
visible in Figure 2.2 that quasi-random sequences have strong homogeneous
properties compared to whitenoise, allowing to better cover the sampling
space, but also that their very regular patterns can be source of artifacts.

2.1.3.3 Sobol’ Sequence

The Sobol” Sequence [222, 51] is a very popular low discrepancy sequence
introduced in 1967. It is an algebraic sampler, meaning that each point is
produced by a matrix multiplication with its index. To compute the ith sample
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FIGURE 2.2 — 2D comparison of four sampling strategies
for N=1024 points: Whitenoise, Low Discrepancy Blue Noise
(LDBN), Sobol and Halton sequences.
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of the Sobol sequence in dimension d, i is written in binary form as follows:
m—1
i= Y a(i)2 (2.5)
k=0

This decomposition of the index is used to compute, for each dimension
j < d, the following vector by multiplication with a pre-determined matrix
M;, referred to as a generating matrix:

bj,O(i) ll()(i)
bja(i) | M. ay (i) 2.6)
. - ] : .

b1 (i) a1 (i)

The j-th dimension of the i-th point of the Sobol sequence is then given by:
m—1 1
xi,]- = Z b],k(z)Z* N (27)
k=0

Generating matrices (M;);cn are well chosen binary upper triangular
matrices. The classical Sobol” sequence starts with matrices M, being the
identity matrix and M; the binary Pascal’s triangle. While other matrices can
be explicitly constructed, the process is not straightforward. Readers might
refer to [102, 122, 173] for more information. This construction ensures that
the points are distributed uniformly within the unit domain.

This sequence has the low discrepancy property, i.e. converges with a

O(M) rate, for any number of points and dimension. In practice, for
computational efficiency, the Sobol sequence is not directly computed with
Equation (2.7) but recursively in the Grey Code algorithm, detailed in [122].
The generative matrices construction relies on primitive polynomials and ini-
tialization numbers that have demonstrated good sequence properties [102].
The advantage of the Sobol’ sequence is that it can be used in high dimensions,
since only new primitive polynomials of increasing degree are needed.

In one dimension, the first numbers of the Sobol sequence are: 0, %, %, %l, %,

ool

5

8As explained before and shown on Figure 2.2, Sobol” sequence is deter-
ministic and seems to output a very regular pattern. For this reason, a last
step is generally applied: the scrambling. It is a random transformation ap-
plied to a deterministic LD sequence which preserves the LD nature while
changing samples locations. The most popular scrambling technique is Owen’
scrambling [166].

I

2.1.3.4 The Curse of dimensionality

While being low discrepancy in any dimension, some projections of the
generated point set on certain pairs of dimensions show very poor unifor-
mity, especially for high dimensions, as illustrated in Figure 2.3. Although
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FIGURE 2.3 - 2d projections of the Sobol” sequence with
N=2048 points. While dimensions (0,1) and (1,2) show good
uniformity, dimensions (24,25) exhibit very weak homogeneity.

the benefits of using LD sequences in low dimensional simulations are no
longer in question, their application to high dimensional problems is still
not straightforward. In [172], a modified version of the Sobol sequence was
proposed in order to mitigate this high dimensional issue.

2.1.3.5 Usage in path tracing for Computer Graphics and differences with
MC for medical physics

Quasi Monte Carlo have found successful application in a large number of
domains. One notable example is rendering : a path tracing technique that
aims to produce images that are indistinguishable from a photograph of the
same scene. The outline of the method reads as follows. It starts with the
sampling of a primary ray, in the image plane, that will be tracked around a
scene we wish to render. Then, an interaction location is computed. At the
interaction location, depending on the material of the hit object, the ray can be
either absorbed or reflected. Reflected rays are randomly sampled from the
Bidirectional Reflectance Distribution Functions (BRDF) which can be highly
diffuse for matte materials, glossy or unidirectional for mirrors. The scattered
ray will continue its path until it is absorbed or escapes the scene. Along the
whole trajectory, the color is accumulated and reported to the pixel the ray
originated from.

The outline is very similar to Monte Carlo simulations in medical physics.
However some key differences must be highlighted. The goal of the two
methods are indeed different : in nuclear medicine the aim is to produce
physically accurate results while path tracing prioritizes pleasing images.
As such, the way the particles (or rays) are tracked in standard methods is
different. Medical imaging simulations start from a source to reach detectors
to simulate exact physical processes. In path tracing, the rays are tracked
from the detectors (camera) to the source (lights) because less time will be
spent tracking rays that won’t reach the camera and the noise due to random
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selection will be reduced 2. Interactions are also computed very differently.
In path tracing, simple models are used and most of their outcome has close
form inverse [18], thus making the sampling from them very easy via ITS.
In contrast, in MC for Nuclear Medicine, the number considered particle
types is higher (photons, electrons, positrons ...), interactions models can
be complex and produce secondary particles. Moreover, several properties
of each particles are dynamically scored (energy, velocity, polarization...).
Depending on the context, some samplers may be more adapted than others.
For example in computer graphic rendering, as the regularity of LD sequences
can be source of aliasing to which the human eye is particularly sensitive,
the visual quality of the result is sometimes as important as quantitative
metrics [2]. On the other side, for samplers used in financial or medical
applications, the main issue is to increase the accuracy of the simulation in
very high dimensions [122].

2.1.4 Contribution: investigation of QMC usage in Geant4/Gate
2.1.4.1 Challenges

Theoretical properties of quasi random pointsets offer great asymptotic
improvements over traditional Monte Carlo methods. However, when the
dimension grows, the bound becomes more and more pessimistic. Owen [165]
showed that better integration error are to be expected only when n > d,
which for d = 15 is not in the reach of nowadays computers. This effect
is highly mitigated by the concept of effective dimension [219, 51, 165]. To
illustrate the idea, consider the function (x,y) — x + 10~y (x,y) € [0, 1]2.
While the function is 2-dimensional, one can argue that y has a very small
impact on the function, and thus the integration error. Empirically, in a
dose simulation with 107 simulated photons of 2 MeV, the random number
generator is called from more than 5000 locations. In this context, the effective
dimension determination can be out of the reach of QMC methods.

Another challenge of using quasi-random sequences in Gate simulations
comes from the fact that the sampling of secondary particles for most type of
interaction is done through the rejection method instead of ITS (Section 2.1.2.1).
This method is used when the CDF of the distribution to sample is difficult to
compute and inverse. This sampling method reads as follows:

1. Sample x uniformly in Q and u in [0, 1].
2. If u < p(x), accept x as a sample; otherwise, go back to 1.

Rejection sampling is more to difficult to handle with quasi-random sequences
because it uses an unknown number of iterates, meaning that the number of
dimension can not be known in advance. Moreover, the number of needed
sample can differ from particle to particle and can grow arbitrarily, worsening
the dimensionality problem. QMC simulations with rejection sampling have
been studied by [264] who showed that the distribution of samples generated

2. This "reverse" simulation mode is also possible for SPECT MC simulations, referred to
as Forced Detection [30] but it is much less frequently employed than in Computer Graphic
rendering.
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with Rejection-QMC methods converges still faster to the desired distribution
than purely random samples.

The last issue is rather technical than theoretical. Since LD samplers intro-
duce correlations between samples depending on the index and dimension
of the needed random number, a quasi random engine must be able to index
samples and distinguish how each of their dimensions is used. Despite be-
ing very modular, Geant4 does not provide any interface to implement such
methods nor query the required information.

In the following, we propose an implementation that never modifies
Geant4 source code. This is important because Geant4 is a well tested toolkit
and altering its source code is error-prone.

2.1.4.2 Dimension and index definitions

We considered the use of the Sobol” sequence, which, in dimension 4,
outputs the sequence (x}, x?, ---x?)ieN In our implementation, a dimension is
uniquely defined by:

— The location of the code where the random number generator is called.
— The interaction number of the current track.
— The rejection loop iteration, if the call originates from a rejection loop.

With this definition, since it is not possible to know in advance the maximal
number of interaction per track and rejection loop needed, the number of
needed dimensions is unknown a priori. This is a problem since the dimension
d of the Sobol” sequence needs to be defined before the simulation starts.
Hence, we need to define, for each type of interaction (Compton, Rayleigh,
Photo-Electric effect...) the maximal number of interactions a particle can
undergo and for each part of the code where a rejection loop is used, the
maximal number of rejection iterations. Beyond these thresholds, all the
interactions/loop iterations will be sampled with a PRNG.

To illustrate our dimension definition, we consider the case where only
Compton interactions are to be sampled with a Quasi-Random sequence. We
define dprimary as the number of calls to the random number generator for
primary particles generation. For each photon emitted isotropically from a
given source distribution:

— 5 random numbers are needed to determine its initial position and
direction (dprimary = 5)-

— For each process (i.e. interaction type) defined in the physics list, the
length to the next interaction is sampled according to cross-sections,
with 1 random number. The process with the shortest length is selected.

— If the selected process is a Compton interaction:

— One random number is used to select the atom with which the
interaction occurs.

— One random number is needed to compute the new direction of
the scattered photon.
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— 3 random numbers are needed in a rejection loop for the scattered
photon energy.

— 5 random numbers, also in a rejection loop, for the ejected electron
information choice.

If we restrict the number of Compton interactions sampled with QMC to
NCompton and the maximal number of rejection loops for the photon and the
electron to n, and n,-, the maximal number of QMC dimensions needed will
be dprimary + "Compton (8 + 31, + 5n,-). For every new photon, a new index
of the sequence is used. In case all the dimensions are not used, i.e. less than
NCompton OCcUr or the two rejection loops end before 1, and n,- iterations
are reached, the corresponding dimensions are left unused. The definition of
dimensions is illustrated in Figure 2.4.

Primary Gamma rays Compton Scattering
5 dimensions 3 + 3n, + 5n,.- dimensions
aaiil Dhiesian Interactlhon Atom y Dir. yEnergy e~ .Ener_gy&
3 dimensions 2 dimensions Lengt . . . Dlrectl_on
1dim 1dim 1dim  3n,dim 5n,- dim
Dimensions
Primaries Interaction 1 Interaction 2 Interaction 3

Sample Id
(=Y

FIGURE 2.4 - Illustration of the dimension definition and

usage when Compton Scattering is the only considered process

for quasi-random sampling. This figure was adapted from the
PhD thesis of Bastien Doignies [52].

2.1.4.3 Implementation

PRNG in Geant4 [1] are implemented via few functions and maccros wrap-
ping with the CLHEP library [144]. Ultimately, every pseudorandom number
is generated through an object deriving from the CLHEP: : HepRandomEngine
abstract class. The class has two functions of interest for sampling: flat
and flatArray. Both methods generate pseudorandom numbers in the unit
interval, the difference being how many points are generated by the call. To
introduce QMC in Geant4, we slightly modify this interface to introduce a
new parameter from the C++20 <source_location> library.

The <source_location> library provides access to certain information
about the source code. Available information include file name, function
signature, line and column. Through function signature, it is possible to re-
cover the name, the class and the namespace when applicable. Previously,
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those information were only available with maccros expansions of __LINE__,
__FILE__ and __PRETTY_FUNCTION__. The library offers a better alternative
as those information are now accessible by adding a default parameter to func-
tions. Interestingly, adding a default parameter does not require modifying
calls to the function, hence this simple addition does not require modifying
Geant4 source code in itself.

The exact calling context information acquired with the aforementioned
method is not enough to deduce the exact dimension. One particle may
undergo multiple times the same interaction. In that case, the pseudorandom
number generator is asked from the same location in the source code, but the
implied dimension should be different. To accommodate this situation, it is
sufficient to track the number of time an interaction occurs. This information
is not available directly in Geant4 but can be easily computed by setting up
callback on every steps.

Still, the information obtained mostly depends on the calling location of
the pseudorandom number generator. In some cases, the call is done in utility
function and it becomes harder to track the context. One example is simply
sampling from alternative - eg normal - distribution. The code is abstracted by
the CLHEP library in dedicated methods and the call location is therefore not
informative. Two main solution exist to solve this issue. The first one involves
getting the call stack. C++23 introduces the <stacktrace> library for this
purpose. However the standard is not officially released and compilers do
not have full support for this module. Moreover, the stacktrace might not
be accurate enough, especially since Geant4 is viewed as library from Gate
perspective and the necessary information about calls are not available if
compiled in release mode. The second solution involves wrapping Geant4
physical processes. By exposing manually the process and function name
when possible, the information loss is mitigated. This is the chosen solution
for this project.

The described processes have a substantial cost. Sobol” points are extremely
fast to compute and can be even faster than some common PRNG [150].
In itself, the overhead of the <source_location> is negligible. However,
parsing the information and maintaining the current state is not. Moreover,
a callback must be installed on every particle step during a simulation to
detect particle interactions. This is why the proposal here is a feasibility
experimentation and do not correspond to a realistic use case.

2.1.4.4 Experiments

We designed two toy experiments performed in different settings to show
the interest of Quasi Random sequences compared to PRNG in Monte Carlo
simulations for nuclear medicine.

SPECT simulation

The first experiment was the simplified simulation of the emission part of
a SPECT imaging acquisition. We considered 6 spherical gamma sources of
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diameter 10, 13, 17, 22, 28 and 37 mm, isotropically emitting 140 keV gammas
(similar to #™Tc) with a sphere-to-background ratio of 20:1 (see Figure 2.6).
Production cuts were set to Imm.

A first simulation was performed in vacuum, in order to consider a min-
imal number of random numbers needed for the simulation. Indeed, as no
interaction can occur, the number of random dimensions needed is limited to
5 dimensions used for sampling primary particles, i.e. their initial position and
direction. In the QMC simulation of this experiment all 5 dimensions were
sampled with the Sobol sampler. This simulation is performed to highlight
the effect and interest of QMC in this context compared to analog MC, for
different number of primary particles.

The second simulation was similar to the previous one but in a phantom
filled with water instead of vacuum. In this situation, photons should therefore
interact with matter through Compton scattering mainly but also Photoelectric
effect. Through these interactions, photons deposit energy to matter and
create secondary electrons, thus increasing the number of random dimensions.
As explained above, using a Quasi Random Sequence in this context raises
several difficulties considering the number of possible interactions, number
of steps and usage of rejection loops. For this reason, we first restrict the
physics list so that only Compton scattering can occur, which is the main
possible interaction for gammas at this energy. Only the random numbers
needed for primary photons emission (position and direction) and for the first
Compton interaction (fcompton = 1) were sampled with the Sobol sampler
and n, = n,- = 2, reaching 24 QMC dimensions. All other random numbers
were sampled with conventional white noise in the QMC simulation.

The output of each SPECT simulation is a 3D image reconstructed as
follows: each particle exiting the phantom is saved in a spherical phase space

[205] with all its information (particle type, position m, direction doyt, energy
Eout and time At between emission and arrival in the phase space). Once the
simulation is finished, the 3D image is reconstructed by back-projecting in
the volume each photon of the phase space in straight line : the position p' of
the voxel in which the particle will be added is determined according to the
following formula :

—
?} = m — cAtdoyt (2.8)

where c is the speed of light. This straightforward reconstruction allows to
compare images similar to SPECT images as the output of the simulation,
without having to simulate all the detection process of a real Gamma Camera.

Both experiments were performed with an increasing number of primaries,
from 10° to 2 x 107. The reference MC simulation was obtained with 108
primaries and was used to compute Normalized Root Mean Squared Error
(NRMSE) with output images.

Dose simulation
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Finally, a dose computation experiment was performed in a waterbox
containing a 1 cm thick lung slice and a 3 cm thick bone slice. A 2 MeV photon
cone beam was placed on one side of the box in order to irradiate the slices. An
illustration of the simulation geometry is shown in Figure 2.5. The output of
the simulation was a voxelized dose map computed by the Dose Actor of Gate.
The reference MC simulation was the output dose map obtained with 2 x 108
incident photons. We used the G4EmStandardPhysics option4 physics list for
all simulations. Since the source is a mono-energetic focused beam, sampled
from a disc, only two random numbers were needed for primaries generation
(only 2d position, thus dprimary = 2). We compared the convergence speed of
the simulation in three different setups: an analog MC simulation, a QMC
simulation with ncompton = 11y = 1.~ = 0 (only dprimary QMC dimensions)
and another QMC simulation with ncompton = 14 = 1,- = 3 (total QMC
dimensions = 83). The simulation with N = 2 x 10° was performed 6 times
for both MC and QMC (83 dimensions) settings to compute uncertainties and
efficiencies.

2 MeV gamma
rays

<>
5cm lcm 7cm 3cm 4cm

FIGURE 2.5 — Dimensions of the box in which the dosimetry

simulations were performed. Gamma rays were emitted from

a 2d disk with a determined beam direction. A voxelized dose

map was scored in the volume made of 5 layers with different

materials: water (5 cm), lung (1 cm), water (7 cm), bone (3 cm)
and water (4 cm).

2.1.5 Results
SPECT simulation

Source and output images for the SPECT experiment in vacuum with
N = 2 x 10° primaries are shown in Figure 2.6. Clearly, the QMC output
shows much more homogeneous spheres, showing a faster convergence to the
simulation reference, which is the input source here. This faster convergence is
also highlighted by Figure 2.7 showing between 15% and 40% error reduction.
This toy experiment shows that in this simple case, choosing a LD sampler
instead of a conventional PRNG can drastically reduce the computation time
needed for a specific error tolerance.

Unfortunately, changing the simulation medium from vacuum to water
annihilated almost all benefits of QMC. The MC and QMC outputs shown
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FIGURE 2.6 — (A) Six (voxelized) spherical sources with in-

creasing radius. (B) and (C): Reconstructed images after MC and

QMC simulations simulations with N = 2 x 10° primaries in
vacuum (experiment 1).
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FIGURE 2.7 — Convergence plot of NRMSE of MC compared
to QMC simulations in vacuum.

in Figure 2.8 are no longer distinguishable and visually seem to have compa-
rable noise level. Convergence plot in Figure 2.9 shows between 2% and 5%
improvement. However, this error reduction seems to linearly increase with
the number of primaries and thus could be much more significant if the error
tolerance was lower.

This difference with the simulation in vacuum can be explained by several

factors. First, as mentioned, since the convergence speed of LD sequences
is O((lnn—n)d), increasing the number of QMC dimensions d slows down the
convergence speed. Secondly, since all photons do not undergo a Compton
scattering, some dimensions are left unused at the end of the simulation, while
LD sequences are meant to be used entirely, otherwise the "unbiaisedness" is
not guaranteed any more. Finally, since photons can undergo more than one
Compton scattering, for which random numbers were sampled with white

noise, the effect of the LD sequence on the first scatter may be insufficient.
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FIGURE 2.8 — Simulations results for the SPECT experiment

results with N = 4 x 10° primaries. Left. The simulation using

White Noise samples. Right. The simulation using Sobol” sam-
ples.

Convergence rate
1e-06 -

NRMSE

WN ——— .4
QMC ——
Gain

Gain (%)

1e-07

e+06 3o+ Se+06 7e+06

# of'lpr'i“rnaries

FIGURE 2.9 - Convergence plot of NRMSE of MC compared
to QMC simulations in water.

Dose simulation

For the dose computation simulations, convergence rates can be compared
in Figure 2.10a. The integrated dose profile and uncertainty for N = 2 x 10° is
shown in Figure 2.10b. These results show that both QMC methods allow to
slightly reduce the NRMSE by a few percents. The uncertainty on the depth
dose curves in Figure 2.10b, computed over 6 realizations of the N = 2 x 10°
simulation, is also reduced in the QMC simulation, specially in locations
where the dose is the highest.

However, the magnitude of the NRMSE reduction always remains lower
than 2%, which is not satisfying, specially considering the increased computa-
tion cost, due to dimensions parsing, associated to QMC simulations. For the
simulation with N = 2 x 10° primaries, the efficiency of the MC simulation
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was 20.98 while being close to 20.83 for the QMC simulation (with 83 dimen-
sions). This means that the uncertainty reduction introduced by the usage of
LD sequences did not sufficiently compensate the increased computation time

in this case.

—— MC --+- Gain QMC (2 dims) 2o

Gain QMC (83 dims)
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(A) Convergence plot of NRMSE of the dose simulation, for MC compared to two QMC
strategies
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(B) Corresponding dose profiles for N = 2 x 10 integrated along x and y dimensions and
the associated uncertainty computed over 6 independent realizations of each simulation.

FIGURE 2.10 - Comparison of MC and QMC convergence
and depth dose curves in the Dose computation experiment.

Even though this error reduction is not satisfying for a VRT, this result
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shows that the way random dimensions are defined can influence the con-
vergence speed of the simulation and still improve the incertitude by a few
percents.

2.1.6 Discussion, perspectives and conclusion

This exploratory work focused on using LD sequences to sample ran-
dom numbers used during MC simulation in medical physics. These low-
discrepancy sequences are meant to introduce correlation between samples
to force homogeneity in the sampling space and thus reduce the integration
error. We show that is is possible to implement a QMC framework into Geant4
and Gate software, without requiring source code modification of the toolkit,
that lead to encouraging results for very simple test cases. Once implemented,
this unbiaised VRT is easy to use and can lead to 40% error reduction for a
SPECT simulation in vacuum. However, in higher dimensions, the benefit
of the method is minor and highly depends on the dimensions chosen to be
sampled with QMC, which seems to be simulation-dependent.

This also shows that future works on QMC for medical physics should
focus on ways to determine which dimensions influence the most the output of
a specific simulation in order to sample those dimensions with LD sequences.

This work has been discontinued to prioritize other research tasks within
the scope of this PhD project. Although initial findings were promising, sub-
sequent tests did not show sufficient improvement. Given the time required
to continue this line of investigation, it was deemed outside the initial scope
of the PhD. However, we hope that the initial findings could be revisited in
the future if time and resources permit.

2.2 Fast MC simulations with Deep Learning

As mentioned earlier, a Monte Carlo Simulation of a SPECT acquisition
can be computationally very expensive. Such simulations can be decomposed
into two distinct steps. The first step is the tracking of particles into the
patient, from their emission to their exit, including interaction with matter.
The second step consists in tracking exiting photons during their interaction
with the gamma camera (collimation, scintillation, photo-multiplication and
digital conversion). We present here two deep-learning based methods, one
for each step, that can be used to drastically reduce the MC computation time.

Those methods were designed and developed in our team during the past
years and, while I was not the leader of this project, I actively participated
to this development. In particular, I performed various evaluations and re-
implemented the "standalone" version (independent of Gate, see Section 2.2.5)
of the method, with full pytorch continuity.
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2.21 Generative Adversarial Networks (GANSs) for particle
generation in SPECT

Particle tracking inside the patient is very inefficient because very few of
the emitted photons will effectively exit the patient (due to absorption) and
few (0.01%) exiting gammas will be detected by the gamma camera (due to
collimation). When the patient and source are fixed, the output of the tracking
inside the patient may theoretically be stored in a large file of several GB,
containing all photons exiting the patient and reaching a sphere. For each
of these photons, their position, direction, energy and the time elapsed since
their emission are stored in this file, usually referred to as a phase space file.
Any other useful information about exiting particles can be stored. Then, if
the acquisition system changes, the same phase space file can be used as the
input source, thus saving the patient tracking time.

This time-saving trick still has some limitations. First, the size of these phase
space files can rapidly grow if a good statistically relevance is needed, making
them difficult to store, process and use. Moreover, if, for some reason, the
source radionuclide distribution inside the patient has to change, a completely
new phase space file has to be generated.

These limitations can be leveraged by training a Generative Adversarial
Network (GAN). The idea is to train a neural-network G, the generator, to out-
put particles with the same distribution as the ones contained in a previously
generated phase space. More precisely, the GAN is made conditional (condGAN)
with respect to the primary particles properties (position, direction, energy),
which allows to use it to generate any source distribution. We consider here
only the case where the source is *™Tc (considered mono-energetic, 140.5
keV). We present here the usage of condGANSs for SPECT simulation accelera-
tion, published in [202, 197], but this idea was first proposed for photon beam
modeling [200] and was also extended afterwards to PET imaging in [201].

2.2.2 GAN training

Given a patient CT image, the training phase space was generated from a
uniform **™Tc source distribution inside its body contour, with ~ 107 isotrop-
ically generated gammas. This uniform source is used only for training, in
order to simulate every possible source location. Each particle in the phase
space was represented by a 12-dimensional vector (po, Eo, Pexit, Aexit, Eexit, At),
where pg and Ej are the emission position and energy, pexit, dexit and Eeyi; are
the exit position, direction and energy and At is the time elapsed between
the particle emission and arrival in the phase space sphere. Since the con-
sidered radionuclide is *™Tc, all Ej are equal to 140.5 keV but a different
energy spectrum could be considered for a different source. Absorbed par-
ticles were artificially added to the phase space with a zero energy and the
position obtained after projection in the phase space sphere.

This training dataset is used to train a generator G to output a realistic
exiting photons distribution, given a noise vector z of dimension d, an input
emission position and an initial energy. The GAN training framework also
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involves the training of a Discriminator D, trained to distinguish between
real and fake samples. D takes as input the full vector of emission and exit
information of a particle and outputs a real number that should be high if
the sample really comes from the training dataset (real sample) and low if the
sample was generated by G (fake sample).

{ ]Rd+4 N IRS (2 9)
) (Z/ Po, EO) = Xfake — (pexit/ dexits Eexit, At) '
RR'2 — R
: 2.10
{ (PO; Ey, Pexit, dexit, Eexit, At) =y ( )

For each condition vector ¢ = (po, Eo) from the training dataset and corre-
sponding to Xyea] = (Pexit, Aexit, Eexit, At ) contained in the training dataset, D is
trained such that D (¢, Xeq ) is a high real value and D (¢, X ) is a low real value,
where x¢ . = G(z, ¢) and z is sampled from a d-dimensional standard normal
distribution. As its name might suggest, the discriminator D is trained to distinguish
between real and fake samples. On the other hand, the generator G, is trained to fool
the discriminator, that is, G is trained such that for x¢ye = G(z,¢), D(c¢, Xfae) is
high. These requirements lead to the following training loss definitions:

Lp = E, n(01)1[D(c,G(z,¢))] = By D (€, ¥real) ]

Le = —E, s 010D(c, G(z,¢))] 21D

where L and Lp are G and D training losses and P, is the true exiting
particles distribution from the training dataset.

The conditional GAN training approach is illustrated in Figure 2.11.

Both G and D were Multi-Layer Perceptrons (MLP) containing respectively
L and L p hidden layers with 500 neurons, followed by a LeakyReLu activation
function. In the following, we used L; = 3 and Lp = 2. We chose d = 15 for
the noise vector z dimension. G and D parameters were optimized simultaneously
with two Adam optimizers, with 4 D updates and 1 G update at every iteration.
The training batch size was set to 2 x 104, the learning rate to 4 x 10~ * and the
number of epochs to 200.

GAN training can sometimes be quite unstable and difficult to control. At the
end of a successful training process, the Discriminator D should not be able to
differentiate between real and fake samples, meaning that L is close to zero and
that the Generator G is well trained to output realistic samples.

2.2.3 Results

Once G is trained for a specific CT image, it can be used to generate as many
photons as desired by sampling a random position po from the desired source
distribution and a random vector z < N (0, 1)? used to compute Xgye =
(Pexit, dexit, Eexit, At) = G(z, po, Eo = 140.5keV). During inference, the
source distribution can be any distribution.

As an example, we trained a condGAN on the NEMA IEC phantom and com-
pared an analog MC simulation with a condGAN simulation. As described earlier,
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FIGURE 2.11 — lllustration of the conditional GAN (condGAN) train-

ing scheme. The condGAN G takes as input a noise vector z

and the primary -y emission data information (po, Eg) and out-

puts a realistic vector of the corresponding exiting y information

(Pexits Aexit, Eexit, At) The Discriminator D is trained to distinguish

between true particles (from the training phase space) and fake sam-
ples (from G).

the training dataset was obtained with a uniform source inside the patient. For the
evaluation, the ?*™Tc source was composed of six spheres and a cylinder placed in a
background with a Target to Background Ratio (TBR) of 10. The source image shown
on the top left of Figure 2.12. The number of generated primaries was 1.8 x 107
for both analog MC and condGAN simulation. In the MC simulation, photons
reaching the phase space were stored. Resulting phase spaces were used to reconstruct
two 3D-images by "backprojecting” each sample in an ideal way, as described in
Equation (2.12), where c is the speed of light. In Figure 2.12, images obtained this
way for the MC and the condGAN simulations can be compared, as well as two
profiles. Both images are very similar, as well as the profiles, showing that the
condGAN was effectively able to learn the target photon distribution. Moreover, the
ratios between the number of counts in each sphere/cylinder in the GAN simulation
and the MC simulation was always comprised between 0.95 and 1.02, showing good
agreement between both phase spaces. The only visual limitation is that the edges of
the spheres obtained with the GAN seem less sharp than in the MC simulation, due
to a slight error in number of absorbed /scattered photons estimation.

Pbackproj = Pexit — CAtdexit (212

Another condGAN was trained with a phase space generated from a patient’s
CT image. Once again, the training dataset was obtained with a uniform source
inside the patient. For evaluation, three *°™Tc source spheres of 52, 36 and 30 mm
diameter were placed in a background, with TBRs of respectively 50, 20 and 40.
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FIGURE 2.12 — Top: slice of the source image (left) and of ideally

reconstructed images from MC (middle) and GAN (right) simulations.

Bottom: vertical (left) and horizontal (right) profiles drawn from the

corresponding MC (blue) and the GAN-generated (orange) images.
This figure was extracted from [197].

Here, the complete SPECT simulation was performed with 120 projections, 10°
gammas per angle and an isocenter-to-detector distance of 40 cm. The modeled
SPECT system was the GE Discovery 670 with Nal(Tl) crystal and a Low Energy
High Resolution (LEHR) collimator, with four heads. Two SPECT acquisition were
performed one from a full analog MC simulation of the SPECT acquisition and one
with the condGAN replacing the tracking in the patient only. Both sinograms were
then used to reconstruct a 3D-image with the RTK software [185], and the OSEM
algorithm with 10 iterations and 15 subsets, attenuation correction, double energy
window scatter correction and Resolution Modeling [262]. Reconstructed images are
shown in Figure 2.13 and show once again very good agreement.

224 Discussion

The previous sections showed that the condGAN-generated phase spaces were
very similar to the ones generated by an analog MC simulation. However, the main
advantage of using a GAN is their computational speedup. The number of Particles
Per Second (PPS) that can be generated by a condGAN is about 8 x 10°, while
being near 7 x 103 for the MC case, leading to a x 114 computational speedup.
This speedup can even be higher if the complexity of the analog MC simulation
increases, for example if the source or CT voxel sizes were smaller, while the speed
of a condGAN simulation is constant.

One limitation is that training a GAN can be difficult, unstable or even fail.
Moreover, even though the GAN-generated distribution does not perfectly match
the target MC distribution, we argue that using such GANs for SPECT simulations
is generally not limiting the accuracy of the simulation, considering the poor spatial
resolution of SPECT. One last limitation is that a cond GAN is trained for a specific CT,
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FIGURE 2.13 — Coronal (top) and transverse slices (bottom) of images
reconstructed with projections obtained from the reference Monte
Carlo Simulation (left) and with projections obtained from the photons
generated by the conGAN (right). This figure was extracted from

[197].

meaning that a new training phase space generation and training would be required
if the phantom or patient was changed.

2.2.5 Contribution: GAN sources and nn-ARF combined

GAN:S can also be combined with an Angular Response Function (ARF) mod-
eling a given detector response to replace and accelerate the second step of the
MC simulation, i.e. tracking inside the detector. An ARF can either be a tabulated
histogram, as in [223], fitted on a large dataset to compute detection probabilities
of incoming photons based on their solid angle and energy, or it can be modeled
by a fully connected neural network (nn-ARF), as proposed in [199]. This former
approach drastically accelerates tracking inside the detector. An nn-ARF has to be
trained once for each detector, collimator and desired energy window ranges, but
can then be used regardless of the patient and source.

Long and computationally expensive Monte Carlo simulations with particle
tracking in the patient and detector can then be replaced by the application of two
successive neural networks, acting as a standalone forward model. Figure 2.14
illustrates this method. One question that arose is what to do between both neural
networks? Three options are possible:

Option 1 Once a batch is generated by the GAN, a GATE event is created for each of the
exiting particles. The classical MC engine is used to track each particle until
they eventually reach a detector plane. Then, position, direction and energy of
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intersecting particles are used as input to apply the nn-ARF and generate the
projection.

Option 2 In a majority of cases, tracking between the output of the GAN and the nn-
ARF detector is just a straight line ray tracing in air. For this reason, another
option is to not use the GATE engine to create and track each exiting particles,
but projecting them on each detector plane using the Numpy library.

Option 3 Finally, we proposed an implementation of Option 2. where the Numpy ray
tracing is replaced by PyTorch operations. The advantage is that CPU to GPU
memory transfers are no longer required between emission and detection,
taking full advantage of GPU acceleration.

Pseudo-code for Options 2 and 3 is detailed in Algorithm 1. The code is available
in the opensource collaboration Gate [206] 3

To illustrate the potential of the full Pytorch implementation, we performed
SPECT simulations of a patient with its CT image and a voxelized °™Tc source
made of three spheres (with 28mm, 52mm and 76mm diameters). Three SPECT
Intevo Gamma camera heads were modeled at 0°, 100°and 230°angle positions.
The reference (ANALOG) MC simulation was compared to its version with a nn-
AREF replacing the tracking inside detectors, to the GAN+nn-ARF within the Gate
framework (Option 1) and to standalone GAN+nn-ARF implementations with
Numpy (Option 2) and PyTorch (Option 3). In each simulation, 1 MBq of activity
during 30 seconds were simulated, with one thread.

Results in terms of number of Particles per Seconds (PPS) tracked are detailed in
Table 2.1. Using only the nn-ARF increases the number PPS tracked by 20%, but, as
discussed in [199], the gain in terms of efficiency i.e. considering the noise reduction
is much higher (between 10 and 3000 in [199]). This is because, unlike in Analog MC
Simulations, each particle reaching the detector plane contributes to the projection,
even slightly. Replacing the tracking in the voxelized patient by a GAN resulted in
number of PPS multiplied by a factor 11.2 for the Option 1, 27 for Option 2 and 96
for Option 3. This shows the great interests of GAN, in particular when full usage
of GPU acceleration and tensor operations is leveraged.

3. See  https://github.com/OpenGATE/opengate and https://github.com/OpenGATE/
gaga-phsp
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Algorithm 1 Pseudo-code of the standalone implementation of SPECT simulation
with GAN and nn-ARF
Inputs: Voxelized source distribution f, Number of particles to create N, number
of projections N, batch size B, conditional GAN G, nn-ARF d
Output: Projections Py, P;...P Np
Neurrent <= 0
while N yent < N do
batchipit <— sample from f
batCheXit +— G (batchlmt)
(b1,ba, ..., bN,) < Ray-Tracing and intersection with detector planes of
batcheyit
fori=1to N}, do
P; <+ P;+d(b;)
end for
end while

Method Particles per Seconds (PPS)
ANALOG 10k
ANALOG+nn-ARF 12k
GAN+nn-ARF (Option 1) 112k
GAN-+nn-ARF (Option 2) 273k
GAN+nn-ARF (Option 3) 960k

TABLE 2.1 — Comparison of number particles per seconds (PPS)

tracked in SPECT simulation between a reference MC simu-

lation (ANALOG), tracking in detectors replaced by nn-ARFs

(ANALOG+nn-ARF), both tracking steps replaced by a GAN and

a nn-ARF (GAN+nn-ARF) within the Gate framework (Option 1),

with Numpy ray tracing between both networks (Option 2) and with
PyTorch ray tracing.



54 Chapter 2. Advanced Monte Carlo simulations in Nuclear Medicine

SPECT head detector

Tracked'gammas Collimator, crystal, digitizer

-
2
- |
- |
-
-
-
/ \
-
”
—— 0
-

Reference analog Monte Carlo simulation - B

(X111}
[CYTYYY |
€s6685>

LXX])

Proposed neural network based simulation

FIGURE 2.14 — Iustration of the GARF method, replacing analog

Monte Carlo simulations (top) by a GAN that generates exiting gam-

mas and a nn-ARF taking them as inputs to generate the projection
(bottom). This figure was extracted from [202].
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This Chapter aims at defining what are PVEs in SPECT, their causes and conse-
quences, as well as to review state-of-the-art approaches for Partial Volume Correction
PVO).

3.1 Partial Volume Effects

311 Introduction
Definition

As described in Section 1.2.4, several physical effects need to be corrected either
before, during or after reconstruction, in order to obtain a reconstructed image
with accurate activity estimation. Attenuation can be corrected quite accurately
by using CT-derived linear attenuation coefficients in the system matrix used for
reconstruction (see Section 1.2.4.1). Scatter can be estimated and corrected with DEW
[100] or TEW [162] methods before reconstruction if the appropriate energy windows
are acquired (see Section 1.2.4.2). However, even tough Resolution Modeling (RM),
presented in Section 1.2.4.3, is useful to compensate the effect of collimator blurring
and for resolution recovery, it is still insufficient. Indeed, even after RM, the estimated
activity in the 3D image is still not proportional to the true activity in the object,
specially for objects of small size.
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Visually and quantitatively, PVEs are usually characterized by the fact that a
relatively high amount of counts are reconstructed outside the boundaries of the
object they should be in, leading to underestimation of the activity in this object
and overestimation in the neighbor object. In the first definition of Partial Volume
Effects in Emission Tomography, Hoffman, Huang and Phelps [87] describe PVEs
as the "depression of apparent isotope concentration in an image for objects equal
in size to the instrument resolution (FWHM)". In fact, this underestimation of
activity concentration occurs for all objects with size lower than 2 x FWHM [186,
37, 146]. Since this resolution can be different in different axes, the resolution volume
is defined as a volume with size (2 x FWHMy mm) x (2 x FWHMy mm) X
(2 x FWHM,mm). For objects with bigger size, their estimated activity will be
proportional to their true activity.

Consequences

PVEs have a significant effect in various tasks of clinical settings in oncology.
First, PVEs can be a confounding factor, since very different uptake and size can lead
to similar SUV values in the reconstructed images [146], thus altering the staging
and diagnosis based on the SPECT image. PVEs not only alter visual analysis of
SPECT images but also their quantitative accuracy. Several studies have shown that
uncorrected images tend to underestimate SUV values due to Partial Volume Effects
[20, 212, 85, 65, 146, 74, 77, 194]. The quantitative inaccuracies of SPECT images
may be one of the reasons why personalized 77 Lu-based Targeted-Radionuclide
Therapies (TRT) is still not fully effective in clinical routine. As described earlier
in Section 1.2.5, individual treatment response assessment and treatment planning
make use of several 77 Lu-SPECT/CT images between injections to compute Time-
Activity Curves (TAC) in Organs at Risk (OAR) and in tumour tissues. Then, one
of the several dosimetric methods is employed to compute the absorbed dose in
each ROI and draw personalized dose-response/dose-toxicity relationships. As a
consequence, the limited spatial resolution of SPECT images has a major impact
on dosimetric estimates [31, 147, 181, 146, 130] leading to between 63% to 99%
underestimation of absorbed dose in the example of [146].

Mlustration

PVEs are illustrated in a toy experiment in Figure 3.1 where 6 spherical sources
with 10/13/17/22/28 /37 mm diameters and with the same activity concentration
were projected with the RTK software [185] with PSF modeling (FWHM (d) =
2.75 4 0.076d where d is the source-to-detector distance in mm), without attenua-
tion, scatter nor noise. The image was reconstructed with the OSEM algorithm (10
iterations, 8 subsets), with and without RM during reconstruction.

Clearly, without RM, the smaller the sphere, the more the maximum intensity
was underestimated and the sphere was blurred. The spreading of estimated activity
outside the boundaries of the object, characteristic of PVEs, is called spill-out effect and
leads to underestimation of activity inside the object and over-estimation of activity
in the background. In presence of background activity, some counts belonging to



3.1. Partial Volume Effects 57

the background can be reconstructed inside an object of interest, leading to over-
estimation in this object. These effects are often designed as spill-out effects. The term
spill-over designs both spill-in and spill-out effects.

One key metric to quantitatively estimate PVEs is the Recovery Coefficient (RC),
tirst defined in [87] by Equation (3.1). RC can be computed for objects of interests as
well as for background estimation. A RC close to 1 means almost no PVEs. RCs for
the six different spheres were computed and shown in Figure 3.2.

RC — Mean Estimated Activity

True Activity G.1)

Figures 3.1 and 3.2 also show that using RM during reconstruction partially
succeeds to deblur the image and to mitigate spill-out effects both visually and
quantitatively. However, the three largest spheres of Figure 3.1 exhibit an hetero-
geneous pattern with over-estimation of activity at the edges of the spheres and
under-estimation in its center. This well documented effect is known as ringing
artifacts or Gibbs artifacts and tends to be amplified when using RM with a high
number of iterations. These Gibbs artifacts are due to PSF modeling (RM) during
forward and backprojections of the MLEM algorithm and to limited sampling in the
image space, both acting as low-pass filters truncating the high frequencies needed
to reconstruct sharp objects like the spheres boundaries in Figure 3.1. Without the
inclusion of the high frequency signal, these oscillations appear as the number of
iteration increases, so that the mean value in the object is consistent with the observed
data [221, 260, 170].

One simple strategy to reduce Gibbs artifacts is to blur the image (during or
after reconstruction) to remove these oscillations [220]. Many other regularization
techniques were also proposed such as Total Variation [192, 169], quadratic [45] or
Bayesian [76]. Another strategy is to use a narrower PSF for RM than the "true" or
estimated one. All these strategies can successfully reduce or even remove Gibbs
artifacts but at the cost of poorer spatial resolution.

3.1.2 Causes of Partial Volume Effects

Partial Volume Effects are due to the limited spatial resolution of SPECT detectors.
Gamma camera’s response can be divided into two main effects: the intrinsic
resolution and the collimator response. In both cases, the resolution of a detector
is defined as the full width at half maximum (FWHM) of a profile obtained by
imaging a point source. The image of the point source is designed as the Point
Spread Function (PSF).

Intrinsic Spatial Resolution

The intrinsic spatial resolution refers to the spatial blurring due to the detector
components (Nal crystal, light guide and PM tube) without considering the colli-
mator response. It is mainly due to two effects: misplacement of -y detection due
to scattering in the crystal and statistical fluctuations due to the number of photons
reaching the PM tubes. The latter effect is often considered as negligible, since low or
medium energy photons emitted by a **™Tc or 177 Lu source have a low probability
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FIGURE 3.1 - Simulation of six spheres of 17”Lu, projected with

PSF and reconstructed with and without Resolution Modeling (RM).

No attenuation, scatter nor noise was considered in this simulation.

Source and reconstructed images (A) and horizontal profiles of each

image (B). The red lines in the source image in (A) correspond to the
profiles drawn in (B).

to undergo a Compton interaction in Nal crystals. The former effect is the main
cause of intrinsic resolution. It depends on incoming 7y-ray energy Eg since the
number of photons reaching the PM tubes is directly related to the energy deposited
in the crystal scintillator. Thus, the intrinsic resolution FWHMipginsic is proportional
to ——=. The intrinsic resolution linearly improves with a decrease in crystal thickness

due to reduced spatial spreading of scintillation light, although this comes at the cost
of reduced efficiency. This trade-off between resolution and efficiency leads to crystal
thicknesses chosen between 6 mm and 25 mm, leading to an intrinsic resolution
comprised between 3 mm and 5 mm and a detection efficiency between 70% and
99% (at 140keV).

Collimator Resolution

The main causes of PVEs and poor spatial resolution in SPECT originate from
the limitations due to the collimator placed in front of the detector. The role of
the collimator is to select only the 7y-rays coming with an angle orthogonal to the
detector plane. All the other incoming <y-rays should be absorbed by the collimator,
usually made of a lead block full of longitudinal holes, as it can be seen in Figure 3.3.
The collimator is necessary to be able to map detected photons to a line integral in
the patient and then reconstruct the 3D emission image from sinogram, but it is also
very inefficient since a large majority of y-rays reaching it are absorbed (usually
more than 99%). Generally, collimator holes have an hexagonal shape but can also
be rounded. Depending on the context (i.e. requirements in terms of field of view,
resolution , efficiency), different types of collimator can be used: parallel, pinhole,
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FIGURE 3.2 — Recovery Coefficients (RC) of the images of Figure 3.1a
for all sphere volumes.

convergent and divergent. In the following, we will only consider hexagonal parallel
holes collimators.

Ideally, the projected image of a y-emitting point source should also be a point
but in reality, it has a gaussian shape, as illustrated in one dimension in Figure 3.4.
Two main factors cause this blurring.

The first one is potential septal penetration, i.e. a ;y-ray passing through a septa
of the collimator while it should be absorbed in it. This probability depends on
collimator material, the energy of the interacting -y-rays and from the septal thickness.
Lead is usually the preferred material since it has good <y-rays absorption properties
(high Z and density) and is cheap. Depending on the type of radionuclide used
(low, medium or high energy), the septal thickness ¢ is chosen such that septal
penetration probability is lower than 5%. Low-energy collimators can thus have a
small septal thickness (near 0.16 mm) and be used with source under 150keV, while
medium-energy ones (until 400keV) have a septal thickness close to 1.14 mm.

The other reason why a point source results in a blurred sphere is because of
the collimator geometry. Indeed, since the length of the collimator holes is limited,
the collimator only accepts a certain range of incoming solid angles. The narrower
this range, the higher the resolution, resulting in a lower FWHM. It can be observed
from Figure 3.4 that the FWHM would decrease with an increased hole length I,
a decreased whole diameter / or a decreased source-to-detector distance d. The
FWHM of the collimator can be expressed as a function of these parameters with
Equation (3.2):

FWHM,i(d) = h + Iy (32)

Leff
where [ = | — % is the effective length crossed by a <y-ray and y is the linear
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FIGURE 3.3 — Example of a parallel-hole lead collimator with hexago-
nal holes. This image was obtained from [64].

attenuation coefficient (in mm~1) of the collimator material. Equation 3.2 might
suggest a way to improve the detector’s resolution: using very thin and long
holes. However, using such a restrictive collimator would significantly decrease its
efficiency €., i.e. the percentage of y-ray emitted that pass through the collimator,
thus leading to a noisier image. The efficiency can be expressed as:

52 2
ool = (Kleff(h T t)) 63

where K is a constant depending on the hole shapes (K = 0.26 for hexagonal
holes) and t is the septal thickness. From Equations (3.2) and (3.3), it is clear that
€coli  FWHM?2 ;. meaning that improving the collimator’s resolution can only be
achieved at the cost of reduced efficiency, leading to a noisier image.

This noise-resolution trade-off is the reason why several types of collimators exist:
high-resolution, high-sensitivity, and general-purpose collimators. Typically, low-energy
high resolution (LEHR) collimators are used when the radionuclide is **™Tc, while
medium-energy general purpose (MEGP) collimators are well suited for 177 Lu sources
(see their photon emission peaks in Table 1.1). The characteristics of these two types
of collimator are compared in Figure 3.5 and in Table 3.1.
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FIGURE 3.4 — Profiles and full width at half maximum (FWHM) of

two point source placed at different distance from a parallel-hole

collimator. d is the source-to-collimator distance, I the length of the
holes, t the septal thickness and / the diameter of the holes.
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FIGURE 3.5 — Collimator (A) and System (B) Full width at Half max-

imum (FWHM) as a functions of source to collimator distance for

low-energy high-resolution (LEHR) and medium-energy general-

purpose (MEGP) collimators. Parameters of each collimator are listed
in Table 3.1.
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LEHR MEGP
Radionuclide 99mTe 77Lu
Hole shape Hexagonal =~ Hexagonal
Hole length 24.05 mm 40.64 mm
Septal Thickness 0.16 mm 1.14 mm
Hole Diameters across the flats 1.11 mm 2.94 mm
Collimator Resolution (FWHM) at 10 cm 59 mm 10.5 mm
Efficiency 1.18 x 107% 2.02 x 1074

TABLE 3.1 — Geometric specification of the Low Energy High Resolu-

tion (LEHR) and Medium Energy General Purpose (MEGP) collima-

tors available with the Siemens Intevo Bold SPECT/CT system and

their corresponding collimator resolution and efficiency derived from
Equations (3.2) and (3.3)
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As shown in one dimension in Figure 3.4, the collimator-induced PSF can be
modeled by a Gaussian function. When the collimator and detector are planar, the
2D PSF can be expressed as a function of the distance d:

1 R
PSFni(x,y,d) = ——5——e *%on'® 34
CO]].l('x y ) 271(730111(61)6 ( )
where 0. (d) is related to the FWHM with the relation:
FWHM_ ;i (d)
Oooi(d)) = — 3.5
colh( )) 2\/2 In 2 ( )

System resolution

The combination of intrinsic resolution and collimator response defines the
system resolution FWHMgys. Since the convolution of two Gaussian functions with
variance (712 and 022 is also a Gaussian function with variance 012 + 022, the system
resolution at distance b from the detector is given by the Equation (3.6):

FWHMuys (d) = / FWHMZ, + FWHM gy (d )2 (36)

It can be seen from Figure 3.5b that, at common source-to-collimator distances
(between 5cm and 30cm), the system resolution FWHMgys (b) can be considered
a linear function, since the intrinsic resolution is typically much lower than the
collimator resolution.

With a one-dimensional detector and a two dimensional object f, the full detec-
tion model is the attenuated and blurred Radon transform expressed in [11] and
[179]. With the same notations as in Section 1.2.3, the attenuated and blurred Radon
transform in SPECT reads as follows, Vr € R, 0 € [0,27] :

Py,h(flg) = fiTﬁZZU((S)py(R sind +rcosd,0 +0)dd

where w(6) = h(Rtand, R) 67

where, p,, is the attenuated Radon transform, given in Equation (1.30), R is
the detector-to-isocenter distance and » +— h(r, d) is the system’s PSF at distance
d. The idea behind this formula is that the L (7, 6 ) (see Equation (1.4)) is not the
only line integral contributing to the pixel p,, 5 (7, 0), but instead, all line integrals
L(Rsind 4 rcosd, 0 + J) do (at least for small values of the angle ¢), weighted
by w (¢ ), depending on the PSE A complete proof is given in [179].

3.1.3 Experimental PSF determination

In this section we describe some experiments and simulations we performed in
order to determine intrinsic and collimator resolutions for a LEHR collimator with
99mTe and for a MEGP collimator with !77Lu source. In the following, we only
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considered the simple Gaussian and symmetric PSF model from [37] described by
Equations (3.2) and (3.4).

LEHR collimator with ?°™Tc source

SPECT measurements with the Symbia Intevo Bold SPECT/CT scanner were
performed with two detector heads with Nal crystal, a LEHR collimator, a 256 x
256 detection matrix with 2.3976 x 2.3976 mm? size and a photopeak energy
window centered around 140.5 keV (+/- 15%). A **™Tc point-like source of 1.63 MBq
was placed at the center of the imaging bed. The acquisition was performed in air.
Several planar acquisitions were conducted with varying source-to-detector distances
(5,10, 15, 25, 30 cm). For each 2D projection, horizontal and vertical FWHM were
calculated by fitting the summed profiles in each direction with a Gaussian function.
The resulting standard deviation of the fitted Gaussian was used to compute the
FWHM with Equation (3.5), as shown in Figure 3.7. Values of the FWHM at different
distances of the point source were used to fit a linear function with the least square
method, leading to the following result :

FWHMeyperimenta (4) = 0.043d + 3.527 (3.8)

Monte Carlo (MC) simulations of the same experimental settings, source and
SPECT system were also performed with the GATE Software [206]. Details of the
Symbia Intevo Bold SPECT/CT scanner model validation can be found in [26].
Similar FWHM measurements lead to the following fitted linear function :

FWHMgarg(d) = 0.041d + 2.993 (39)

Using the so-called Zeng forward-projector implemented in the RTK Software
[185], we also performed analytical simulations of a voxelized point source in air,
placed at different distances from the detector’s front. This forward-projection
operator was applied with depth-dependent PSF modeling, whose parameters were
set to the ones derived from our measurements (Equation (3.8)).

Finally, since the geometrical dimensions of the LEHR collimator are known (see
Table 3.1), the analytical geometric response was derived from Equation (3.2). More-
over, the specifications from the manufacturer included the intrinsic resolution of
the detector for a ?*™Tc source (FWHMinginsic = 3.9mm), leading to the following
equation for FWHManaiyticar®

FWHM praytical(4) = 1/3.92 + (0.048d + 1.11)? (3.10)

Projections obtained at 10 and 30 cm are shown in Figure 3.6a and the corre-
sponding horizontal profiles in Figure 3.6b and 3.6¢c. Projections obtained at the same
distance look very similar, showing good agreement between simulations (Monte
Carlo and analytical) and experimental point source measurements. Moreover, all
curves fit very well with the assumed Gaussian shape. A small mismatch can
however be observed between the tails of the profile obtained experimentally and
the other curves (including its gaussian fit). A more complex model taking more
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specifically into account collimator scatter and septal penetration (like in [40]) would
be required to model the tails of the PSE

FWHM values as functions of the source-to-detector distance can be compared
in Figure 3.7. All curve show good agreement with experimentally derived FWHM
values, specially regarding their slope. A small systematic mismatch can be observed:
both Monte Carlo and analytical FWHMSs were 1.5mm lower than the measured
resolution.
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(A) Projections obtained with a point source placed at 10cm/30cm from the detector with experimental
measures (a)/(d), a Monte Carlo simulation (b)/(e) and analytical forward-projection with RTK (c)/(f).
All projections were scaled to have the same maximal value for visual comparison.
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(B) Horizontal profiles of projections (a), (b) and (c) obtained at a 10cm distance and the corresponding
fitted Gaussian functions. All profiles were centered to allow visual comparison.
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(C) Horizontal profiles of projections (d), (e) and (f) obtained at a 30cm distance and the corresponding
fitted Gaussian functions. All profiles were centered to allow visual comparison.

FIGURE 3.6 — Comparison of experimental, Monte Carlo simulations

and analytically forward-projected *°™Tc point source with LEHR

collimator at distance 10cm and 30cm and corresponding profiles and
titted Gaussian functions.
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FIGURE 3.7 — Full width at half maximum (FWHM) versus source-to-
detector distance obtained from experimental measures, Monte Carlo

simulations and analytically forward-projected **™Tc point source
with LEHR collimator.
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FIGURE 3.8 — Full width at half maximum (FWHM) versus source-to-
detector distance obtained from Monte Carlo simulations and from
analytically forward-projected 177 Lu point source with MEGP colli-
mator. The analytical derivation of the FWHM from Equation (3.12).

MEGP collimator with 177 Lu source

The exact same GATE Monte Carlo simulation was performed for the MEGP
collimator (see Table 3.1) and a point 17711 source. With these simulated data, the
following coefficients were found for PSF modeling:

FWHMcgare(d) = 0.071d + 3.704 (3.11)
The parameters from Equation (3.11) were used to analytically forward-project a
point source with RTK.

Finally, the intrinsic resolution for a 208keV source was derived from the intrinsic
resolution given by the manufacturer for a 140keV source, since we know that it
is proportional to \/LE This lead to FWHMipginsic = 3.2 mm. Combined with
analytical derivation from geometrical properties of the MEGP collimator (see Equa-
tion (3.2) and Table 3.1), we found the following analytical expression for the system
resolution :

FWHMppalytical(d) = \/3.22+ (0.076d + 2.94)2 (3.12)

Results for the measured FWHM in both cases can be found in Figure 3.8.
Unfortunately, experimental data with 177 Lu point source were not available with
1771 u source and MEGP collimator.
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3.14 Conclusion

Partial Volume Effects are likely the most significant factor affecting SPECT
image quantification, and their underlying causes are well understood. Here we
reviewed the established equations allowing the characterization of the final FWHM.
We computed and evaluated the parameters of the Gaussian models for the SPECT
system at our institution, a Siemens Symbia Intevo Bold, for two radionuclides, using
experimental data, Monte Carlo simulations (GATE), and analytical simulations
(RTK). While the GATE model is still being refined in the team, it has been deemed
sufficient for the purposes of this thesis. In the following, we are reviewing methods
to mitigate PVEs.

3.2 State-of-the-art of PVC

A large number of Partial Volume Correction (PVC) techniques were proposed
since the 70’s, with the ultimate goal of making SPECT a truly quantitative imaging
modality. Several reviews and comparisons of existing PVC methods were pro-
posed [92, 230, 231, 86, 186, 56, 180, 228, 253, 3, 194]. The most complete and cited
review on the subject was published by Erlandsson et al [56] in 2012. In this section,
we propose to summarize the main PVC methods proposed in the literature.

In this Section, the problem will be formulated as follows. The measured sino-
gram p is used to reconstruct the 3D SPECT image v, whose relation to the true
object activity x is described by:

y=N(h®x) (3.13)

where £ is the 3D-PSF of the system, ® denotes the 3D convolution operator
and N describes the noise process. Usually, the noise distribution is considered
either Gaussian or Poisson. The PVC task can be assimilated to a deconvolution
task, where the ultimate goal is to recover the true activity x from the measured one
y. Usually, the PSF £ is assumed to be known. Alternatively, the PVC task can be
performed by taking the measured sinogram p as input and trying to estimate x
during the reconstruction.

The difficulty to solve this inverse problem comes from its ill-posedness [28],
meaning that it doesn’t have a unique solution and/or the solution is not stable with
respect to the measurement y. To solve this issue, all PVC methods have to include
either a better model description or additional information.

3.21 Deconvolution methods

The first category of PVC includes all methods that just rely on the PSF knowl-
edge to deconvolve the reconstructed image affected by PVEs. This deconvolution
can be performed during or after tomographic reconstruction.

3211 Resolution Modeling (RM)

Resolution Modeling (RM), which consists in including the depth-dependent
PSF into the system matrix used for forward and back-projections in the MLEM
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algorithm [235, 67, 263, 261, 94, 177], was already described in Section 1.2.4. RM
was proven to be useful in improving the quantitative accuracy of SPECT images
[177, 180, 85]. However, as mentioned earlier and illustrated in Figure 3.1, the main
drawbacks of RM are its insufficiency to reduce PVEs and the noise amplification
and Gibbs artifacts it gives rise to [56, 180, 161], especially as the number of iteration
increases. For these reasons, it is generally not even considered a PVC method
because of its insufficiency [56] to reduce PVEs.

One way to improve the method is to increase the realism of the PSF used during
reconstruction. Indeed, the PSF model and resolution definition in Equations (3.2)
and (3.4) rely on four hypothesis: 1) the PSF is assumed to be Gaussian 2) with a
FWHM linearly increasing with source-to-detector distance 3) the resolution is the
same in vertical and horizontal axis and 4) the detector response only depends on
geometrical and physical properties of the detector. More realistic PSF models that
do not rely on these hypotheses were used by [234, 12, 71, 70, 13], as well as object
dependant optimized PSFs [21]. Moreover, with high energy isotopes such as 131],
septal penetration and collimator scatter are no longer negligible and can lead to
"star-shaped" tails in the detector response, which may need to be modeled in the
PSF [40].

Another strategy is to use a sub-optimal PSF during RM or post-reconstruction
smoothing [161] to reduce Gibbs artifacts at the cost of poorer resolution. Finally,
during [104] or post-reconstruction [260] regularization can also help to reduce
ringing artifacts.

3212 Restoration or Inverse Filtering

From Equation (3.13), a very tempting operation is to neglect the noise process
and apply a Fourier transform (F') to both sides of the equation, and estimating
x by applying the inverse Fourier transform (F ~!), which leads to the following
Equation :

iF=F"1 (%) (3.14)

However, this method to estimate x is never used in practice because F (1)
rapidly vanishes in the frequency domain, meaning that even a very small amount
of noise in the measured image iy would be highly amplified in the estimated %. The
idea of restoration filtering is to apply a low-pass filter before the inverse Fourier
transform is applied in Equation (3.14). The Wiener filter deconvolution follows this
idea:

=

_ -1 | F(h)[>  Fy)
- F (\f(h)!2+s1\r%f(h)> (3.15)

where SNR is the Signal-to-Noise ratio, defined as the ratio between the object
power spectrum and the noise power spectrum. The Metz filter was also proposed
to restore signal [111]. Both method showed good results to improve image quality
[111, 112, 154].

However, as pointed out in [236] and [143], the choice of the appropriate filter,
as well as the associated parameters such as cut-off frequencies, have to be made



3.2. State-of-the-art of PVC 71

considering the type of task, noise level and object that is imaged, which is a time-
consuming optimization task. This is because the optimal restoration filtering is
always a trade-off between noise and resolution. In that regard, [114] concluded that
even if restoration filtering is faster, RM leads to a better noise/resolution trade-off.
Finally, exact knowledge of neither the PSF /i (which is usually simplified by a
spatially invariant Gaussian) nor the SNR (estimated from a priori knowledge) is
achievable in practice.

3.21.3 Iterative Deconvolution methods

Well known iterative deconvolution methods, such as the Richardson-Lucy (RL)
[184, 142] or the reblurred Van Cittert (RVC) [41, 16] algorithms were adapted and
used for PET and SPECT image resolution enhancement. As an example, the RL
algorithm, assuming a Poisson noise model, can be described as follows [16, 230,
228]:

5 . Yy
= h 3.16
X1 xk(®h®5ck> (3.16)

where % is the corrected image after k iterations, initialized with o = y. Like
RM, both RL and RVC suffer from noise amplification while the number of iteration
increases. Thus, a regularization is needed, for example with Total Variation (TV)
[230], again at the cost of poorer resolution.

3.2.2 Anatomical Methods

While PET and SPECT images only provide functional and metabolic infor-
mation, their quantitative accuracy can be enhanced by incorporating anatomical
information obtained from a co-registered CT or MRL Since these anatomical images
usually have a much better spatial resolution, ROIs can be segmented directly from
them. Assuming the activity to be homogeneous in each anatomical region, regional
masks can then be used to correct PVEs. In this section, all methods make use of
segmented regional masks (R;);—1. p, where M is the number of ROIs.

3221 Resolution Recovery (RR) or Recovery Coefficient (RC) methods

The very first PVC method was proposed in 1979 by [87] and consists in using
precomputed RC (see Equation (3.1)) for different object shapes and sizes. Then,
X R;, the corrected the mean activity in region R;, is estimated by dividing the mean
activity in region R; by the corresponding RC;:

_ Mean measured activity in region R;

XR; = RCi (3.17)

Even tough this correction method is quite straightforward, the methodology
to compute RC values is not. When the PSF # is known, RC; can be computed
analytically, considering that y g, the mean measured activity in region R;, can be
written:
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YR, = ﬁf&y(t)dt = ﬁf& Jr, x () h(t, t")dt' dt

R 3.18
SR [, Jr, h(E ) at (3.18)
Ri 1 i

Q

Then, RC; := ﬁ fRi fRi h(t,t')dt'dt.

However, in practice, RC are most often determined experimentally with sphere
phantoms [250, 50]. The RC curve is fitted as a function of object size or volume
and used to correct PVEs in any other shaped object. However, the amount of
PVEs depends on plenty of other parameters and so do RCs. As shown by [259]
on simulated spheres, RC values depend on various acquisition and reconstruction
parameters, such as TBR, sphere size and position, reconstruction voxel size and
number of OSEM updates. In this study, higher RC values were obtained for bigger
sphere diameters, smaller reconstruction voxel size, higher TBR, higher number of
updates and higher off-center positions (specially for low number of updates).

Thus, in order to increase the realism of experimentally derived RC, an increasing
number of studies estimate PVEs on organ-shaped phantoms [233, 65, 77, 194]. All
these studies show that RCs obtained on spherical shapes cannot be applied to
correct more complex organ-like shapes, such as kidneys.

As suggested by [4] and [158], and applied by [77] and [194], RC parametrization
by the Surface Area-to-Volume ratio of the object to quantify results in a more robust
RC-based correction when applied to objects with various shapes.

One last uncertainty related to RC-based correction is that there is no consensus
on the method to employ to delineate the ROI used both to compute RC; and
the region R; in Equation (3.17). For RC calculation on sphere inserts, some use
CT-based contours of the inserts, some other reduce these contours by a small
margin while some method apply a thresholding method on the SPECT image
directly. In [244], authors showed that the thresholded-SPECT method was leading
to significantly higher RC values than CI-based. ROI delineation is still an open
question that is particularly an issue for tumour delineation since small lesions are
often not visible on CT images. Lesion delineation is one of the weaknesses of all the
anatomy-based methods presented in this section because PVEs affect both object
volumes and image intensities, while ROI delineation is performed before PVC.

RC-based PVC is currently the most used PVC method in clinical routine and
the most recommended one [50, 138]. However, it should be used with caution
for objects with non-spherical shapes and complex shapes and RCs should be
recomputed whenever an acquisition or reconstruction parameter is changed.

3.2.2.2 Post-reconstruction methods
Geometric Transfer Matrix (GTM)

In the RC-method, only spill-out is corrected in each region, without considering
any spill-in coming from background or from an adjacent hot region. In the Geo-
metric Transfer Matrix (GTM) method, all spill-over possibilities are considered in
the correction. The method was proposed by [84, 191]. In this method, contribution
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of other regions in region R; are taken into account by adapting Equation (3.18) as
follows:

Yr; = E] 1xR]f it fR fR ")dtdt!
~—= Y = AX (3.19)
== X = A-ly
where M is the number of segmented ROIs in the object, X is the M-dimensional
Vector of estimated true mean activity in region R; defined by X; = g, =
Toar d Jr x R, t)dt. Aisa M x M matrixand Y is a M-dimensional vector deflned

forall i, j < M,by:

{ = o 1 fR Jr, B(t, ) dtdt!
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Yi =Yg, = Tx, At dt Jr, v R; 20

Coefficient A; ; of matrix A can be understood as the spill-over contribution

of region R; to region R;, ie. as the matrix of cross-talk factors [56, 194]. Y is the

vector of uncorrected mean values in each region. As mentioned in [117], the matrix

inversion in Equation (3.19) can be performed with Singular Value Decomposition
of matrix A.

Labbé

The Labbé method [116, 117] is very similar to the GTM method, except that
coefficients A; ; and Y; are not computed over the exact regions R; and R; like in
Equation (3.20) but on regions convolved with the PSF h:

A”:ﬁf[fkh(t HfR h(t,t") dt”}d
YiZyRiZﬁf[fR yat'| at

As demonstrated by [194], this slight modification of the GTM method leads to a
more robust correction.

However, the main drawback of both GTM and Labbé methods is that they are
region-based method, assuming uniform activity in each region and do not output a
voxelized corrected image but a piece-wise constant image, which is not very likely
to correspond to the true activity distribution in the patient.

(321)

Multi-target Correction (MTC)

The Multi-target Correction (MTC) method [60] is an extension of the Miiller-
Gértner method [159]. It is a voxel-based correction technique correcting the voxels of
each region sequentially and independently. To be applied, the MTC requires a first
estimation of mean corrected region values, stored in the vector ¢ = (c1, ...cum).
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Voxelsinregion R; are corrected by considering other regions R ; as already corrected
and constant (with value c;). For each voxel ¢ of the image:

M _ . ! !
y(t) Zz#] Ci leh(t,t )dt
]g:1 ] ijh(t,t’)dt’
1 r is the indicator function of region R, i.e.:
1 teR
Ir(t) = 323
r(t) {0 ' ¢ R (3.23)

The vector (c1, ...cp) can be computed by taking the mean regional values
in the uncorrected image y, but a pre-calculation using GTM or Labbé methods is
often preferred.

A more recent version of this method was proposed by [57] and described in
[198], without any need of a prior estimation of mean region values ¢, but can be
applied only to a single target VOL. This method is designed as the Single Target
Correction (STC) method.

Region-Based Voxel-wise correction (RBV)

The Region-Based Voxel-wise (RBV) correction was proposed by [229] as an
extention of the Yang [257] method. Once again, a first estimation of mean corrected
region values (the vector ¢ = (c1, ...c)) is required. These regional values are
used to create a piece-wise constant image, with value c; in region R;: s(t) =
M. ¢;1g,(t). The corrected image is then given by:

. s(t
&(t) :y(t)w (3.24)
Here again, the initial vector c is usually obtained from GTM or Labbé methods.

Iterative Yang (iYang)

The iterative Yang (iYang) algorithm is essentially an iterative version of the RBV
method, where for all k > 0:

' M X (1) dt
se(t) = ) ﬂRiu)/Rf ;
=1 /Ridt (325)
(t)

Xp1(t) = y(ﬂm

\

with %( usually initialized with %o (t) = y(t). At each iteration k, sy is a
piece-wise constant image where the value in each region R; is the mean of the
current estimate x; computed over R;. Usually, the algorithm converges after less
than 10 iterations [228].
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Discussion

GTM, Labbé, MTC, RBV and iYang are the most popular PVC methods both
in PET and SPECT and were often compared to each other [229, 56, 15, 228, 194].
All these methods are implemented in the "PETPVC" open-source toolbox [228], in
addition to RL and RVC deconvolution methods. Importantly, as described and
implemented in [228], several PVC methods can be combined with each other by
first choosing a region-based method (GTM or Labbé), then applying a voxel-based
anatomical method (MTC, RVB or iYang) followed by a deconvolution method (RL
or RVC) with the appropriate PSE The MTC method can also be applied iteratively,
as proposed by [134].

The main drawback of these methods is that they rely on a ROI segmentation.
Besides the laboriousness of the segmentation task, this step represents a source of
errors in the PVC. In case region masks are obtained from the CT, the correction is
prone to registration mismatches [194]. Moreover, a new segmentation needs to be
performed for each SPECT acquisition since the volume of ROIs can evolve during
treatment [108]. In case a region mask is obtained from the uncorrected SPECT
image, for lesions for example, there is no reference for the delineation method (see
Section 3.2.2.1). Moreovet, its contours cannot be delineated precisely, otherwise no
PVC would be needed.

The assumption of uniformity within a ROI is also questionable. To address
this issue, [56] proposed to replace the piece-wise constant image sy of the iYang
algorithm (see Equation (3.26)) by a fitted hyper-plan in each region, for each iteration.
Thinner segmentations within an organ can also be needed when the uptake is
expected to be different in different parts of the ROI, for example with renal cortex
and medullary compartments [233].

Very often, the PSF used in post-reconstruction methods is assumed to be sta-
tionary for simplicity. This hypothesis is relatively true in PET but not in SPECT
where the resolution depends on the object activity, attenuation and position [133,
259, 74, 127]. In every presented PVC method, a depth-dependent PSF % can be
modeled. Instead of modeling the resolution loss process by a 3D convolution, a
more realistic strategy, developed by [43], is to forward-project and reconstruct the
ROI-based templates. This way, the non-linear characteristics of the tomographic
reconstruction algorithm are taken into account in the correction.

3.2.2.3 Reconstruction-based methods

Projection-based

A correction method similar to iYang was also proposed to be applied iteratively
in the projection domain either with FBP [58] or with OSEM [59]. For the OSEM
algorithm, the projection-based correction reads as follows:

xi(t)dt'
si(t) = DM 1, (0
3 (s5) l (3.26)
Srm (5k )1
Xk+1 = ka% ( ED) )

Cr =
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where p is the set of measured projections, § and §rv respectively denote
forward-projection without and with Resolution Modeling (RM), while B represents
the back-projection operator without RM.

Perturbation-based

PVC methods presented in Section 3.2.2.2 generally assume a position-invariant
PSE while this assumption is generally not true in SPECT. Ideally, a PSF specific to
the imaged object and reconstruction settings should be used in these PVC methods.
The perturbation-based method was proposed by [225] to achieve this by adding a
noise-free projection of a point source to the acquired projection data. The PSF at the
location of the point source is then obtained by taking the difference between the
image reconstructed from the perturbed sinogram and the one reconstructed from
the acquired sinogram. This method was applied in [216, 20, 178] for more realistic
template generation. This method can also be used to model the PSF in the GTM
method [54] (p-GTM method) or in the STC method [74].

Regularization-based

As mentioned in Section 1.2.3.2, a regularization can be incorporated in iterative
reconstruction algorithms such as MELM. When this regularization makes use of a
high resolution anatomical image modality (CT or MRI) to constrain the emission
image to be homogeneous inside anatomical regions, this regularization can be
considered as a PVC technique. Many studies have explored the integration of
anatomical information for regularization in PET and SPECT [62, 22, 39, 46, 14]. For
example, the Bowsher prior [22] encourages similarity between neighbouring voxels
if their CT intensities are close. The advantage of this method is that it does not need
the anatomical image (MR or CT) to be segmented into VOIs, but the output image
tends to over-smoothed.

In SPECT, an edge-preserving strategy was proposed in [49] by including a
regularization term of the form:

R(x) = BLiTjen, wij(xi—x;)?
wi,]' = 11f\l,—l]\§01otherW15e0

where B is the strength of the regularization, J/; is the set of neighbour voxels of
voxel i, w; ; is the weighting parameter, the image (/;); is the label image obtained
by down-sampling the ROI-segmented CT image to the SPECT resolution. Com-
pared to Bowsher’s prior, this method requires the CT to be previously segmented
into VOIs. With this approach, the estimated activity distribution in each VOI is
smoothed while edges are preserved.

In [147], authors exploit the better resolution of a previously acquired ®® Ga-PET
image to enhance the resolution of 17 Lu-SPECT images.

However, the main issue with regularization methods using an external modality
(whether it is PET, MR or CT) to enhance SPECT images is that they assume some
kind of similarity between images that inherently carry different information about
the patient. For example, some lesions may be invisible on CT images while having

(327)
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significant uptake in the SPECT image. The assumed uniformity inside a CI-derived
VOI might also erroneously smooth the activity distribution inside this region.

3.2.3 Deep Learning methods

Artificial Intelligence, and Deep Learning in particular, has emerged during
the last decade as a new way to solve very different tasks such as speech-to-text
transcription, image inpainting, drug discovery, chess playing or face recognition.
The main reason of the big interest given to deep learning algorithms comes from
their complete new paradigm: while a classical algorithm is generally based on
the knowledge of the task to solve and on pre-defined rules, Al algorithms are
data-driven, i.e. are previously trained on a large dataset before being applied to
new unseen data. If we take the example of chess playing, a classical algorithm like
minimax calculates the best move over all possibilities until a certain depth. A data-
driven approach would use knowledge of many other chess games to determine the
one leading to the best winning probabilities.

More formally, designing a deep learning model trained in a supervised setting
requires:

— To have a training database Diraining = { (%, yi),i < N} containing N
pairs of inputs (x; € X)and targets (y; € V). In the context of face detection
in natural images, the training dataset should contain various images with
faces and the location of each face in each image.

— A neural network architecture /1y which is nothing more than a function
he : X — Y depending on its parameters 6 sometimes called weights.
The "deep" qualifier of deep learning methods, refers to the large number of
parameters contained in 6, ranging from a few thousands to several billions.

— Aloss function £ defining a distance between elements of V.

Once these elements are defined, the training process consists in finding the
optimal set of parameters 6 such that £(y, hz(x)) is minimal for all (x,y) €
Diraining- Usually, this optimization problem is solved by initializing 6 with random
weights and by applying the following steps for all pairs (x, ) € Dhraining’

1. compute theloss L := L(y, hz(x)).

2. compute V3L, the gradient of the loss function with respect to the weights 0
thanks to the chain rule (this is the backpropagation).

3. update 6 with a gradient descend algorithm.

One of the most widely used algorithm to optimize and update the weights
8, is the Adam optimizer [113], which is a stochastic gradient descent algorithm
with gradient momentum and adaptive learning rate (depending on the gradient
magnitude). In practice, updating 6 only once per data of the training dataset is
never sufficient, this is why it is performed several times. One epoch corresponds to
all training data having been through the network/loss/backpropagation. During
each epoch, one iteration corresponds to one  update. A 6 update can be performed
once for a batch of samples (x, y ), the gradient loss being average over the batch.
Weights of the network are then updated N/B times per epoch, B being the batch
size.
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The strength of the gradient descent update at every iteration is controlled by an
hyper-parameter called the learning rate, generally smaller than 10 ~2 and decreased
as the number of epochs grows.

During training, the ability of the network to generalize on data on which it was
not directly optimized is tracked on a validation dataset. The resulting error on this
validation dataset and its evolution while the number of epoch increases indicates
if training converges or if the model is over-fitting (i.e. the features and noise of the
training dataset were learned so closely that the network is not able to generalize to
unseen data).

The challenge of training a deep learning model often arises from the high
number of hyper-parameters to tune (model architecture, learning rate, batch size,
normalization steps, training loss...). These hyper-parameters are typically chosen to
minimize the validation error. However, even though the chosen network has never
directly "learned" from this validation dataset, the hyper-parameters were chosen to
optimize the performances of the network on this particular dataset. Therefore, it is
highly recommended to use a third dataset for final evaluation: the test dataset.

A large choice of architectures is possible for /g, from Multi-Layer Perceptrons
(MLP) proposed in 1958 [190] to more recent convolutional neural networks (CNIN),
including U-Nets [189], Res-Nets [83] or Transformers [163]. Figure 3.9 illustrates
several popular deep learning architectures. The U-net architecture consists of several
encoding layers made of successive convolutional layers in combination with pooling
layers, non-linear activation function and normalization layers, which reduce the
spatial information and increase the number of features. Similarly, encoding layers
are followed by decoding layers, progressively retrieving the initial spatial dimensions
while the number of features reduces. The U-net architecture is also characterized
by the inclusion of skip-connections between encoding and decoding layers, allowing
the network to propagate high resolution information though the entire network.
U-nets are particularly suited for medical image analysis because of their ability to
capture relevant features.

The choice of the appropriate loss function is also critical, since it is the metric
that is optimized by the gradient descent algorithm. It has to be chosen carefully to
match the task to be resolved. In medical imaging, popular loss functions include
Mean Squared Error (pixel-wise L, norm between output and ground truth), Mean
Absolute Error (pixel-wise L1 norm), structural similarity (SSIM loss), perceptual
loss (L2 norm between output features of a pre-trained network such as VGG [103])
or task-specific loss (such as Dice for image segmentation). However, structural
losses such as SSIM and perceptual loss are more suited for natural images than
medical images. The L, norm has the advantage of strongly penalizing outliers
but tends to over-smooth the output. The L loss function promotes sparsity in
the output, which enables the network to recover sharp edges and enhance image
resolution.

3.23.1 Deep Learning in Nuclear Medicine

With the success of Deep Learning in many fields, medical imaging has naturally
become a major application domain of such methods. Main applications of Al
for medical imaging are image segmentation [96] and automatic disease (or lesion)
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detection, whether it is on CT, MRI, PET or SPECT images. Many recent reviews
have enumerated and discussed deep learning applications for PET and SPECT
imaging [164, 246, 5, 135, 210, 167, 9, 101]. Main applications of deep learning for
SPECT include:

— image reconstruction [246, 38, 209, 211, 129, 132]

— denoising [183, 136, 168]

— scatter correction [254, 110]

— attenuation correction [214]

— intermediate view generation [193, 125]

— super-resolution [36]

— partial volume correction [255, 124]

— simulation [199, 202, 197]

— dosimetry [130]
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3.23.2 Deep Learning for PVC in PET/SPECT

Very few works specifically focus of PVC for SPECT but several approaches that
try to enhance SPECT or PET images resolution can be considered as PVC methods.
In this section, we enumerate some works and approaches proposed in the literature
to enhance SPECT or PET image resolution or to mitigate PVEs with deep learning.

Learned Direct reconstruction

The first type of approach is referred to as learned direct reconstruction. In [38], [209]
and [211], authors trained a convolutional neural network to map raw SPECT
sinograms to target activity distributions. Since the training dataset was obtained
from simulations and that target activity distributions were the true activity maps
thus unaffected by PVEs, this method can be considered as both as a reconstruction
and PVC method. However, all of these methods were trained on 2D images.

Learned Regularizer

An other approach, investigated by [256, 129, 132] is to apply a trained regularizer to
reduce RM-induced artefacts. For example in [132], authors opted for an unrolled-
OSEM approach by training a neural network to denoise the reconstruction update
at each iteration (using also the segmented CT information), whose output is used for
regularization. This work showed good noise and error reduction property but de-
pended on some hyper-parameters and on the quality of the CT-based segmentation
used.

Super-Resolution

Super-resolution methods consist in inferring the over-sampled sinogram for the
input raw sinogram in order to recover smaller object structures and more accurate
activity. Deep learning based super-resolution was explored by [88, 66] to enhance
image quality of PET images by converting low resolution sinograms (obtained with
large crystal) into high resolution sinograms (with smaller pixel detector size). In
[88], for better generalization properties, authors used a transfer learning approach:
their "deep residual sinogram super-resolution network" was first trained on a large
analytically simulated data, then on a smaller Monte Carlo simulated database, and
finally on few pre-clinical data with ground truth obtained by down-sampling the
acquired sinograms. The super-resolution framework was also explored by [36] for
SPECT sinograms interpolation from 128 x 64 to 128 x 128 pixels.

Blind Deconvolution

Blind deconvolution methods were also explored, specially in PET. These methods
try to revert the effect of the PSE without a priori knowledge on the PSF parameters.
This approach was followed by [128] in the case of intra-operative TOF-PET imaging.
A ftirst training stages consisted in training two networks: one for object-specific PSF
estimation and the other one for TOF backprojection image correction. At inference
time, a second training stage was performed only with a consistency loss ensuring
that the estimated PSF convolved with the output of the image correction-network is
close to the input image. Their method showed good ability to recover small spheres
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but was only evaluated on simulated data. In [195], authors trained a deep learning
model both for super-resolution and blind deconvolution for PSMA-PET.

Post-reconstruction correction

The most natural and popular approach remains post-reconstruction methods. For
example [42] trained a 3D-CNN to reduce RM-induced artefacts and enhance res-
olution after reconstruction. In [232], authors used a 3D-CNN specifically trained
to enhance tumour quantification in PET. Cropped PET images around tumours
are used as inputs of the network. Results show good generalization properties to
various PSF but were only evaluated on simulated data. In 1771,u-SPECT, [126, 124]
trained a 3D U-net to correct images reconstructed with RM. These methods have in
common that even tough they used real patients anatomy (MRI or CT images) in
their training dataset, their ground truth activity maps were artificially generated
with random TBRs, lesion shapes and locations. These activity maps were given
as input of an analytical simulation software that imitated the image (and PVEs)
formation process. The main benefit from these deep learning methods trained
on synthetic data is that superior performance compared to other state-of-the art
methods can be achieved, without the need of a segmentation mask at inference
time.

On the other hand, [149] for brain PET and [255] for cardiac SPECT trained their
post-reconstruction PVC networks using real patient data. In these cases, the only
available ground truth for training and evaluation was to apply another state-of-the-
art PVC —RBV for [149], iYang for [255]. The main advantage of these approaches
is that domain shift (i.e. differences in training and evaluation dataset distributions)
is minimized. Moreover, no segmentation was needed during inference, which is
a significant advantage compared to anatomy based methods used as references.
However, real patient training datasets are often limited in size, which increases the
risk of over-fitting during training. Additionally, the quality of the ground truth is
questionable due to limitations discussed in Section 3.2.2.2.

In [27, 23], authors discuss the best practices and pitfalls to avoid while develop-
ing a deep learning algorithm for Nuclear Medicine. Key points include:

— Generalizability: Domain shift, biased training datasets and over-fitting must
be avoided in order to ensure that the trained model can be applied to unseen,
new data. This is a challenge both for models trained on large synthetic
datasets and for those trained on limited real-world datasets.

— Reproducibility and transparency: Every step from data collection to training
details should be explicitly described, including data normalization, model
architecture and learning rate.

— Explainability /interpretability: deep learning models are often viewed as
"black boxes". However, in the medical context, it is essential to have at least a
basic understanding of why the model produces certain outputs. Interpretabil-
ity includes identifying which parts of the input and of the model have the
greatest impact on accuracy and robustness.
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3.3 Conclusion

To conclude, PVEs are still an unresolved issue which is important to address,
specifically in the context of radionuclide therapies in which the importance of
quantitative accuracy of the image is crucial.

Several PVCs have been proposed during the last decades, but no consensus
has been reached on the standard correction. While deconvolution-based methods
are often insufficient or lead to artifact and noise amplification, anatomy-based
methods rely on a region delineation task, impracticable in clinical routines. Current
investigations on the use of Al to reduce PVEs are still in progress through very
different approaches. In the next Chapter, we will detail and evaluate our proposed
deep-learning-based PVC method, which operates in the projection-domain, before
reconstruction.






85

Chapter 4

Contribution: PVC on SPECT
sinograms with supervised Deep
Learning, trained with synthetic data

Sommaire
41 Motivations . . . v v v v v vt e e e e e e e e e e e e e 86
42 TrainingDataset .............. ... ... . ... 88
421 Patient and activity distributions . . . . . ... ... ... 88
422 Sinograms generation . . .. ................ 89
43 Training . . . . v vttt i e e e e e 93
431 Optimization framework . ... .............. 93
432 Networks . . . ... ... ... .. e 94
433 Trainingdetails . . . . ... ... .. o o0 95
44 EvaluationDatasets . ..............00uiien... 96
441 Analytical Testdataset . . . ... .............. 96
442 CalibrationPhantom . . . . ... ... ........... 98
443 NEMAIECPhantom . ................... 98
444 Monte Carlo Simulations . .. ............... 99
445 RealPatientdata . . ..................... 100
446 Compared PVCmethods . ... .............. 100
45 Metrics . . v v v it e e e e e e e e e e e e e e e 100
46 Results . .. ... ...ttt eenneennns 101
46.1 Analytical TestDataset . . . ... .............. 101
462 CalibrationPhantom . . . ... ............... 102
463 NEMA IEC Phantom Acquisiton . . . ... ....... 104
464 Monte Carlo Simulations . . ................ 105
465 Patientdata . ................. ... .. ... 108
47 DiSCUSSION . & v v v v v v v e e et e e e e e e e e e e e 109
48 DPerspectives . . . ... . i i e e e 111

As discussed in Chapter 3, many Partial Volume Correction (PVC) methods
have been proposed, but none have reached enough consensus to be widely applied
in clinical routines. While deconvolution based methods (Section 3.2.1) are often
insufficient, enhance noise and artifacts and rely on several hyper-parameters to
be tuned, anatomy-based methods (Section 3.2.2) rely on a tedious or unavailable
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(tumours) segmentation step and an often simplified image degradation model. On
the other hand, data-driven methods such as Deep Learning models for PVC in
Emission Tomography (Section 3.2.3), especially for PET, are becoming increasingly
popular for their ability to learn to correct the PSE. However, from the various
reviews of the literature on the subject [164, 246, 5, 135, 210, 167, 9, 101], it is clear
that PVC for SPECT is still an under-investigated application of deep learning
methods. Additionally, all the proposed methods are post-reconstruction correction
methods [255, 124] while the PVEs formation process essentially appears because of
collimator-detector response (Section 3.1.2).

The objective of this Chapter is to describe, evaluate and discuss our proposed
Deep Learning-based PVC, named PVCNet-sino. The originality of the method is that
it operates in the sinogram domain before reconstruction. To counteract the lack of
ground truth data to train our deep learning method, a large analytically generated
dataset was used for training. The data generation process is described and discussed
in Section 4.2. More details on the training framework are outlined in Section 4.3.
To ensure our method generalizes well on unseen, more realistic and complex data,
PVCNet-sino is evaluated on a test dataset, a phantom acquisition, Monte Carlo
Simulations and real patient data. Evaluation dataset descriptions are provided
in Section 4.4 followed by corresponding results and discussion in Section 4.6 and
Section 4.7. Finally, ongoing and future directions for PVCNet improvement and
validation are discussed in Section 4.8. Part of this work was presented at the 17th
International Meeting on Fully 3D Image Reconstruction in Radiology and Nuclear Medicine

[107].

41 Motivations

Partial Volume Effects (PVEs) in SPECT are due to object and depth-dependent
collimator-detector response, causing blurring in the sinograms that need to be
compensated before, during, or after reconstruction. Based on the identified causes of
PVEs and the advantages and drawbacks of various PVC methods, the requirements
of any new PVC method should be the following:

1. No segmentation required at inference time: As discussed in Section 3.2.2,
PVC methods relying on a region segmentation mask are difficult to apply in
practice because of the laboriousness (and uncertainty) of the segmentation task
and the risk of SPECT /CT registration errors. Even though Al-based automatic
segmentation —like the software TotalSegmentator [248]— is becoming more
and more efficient at delineating organs on CT images, lesion segmentation
on SPECT images remains a much more difficult and unresolved task. Ideally,
the segmentation task should arise after image correction, not before.

2. The quantitative accuracy both on organs and lesions should be enhanced,
without introducing excessive noise or artifacts.

3. The method should take into account the non-linear, object- and position-
dependent nature of PVEs and generalize well to unseen new and complex
data.

Taking into account these requirements, our proposed method consists of gen-
erating a large simulated dataset for training that contains realistic inputs and
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high-quality ground truths. The main benefit of using a simulated dataset for train-
ing resides in the ability to create a much larger dataset than what is commonly
achievable with real-world data, both in terms of dataset size and bias and quality of
ground truths. However, when using a simulated dataset for training, it is crucial to
ensure the realism and unbiasedness of the dataset. Otherwise, the model may learn
patterns that do not generalize well to real-world data, leading to reduced accuracy
and reliability.

The other particularity of our proposed method is that we propose to correct for
the collimator-detector PSF in projections directly, before reconstruction. This choice is
motivated by the fact that, as described in Section 3.1.2, PVEs are intrinsically related
to the collimator response, operating primarily in the projection domain. Correcting
PVEs on sinograms directly allows to conserve the maximal amount of information,
while post-reconstruction PVC methods use already truncated data. Moreover, it
allows to be (mostly) independent of the chosen reconstruction algorithm, provided it
does not include additional PVC method. Our proposed sinogram-based correction
will be compared with an image-domain training strategy in the next Chapter.

The overall dataset generation training and inference frameworks that we pro-
posed are described in Figure 4.1. Patient CT were used to create random activity
sources, projected into different sinograms. There sinograms were then used in the
supervised training stage to train the PVCNet-sino deep learning model. At test
and inference time, PVCNet-sino was applied to new raw projections, acquired with
the same SPECT/CT system as the one modeled in the training dataset, but with
different patient CIs and activity distributions.

TRAINING

Input sinogram: Output corrected Target sinogram:
with PVE+noise sinogram Noise-free and PVE-free

PVCNet-sino
T Weights update Training loss
| |

(backpropagation)

INFERENCE

Input raw sinogram Output Sinogram Reconstruction

PVCNet-
sino

FIGURE 4.1 — Pipeline of the proposed method. During training 3D

input noisy sinograms were used as inputs of PVCNet-sino. Weights

of the network were updated by computing the training loss between
output and target partial volume-free sinograms.
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4.2 Training Dataset

421 Patient and activity distributions

Low dose CT scans from 19 patients and one phantom were obtained from
clinical routine at the Leon Bérard cancer center (Lyon, France). CT scans were
acquired with a voltage comprised between 110kVp and 140kVp and a X-ray tube
current between 15mAs and 160mAs, depending on the scanned region. Half
of the patient’s scans were centered around their chest, while the other half was
centered around their pelvis. CT images contained 512 x 512 x N, voxels of size
0.9765mm x 0.9765mm x v,mm, where N, varied between 193 and 401 and
v, between Imm and 2mm.

Each of these CT images was segmented —using the automatic segmentation
software TotalSegmentator [248]— into the following regions (if present in the CT):
body contour, liver, kidneys, spleen, gallbladder, stomach, pancreas, small bowel,
colon, duodenum and urinary bladder. The choice to keep these regions was made
according to the main ROIs usually considered in 17”Lu-PSMA therapy in which
physiological uptake is expected.

Then, 3D random activity maps were created with the following pipeline:

1. For each new activity map to create, a random CT scan was chosen.
2. Activity in the whole body was set to 1.

3. Each of the previously enumerated organs was selected with a probability of
0.5. If selected, a random TBR for this organ was randomly and uniformly
chosen in the ranges reported in Table 4.1 derived from the literature [48, 251].

4. A random number of lesions is chosen between 0 and 10. Each of these lesions
was an ellipsoid placed at a random position chosen inside the body and with
a random radius in each direction comprised between 4 mm and 32 mm, to
which a random rotation was applied. TBR assigned to each lesion randomly
varied between 8 and 120.

5. Each of the previously generated region mask (organs or lesions) was mul-
tiplied by a different gradient function F given by Equation (4.1) to mimic
heterogeneity.

6. The resulting random 3D activity map was scaled such that the total activity
was comprised between 200 MBq and 1 GBq and the acquisition time was 15
seconds per projection.

The heterogeneity within each region (step 5) is obtained by sampling u; ;

from a standard normal distribution and ¢; ; x uniformly between — 77 and 7r and
computing F (x, y, z) given by:

M

Ui,jk . ,
F(x,y,z) =1+ ) mcos (2m(ix +jy+kz)/p+ ¢iix)
i,jk=—M
(i,j,k) #(0,0,0)

@1)

where M is the maximal frequency and p the period of the series. M was chosen
equal to 5 in the background (body) and 8 in organs and lesions. The period p was
equal to 500 mm to cover the entire patient in each dimension. This heterogeneity
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ROI min TBR max TBR
body 1 1
kidneys 20 60
spleen 20 60
liver 6 20
urinary bladder 6 20
gallbladder 2 8
stomach 2 8
pancreas 2 8
small bowel 2 8
colon 2 8
duodenum 2 8
lesions 8 120

TABLE 4.1 - Range of Target to Background Ratios (TBR) for several
regions of interest used in the generated training database.

is illustrated in Figure 4.2. Negative voxels after multiplication by F were assigned
the value 0 and each region was normalized such that their mean value was still the
TBR chosen in step 3.

14 CTs (including the phantom) were used to generate 10,000 activity distribu-
tions for the training dataset, 2 patient CTs for the validation dataset (500 activity
distributions) and 4 other patient CTs for the test dataset (1,000 activity distributions).
Resulting activity maps — denoted I in the following— were at the same resolu-
tion (voxel size) as their corresponding CT image in order to avoid committing an
inverse crime [157, 215]. Four examples of CT images superimposed with random
synthetic activity distributions are shown in Figure 4.3.

4.2.2 Sinograms generation

Emission and detection were analytically simulated by forward-projection op-
erators implemented in the reconstruction software RTK [185]. More specifically,
we used the "Zeng" ray-tracing method which consists in rotating and resampling
the volume before summing to obtain each projection [262, 187]. This projector was
chosen for its ability to model attenuation and depth-dependent PSF blurring, as
described in [261] and Equation (1.34).

CT images were converted into attenuation maps —denoted I,i+— by converting
HU values to linear attenuation coefficients for photons of 208keV, considering only
the highest photon emission peak of 17”Lu (see Equation (1.28)).
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FIGURE 4.2 — [llustration of the heterogeneity on background (top), a
kidney (middle) and on a synthetic lesion (bottom). Units are arbitrary
at this stage.
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FIGURE 4.3 — Examples of initial real-life CT images with random
synthetic activity distributions.
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For each source/attenuation pair, several sinograms were obtained by forward-
projection, all of them obtained with a circular orbit with a radius of 280 mm, 120
projection angles, 128 x 128 pixels of size 4.7952 mm x 4.7952 mm:

— The target PyopvE sinogram was obtained by forward-projecting the activity
distribution, without any PSF modeling during the forward-projection:

P noPVE — A Isrc (4-2)

where A is the system matrix modeling the detector orbit and attenuation in
the patient.

— PVEs were modeled in the Ppyg sinogram, obtained by forward-projecting
the source with depth-dependent PSF modeling as described in [261]. We
used the PSF parameters of the Siemens Intevo Bold SPECT/CT derived by
MC simulations in Section 3.1.3 (Equation 3.11) for the MEGP collimator with
1771 u source (see Table 3.1 for collimator specifications).

Ppyg = Apsp s 4.3)

where Apgr is the system matrix modeling the detector orbit, attenuation in
the patient and convolution by the depth-dependent PSE,

— In order to simulate the detection process, Poisson noise was applied to Ppyg
to get the realistic noisy sinogram PpyE noisy:

P PVEnoisy ™ POiSSOII( P PVE) “44)

— We used Ppygnoisy to reconstruct (again with RTK) a first estimation of the
image, Irec10, with OSEM and RM (10 iteration, 8 subsets, 4.7952 mm isotropic
voxel size). Finally, this volume was forward-projected (without PSF modeling)
to obtain Prec1 fp, Which was used as an additional input. The idea behind the
use of Prec1ofp is that, as argued by [82], pre-processing on SPECT projections
for denoising can lead to information loss, specially in low-count settings and
for small or cold sources. The noisy and blurry raw sinogram Ppyg noisy may
not be sufficient to recover object shapes and activity, as shown later in the
ablation study. On the other hand, Py is @ denoised version of the raw
sinogram and contains 3D tomographic information as well as PSF knowledge
from RM during reconstruction.

— The attenuation map was also forward-projected to get Pattmap (Without PSF
modeling in the projection).

In total, for each of the 10,000 samples of the training dataset, 5 corresponding
sinograms were stored: Pnopve, PpvE, PPVEnoisy/ Preciofp and Pattmap- As a reminder,
3 images were also stored: Igy, Iatt and Irec1o. Sinograms of a training data example
are shown in Figure 4.4.

The total disk size of the 10,000 samples of the database reached 250 GB.
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HOPVE

P

rec10,fp

FIGURE 4.4 — Projections generated from the CT and synthetic activity:

1) Pnopve without Partial Volume Effect (ground truth), 2) Ppyg with

PVESs 3) Ppygnoisy with PVEs and noise, the input data, 4) Prec1o the
forward projection of the reconstructed image.

4.3 Training

4.3.1 Optimization framework

The proposed neural network architecture uses sinograms as input to correct
them from Partial Volume Effects.

First, all sinograms were padded circularly in the projection number dimension,
expanding from (120,128,128) to (128,128,128) pixels. This was done by replicating
the last four and first four projections at the beginning and end of the sinogram. The
rationale behind this padding is that although the first and last projection numbers
are spatially distant in the sinogram, they carry close information from the object
being imaged.

Since the noise-free sinogram was available for each sample, Poisson noise was
applied to Ppyg with Equation (4.4) at each iteration independently during training,
reducing the risk of over-fitting.

All input sinograms P were normalized by their maximal value (Equation 4.5)
and output sinograms P were scaled so that the total number of counts in each
projection i was the same as in the input raw sinogram (Equation 4.6).

Pnormalized — P ( 4. 5)

max(P)
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V projections 1 < 1 < 128,
1<j,k<128,

Z PPVE,noisy[i/j//k/] (4.6)

1! k/
Y Pli,j, k']

/pde—normalized[i’jl k] _ T)[i,j, k]] ,
i’k

We developed and trained two neural networks % genoising and A deplurring, Poth
having a 3-channels input of size (3,128,128,128) and a one-channel sinogram output.
hdenoismg and hdeblurring were applied successively, as described in Equation (4.7).
Since the output sinogram is not expected to be very far from the input Preciofp
sinogram, residual connections were added to learn only the difference with this
sinogram. A ReLu activation function was finally applied to force positivity of the
corrected sinogram.

The training loss Lsin, is defined in Equation (4.8) such that /genoising Was
trained with Ppyg as target and hdeblurring with PpopyE as target, both with a L1 loss

function. We denote fp-% (resp. P/no_;]g) the output of hgenoising (t€SP- Mdeblurring)-
The architectures of both networks will be described in the next section.

o _ . normalized pnormalized pnormalized normalized
Ppve = Relu <hden01smg(P PVEmoiey + Lattmap + Preclogp ) T Preclop )
n - B~ pnormalized pnormalized normalized
P noPVE — ReLu (hdeblurring ( P PVE, P attmap ’ P recl0,fp ) + P recl0,fp >
4.7)
—denormalized —— denormalized
Lsino = || Ppve — Ppve |1 + || PaoPVE — ProPVE |1 (48)

Figure 4.5 illustrates the training framework. The complete application of
normalization followed by % genoisings M deblurring and de-normalization is denoted

hpvcNet-sino for simplicity.

4.3.2 Networks

The architecture for both /1 genoising and / geblurring Was chosen to be the 3D U-net
architecture. This type of networks has been very popular during the last decade
[189], specially in medical imaging. It is appreciated for its performances, simplicity
to use and implement and interpretability. A U-net consists in two distinct parts: an
encoder and a decoder. The encoder part consists in several convolutional blocks, each
one halving spatial size of the input, for example with Max Pooling operations, and
doubling the number of feature channels. The goal of the encoder is to transform
relevant spatial information into abstract feature information. Once the lowest spatial
size is reached (the bottleneck), the decoder, which is also made of convolutions, up-
samples spatially the output of each previous block and halves the number of feature
channels to retrieve the initial spatial size and the desired number of output channels.
The particularity of the U-net is that it also contains "skip connections" which consists
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PPVE,noisy
Normalize
Pp\/g PnoPVE

P’pﬁl—> L1 loss L
De-Normalize r L1 loss
Normalize = Raenoising $]—> haebrurring =P=p» De-Normalize
(3DUnet) _ (3DUnet) .

> : _
0 PropvE
.
.

P

rec10,fp

Normalize = O0000000

.

@ Relu(- + ) )

FIGURE 4.5 —Illustration of the fipycNetsino Pipeline. PpvE noisy, Pattmap

and Preco ¢ are concatenated in the channel dimension and given as

inputs to N genoising after normalization. The output is concatenated

with Pattmap and Preciofp and given as input to M geplurring: Residual
connections are drawn in dashed lines.

in copying the output of each encoder block to the corresponding decoder block.
The goal of skip connections is to conserve relevant spatial information that may
be lost by successive pooling operations. An illustration of the U-net architecture
we used is shown in Figure 4.6. N, refers to the number of channels after the first
convolution. All convolutions were done with 3x3x3 kernels. We used dropout [224]
during training to limit over-fitting.

U-net was not the only architecture we considered. In the ablation study pre-
sented later (Sections 4.4.1.1 and 4.6.1.1), we replaced U-net architectures by CINNs
with 8 layers. The CNN architecture is illustrated in Figure 4.7.

4.3.3 Training details

Training was performed using the PyTorch library, in its 2.2.0 version. 200
epochs were performed on 4 GPUs thanks to HPC resources of GENCIHDRIS ("Jean
Zay" CNRS cluster). We used the Adam optimizer [141], an initial learning rate
of 5 x 10~ * halved every 50 epochs. Due to input size, we were only able to
consider a batch size of 1. We used the Automatic Mixed Precision (AMP) mode for
forward calls and losses evaluations, but not for backpropagation. The AMP allows to
automatically select half (float16) or single precision (float32) for simple operations,
such as convolutions, and thus reduces the computation time.
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2Ngp N, 1
K‘NE? ch

128x128x128

64x64x64

- Copy and concatenate
- Max Pool 3x3x3

m) Conv 3x3x3 + InstNorm+PRelLU
8N, 8Nch' - UpSample+Conv 3x3x3

+Dropout(0.2)
» ) =) Conv 1x1x1

I 4Ncp, 4Ny

FIGURE 4.6 — Illustration of the 3D U-net we used in PVCNet-sino.
The number of channels in the input is increased to N, after the first
layer. It contains three encoding blocks between the input layer and
the bottleneck, each doubling the number of channels and halving
the number of pixels in spatial dimensions. Each part of the decoder
halves the number of channels and double the spatial size of images.
Skip connections are added. This architecture can be adapted to have
more than three blocks in each encoder/decoder part.

32x32x32

-

16§}Ex16
¥

128x128x128

m) Conv 3x3x3 + InstNorm+RelLU

FIGURE 4.7 — Illustration of a 3D CNN used in the ablation study.

The number of channels is increased to N, after the first layer. It

contains 9 blocks made by successive 3d convolutions with 3x3x3
kernels, InstNorm and Rel.u activation function.

44 Evaluation Datasets

44.1 Analytical Test dataset

As mentioned in Section 4.2, a test dataset containing 1,000 samples was gen-
erated the same way as the training dataset but with 4 other patient CTs not used
during training.
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4411 Ablation Study

This dataset was used to perform an ablation study to assess the use-
fulness of several parts of the hpycNetsino pipeline. A single U-Net ap-

proach, denoted T genoising+deblurring Was directly trained such that Pnopve =

alized alized alized _
hdenoising+deblurring(P f}{)/%?lojs; , P Qt%?lgp © , P rlécc)lir(;}fp © ) and £sino - | ‘P noPVE —

—— denormalized

PooPVE | [1- In this setting, we trained /genoising +deblurring With 3,4 and 5
blocks U-Net architectures.

In the two networks approache described in Equation (4.7) and Figure 4.5, both
N denoising aNd M geblurring Were also trained with 3, 4 and 5 blocks in the 3D-U-Nets
architectures (Figure 4.6). We also trained /1 pycNet-sino PY replacing 3D U-Net models
by 3D CNNss (Figure 4.7).

Finally, the PVCNet-sino framework was adapted without the P4 input and
without the | | Ppyg — pr| |1 term in the loss.

All these training options and their corresponding references are summarized in
Table 4.2. Once trained, each method was evaluated on sinograms of the analytical
test dataset.

First Layer = with with Total

Method Nb of network(s) Architecture Nb of blocks Channels (Np,) Precio fp denoising loss Nb of params
1UNET-recfp-3B 1 3D U-Net 3 8 Yes N/A 392k
1UNET-recfp-4B 1 3D U-Net 4 8 Yes N/A 1.6M
1UNET-recfp-5B 1 3D U-Net 5 8 Yes N/A 64M
2CNN:-recfp-PVEloss-32ch 2 3D CNN 8 32 Yes Yes 339k
2CNN:-recfp-PVEloss-64ch 2 3D CNN 8 64 Yes Yes 1.3M
2UNET-recfp-PVEloss-3B 2 3D U-Net 3 8 Yes Yes 783k
2UNET-recfp-PVEloss-4B 2 3D U-Net 4 8 Yes Yes 32M
2UNET-recfp-PVEloss-5B 2 3D U-Net 5 8 Yes Yes 12.9M
2UNET-PVEloss-3B 2 3D U-Net 3 8 No Yes 784k
2UNET-recfp-3B 2 3D U-Net 3 8 Yes No 783k

TABLE 4.2 — All methods trained in the ablation study.

441.2 Post-reconstruction evaluation

This test dataset was also used to evaluate the performances of our method on
reconstructed images. While both the error monitoring during training and ablation
study were performed in the sinogram domain, we also used the test dataset to

assess the ability of our proposed method to correct PVC on reconstructed images.
To achieve this, the PVCNet-sino framework was first applied to all input sinograms.

Corrected sinograms were then used to reconstruct volumes with OSEM algorithm
(10 iterations, 8 subsets) and a (4.7952)% mm? voxel size, resulting in 1,000 IpyvcNet-sino
images. Since I;ec10 (OSEM with RM from raw data) was already reconstructed
during test dataset generation, it was used to compare both RM and PVCNet-sino
images to ground truth activity distributions Isc.
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442 Calibration Phantom

A first acquisition of a large uniform water cylinder filled with a 200 kBq/mL
uniform activity was performed for calibration. The Calibration Factor (CF) was
used in following experiments to convert reconstructed counts into activity concen-
tration in kBq/mL, as recommended by [140]. The CF was computed according to
Equation (1.35).

The FOV was manually delineated from a subsequent CT scan with the 3DSlicer
Software [109].

44.3 NEMA IEC Phantom

To evaluate our proposed method on real data, we performed an acquisitions of a
NEMA IEC phantom, containing 6 spheres (with 10, 13, 17, 22, 28, 37mm diameters)
filled with a 1110 kBq/mL '77Lu solution surrounded by a background activity of
83 kBq/mL.

Both phantoms acquisitions (Calibration and NEMA IEC phantoms) were per-
formed with the Siemens Symbia Intevo Bold SPECT/CT system with dual head
and Medium Energy (ME) collimators. 120 projections were acquired during 15
seconds each, with a 20% primary window centered around 208 keV and two sur-
rounding 10% scatter windows. A non-circular body-contour orbiting trajectory
was covered by detectors. Each projection contained 128 x 128 pixels with a
4.7952mm x 4.7952mm size. Scatter was corrected before reconstruction and
PVC, with the triple energy window method [162]. Images were reconstructed
with the RTK software, using the OSEM algorithm with 8 subsets and 20 iterations,
CT-based attenuation correction, no regularization, without any post-reconstruction
smoothing. Spheres and background were manually delineated from the CT image
with 3DSlicer, as illustrated in Figure 4.8.

FIGURE 4.8 — (A) Picture of the NEMA IEC Phantom before acquisi-
tion and (B) CT images of the phantom overlapped with spheres and
background delineations.
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444 Monte Carlo Simulations

A patient’s CT was used to perform a MC simulation of a realistic SPECT
acquisition with Gate [206]. The voxelized source image was defined by using an
automatic segmentation of the CT in addition to four manually added lesions. TBR
for all regions were chosen to be similar to 177 Lu-DOTATATE uptake distributions
(see Table 4.4). Patient CT and source distribution are shown on four coronal slices in
Figure 4.9. Once again, 120 projections were acquired during 15 seconds each, with
a 20% primary window centered around 208 keV and two surrounding 10% scatter
windows. In this case, a circular orbiting trajectory was used, with 280 mm radius.
Same number of pixels, pixel size, scatter correction and reconstruction algorithm as
described in Section 4.4.3 were used.

We used the Geant4 physics list “standard electromagnetic option 3” with produc-
tion cuts set to 1 mm in the patient. A neural-network Angular Response Function
(n-ARE see Section 2.2.5), trained with a model of the Siemens Symbia Intevo
Bold with MEGP collimator, was used to model the detector [199]. This Variance
Reduction Technique enabled us to reduce the simulation time by simulating only
300 MBq of total injected activity of 1”77 Lu, achieving approximately the same noise
level as a 3 GBq simulation.

(©) (D)

FIGURE 4.9 — Coronal slices of the patient CT and activity distribution
used for MC simulation of the SPECT acquisition with Gate
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445 Real Patient data

Finally, PVC methods were compared on a real patient treated with 177Lu-
DOTATATE and imaged with a SPECT/CT acquisition, performed 24 hours af-
ter a 7.4 GBq injection at the Centre Henry Becquerel of Rouen. This case was
shown for visual assessment only, as no ground truth was available to quantita-
tively evaluate our proposed method. Organs were automatically segmented by
TotalSegmentator. In order to apply iterative Young method, the five lesions con-
tours were obtained with a region growing algorithm with a threshold value of

Athreshold 1 ( Amax lesion T Amean background) as PI'OPOSGd b}’ [175]

44.6 Compared PVC methods

For each evaluation datasets, three PVC algorithms were compared. First, Irm
was reconstructed with 20 iterations of OSEM with RM, by using the same depth-
dependant PSF as the one used for the synthetic dataset generation (Equation 3.11).
This method is considered as the current state-of-the-art method and is used most
of the time [56]. Second, the iterative Yang (iY) algorithm (see Equation 3.26) was
applied to Iry during 10 iterations, to obtain I;y. iY was applied using the PETPVC
Software [228]. The 3D-PSF used to apply iY was determined with the IEC phantom
results, by fitting the three parameters of a 3D gaussian kernel k such that | | Irp —
k ® Isource | |> was minimal. We found FWHMs of 12.2 mm, 10.2 mm, 12.5 mm in
the x, y and z directions respectively (where i was the rotation axis and x — z the
transverse plane). Third, IpycNet-sino Was reconstructed with the sinogram corrected
by hpycNet-sino, 10 iterations of OSEM with 8 subsets, without RM nor regularization.
All images were reconstructed with a (4.7952 mm)?3 voxel size.

4.5 Metrics

PVC methods were compared to each other using pixel-wise metrics such as
Normalized Root Mean Squared Error (NRMSE) and Normalized Mean Absolute
Error (NMAE) defined by:

NRMSE (I, 1) = ﬁ\/zwﬁf— I;)2 4.9)

NMAE( I, I) YL e — (4.10)

2 “ref’

Region based metrics, such as Contrast-to-Noise Ratio (CNR), Recovery Coef-
ticient (RC) and Contrast Recovery Coefficient (CRC) were also considered and
defined, for region R, by:

’ TR - Tbackground ’

NRr(I) =
CNRx ( ) Std( Ibackground)

4.11)

~|

R (4.12)

RCg (I, 1) =
Irefp

=)
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TR / Tbackground —1
I refR /1 re£bac:kground -1

where I, is the mean of image I in region R and std ( Ipackground ) is the standard
deviation of image I in the background.

We also compared volume activity accuracy (VAA) values, defined by [124] as
the percentage of voxels in the volume being at lower than 5% relative difference
with the reference image, i.c.:

CRCg (I™, 1) = (4.13)

| I — ]

f
Rhel

VAA (™, 1) = #{i such that <0.05} x 100% (4.14)

#voxels

Note: we do not use Structural Similarity Index (SSIM) [247] or Feature-based
similarity index (FSIM) that are often used in publications because those metrics
were designed for natural images, not medical images and we think they are not
adapted to quantitative imaging [258].

4.6 Results

4.6.1 Analytical Test Dataset
4.6.1.1 Ablation Study

Results of the ablation study are displayed in Table 4.3. The method that obtains
the best error on the test dataset is "2UNET-recfp-PVEloss-3B", i.e. with two U-Nets
both containing 3 encoder/decoder blocks, usage of the Prec1of, as input and of
separated denoising and deblurring losses.

Method NMAE

1UNET-recfp-3B 5.13 x 1072 £1.57 x 1072
1UNET-recfp-4B 5.56 x 1072 £1.97 x 102
1UNET-recfp-5B 5.32x 1072 +£1.42 x 102
2CNN-recfp-PVEloss-32ch 6.31 x 1072 £1.22 x 102
2CNN-recfp-PVEloss-64ch 5.12 x 1072 £1.27 x 102
2UNET-recfp-PVEloss-3B 4.91 x 102 +1.41 x 102
2UNET-recfp-PVEloss4B  5.36 x 1072 £1.52 x 102
2UNET-recfp-PVEloss-5B  5.71 x 1072 4 2.32 x 102
2UNET-PVEloss-3B 5.29 x 1072+ 1.57 x 1072
2UNET-recfp-3B 493 x1072+£1.39 x 1072

TABLE 4.3 — Results of each method on the 1,000 samples test dataset
in terms of NMAE =+ standard deviation. Characteristics of each
method can be found in Table 4.2. Best method is highlighted in bold.
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4.6.1.2 Post-reconstruction evaluation

After reconstruction, mean and distributions of NRMSE and RCs on the analytical
test dataset are shown as violinplots in Figure 4.10. Figure 4.10a shows that the
mean quadratic error obtained after reconstruction with sinograms corrected with
PVCNet-sino is 8% lower than with RM. The distribution of Recovery Coefficients on
lesions shown in Figure 4.10b is also very encouraging since the mean RC obtained
with PVCNet-sino was 0.74 while only 0.45 for RM. Additionally, the RC distribution
of PVCNet-sino shows a peak around 0.92.

NRMSE RCs

3.5

3.0
1.0

2.5

0.8+ 2.04

1.59
0.6

O B T -

0.4 0.54

0.0 -

RM  PVCNet-sino RM  PVCNet-sino

(a) (B)

FIGURE 4.10 — Violinplots of (A) NRMSE (the lower, the better) and

(B) RCs (the closer to one, the better) for images reconstructed with

RM and with sinograms corrected by PVCNet-sino on the analytical

test dataset. RCs were computed on lesions only. The cross on each
plot represents the mean value.

Figure 4.11a shows the distribution of RC values as a function of the lesion
volume. Each point corresponds to a different synthetic lesion. As expected, both RM
and PVCNet-sino performances increase with the lesion volume. Solid lines represent
the moving average of the absolute error to 1 of each method (1 — |RC — 1]). This
illustrates the overall capacity of our method to increase the SPECT image accuracy
on lesions, compared to RM. A good property of PVCNet-sino on this test dataset
is that the gain regarding this absolute error is superior for small structures, as
illustrated by Figure 4.11b. This behavior is desirable since it is on small lesions that
PVEs have the highest impact. However, it is also on these smallest lesions that the
activity tended to be over-estimated by our proposed method.

4.6.2 Calibration Phantom

Reconstruction of the calibration phantom is displayed in Figure 4.12. The
resulting Calibration Factor (CF) was 1.98 x 10~ * cps/kBq/mL. This factor will
be used in all the following to convert reconstructed counts per seconds (cps) into
activity concentrations (kBq/mL).
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FIGURE 4.11 — (A) RCs on lesions as a function of their volume on

the analytical test dataset for images reconstructed with RM and

with sinograms corrected with PVCNet-sino. Each point represents

a different lesion. Solid lines represent the moving average of each

method. The ratio of these moving averages is displayed in (B) to
illustrate the gain of using PVCNet-sino over RM.

counts

FIGURE 4.12 — Result of the calibration phantom, used to convert
reconstructed counts into activity concentration with Equation (1.35)
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4.6.3 NEMA IEC Phantom Acquisition

For the NEMA IEC Phantom experiment, input and corrected sinograms are
shown in Figure 4.13 for visual comparison. Reconstructed images and RCs are
shown in Figure 4.14. As expected, the magnitude of PVEs strongly depends on
object size, specially for Iryg, which resulted in RC of 0.23/0.24/0.35/0.52/0.66/0.77
for the 10/13/17/22/28/37 mm diameter spheres respectively. Both iY and
PVCNet-sino led to better visual and quantitative results than RM, which out-
puts a blurry and noisy image. I;y demonstrated high image quality and activity
estimation, except for the smallest sphere that was highly overestimated, with RC of
1.51/0.69/0.79/1.01/1.07/1.11. PVCNet-sino was also able to reduce PVEs in most
spheres, both visually and quantitatively, with RC of 0.20/0.56/0.73/0.90/1.04/1.08.
Howevert, our proposed PVCNet-sino method was not able to do better than RM
to recover the 10mm sphere, as it is still hardly distinguishable from background.
Moreover, reconstruction artefacts between spheres are visible on PVCNet-sino and
the spherical shape of the 22 and 28mm spheres is not completely conserved. Overall,
results on the NEMA TEC Phantom show that PVCNet-sino is able to decrease PVEs
both visually and quantitatively, reaching performances close to 1Y, without the need
of any segmentation nor object-specific PSF.

In results presented in Figure 4.14, iY benefited from perfect spheres delineation
and from a post-reconstruction 3D-PSF specifically determined for this object, unlike
RM and PVCNet-sino. These two advantages are not achievable in practice, since
tumour contours are difficult to delineate on CT scans and a pre-determined object-
independent PSF is usually used to apply the iY method. To illustrate the effect
of ROI delineation on the PVC, we applied the iterative Yang method to Irm
using different masks. First, we used the perfect spheres delineation, manually
segmented on the CT image, as previously (iY image). A second mask was obtained
by thresholding the reconstructed SPECT image Iry, using a threshold value of
Athreshold = %(Amax,sphere + Amean,background) for each SPhel“ez feSUlﬁng in the
iy threshold corrected image. Finally, a third mask was created by fitting the previous
regions to spheres (Iiy.threshold-spheres IMage)-

Results of this comparison can be found in Figure 4.15. It is clear that using the
threshold-based mask resulted in degraded image quality: segmented shapes are not
spherical and are always smaller than the true spheres. This resulted in underesti-
mated activity, with RC of 0.07/0.47/0.56/0.68/0.84/0.89. The thresholding+sphere
fitting approach resulted in better activity quantification for the two biggest spheres
but failed for the smallest ones (RC of 0.26/0.27/0.40/0.70/0.97 /0.96). This can be ex-
plained because the mask used before fitting spheres contained quite distant voxels,
resulting in too large spheres. These results show the dependence of the iY method
on the mask used to delineate regions. Simply thresholding the SPECT image re-
sulted in reduced PVEs compared to RM but significantly underestimated activity
compared to iY with perfect segmentation. Introducing some a priori knowledge
about the spherical shape of ROIs improved results only for the largest ones. On the
other hand, PVCNet-sino does not need any segmentation nor a priori knowledge
on the shapes of ROIs to correct. In the following, iY will refer to the iterative Yang
method used with the perfect segmentation mask, when available, but this limitation
has to be kept in mind. This limitation also applies for all region-based methods
presented in Section 3.2.2.
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Input raw Ppy g noisy Sinogram

Input Precq0,rp Sinogram (after reconstruction+
- projection)

-

P,.opvE : sinogram corrected by Apycnet—sino
—
- =
- o
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FIGURE 4.13 - Visual comparison of the input sinogram Ppyg noisy
(after scatter correction with the Triple Energy Window method) with
the sinogram obtained after 10 iterations of OSEM (with RM) and
forward-projection, Preciop, used as input of /ipycNetsino and the

output Propyve sinogram, corrected by hpycnet-sino-

4.64 Monte Carlo Simulations

Visual comparison of a transverse and a sagittal slice of reconstructed SPECT
images of the Patient’s MC simulation are shown in Figure 4.16 and Figure 4.17.
Region-based RC and global error metrics are presented in Table 4.4 and Table 4.5
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FIGURE 4.14 - Visual comparison of three PVC methods on the

NEMA IEC Phantom acquired with the Siemens Intevo SPECT/CT

system. Left panel shows slices of the manually segmented source

and of images reconstructed with Resolution Modeling (RM), iterative

Yang method (1Y) and with our proposed deep-learning based method

(PVCNet-sino). Right panel show recovery coefficients (RC) for each
sphere and reconstruction method.
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FIGURE 4.15 — Results of the NEMA IEC phantom reconstruction us-

ing different segmentation masks to apply the iterative Yang (iY)

method: with the ideal sphere delineation (iY image), with the

thresholded Iy mask (iY-threshold) and thresolded+spheres fitting

(iY-threshold-spheres). The target source activity image, Irm and

IPVCNet-sino are also shown for comparison. The right panels shows
Recovery Coefficients (RC) of all methods.

respectively. Visually, both methods allowed to reduce PVEs on kidneys and liver
compared to RM. iY recovered almost perfectly object shapes (which was given as
input of the method) and activity, specially in lesions (with RC comprised between
0.98 and 1.15, systematically better than PVCNet-sino). PVCNet-sino resulted in RC
closer to 1 for all regions except lesions, and significantly better NRMSE, NMAE and
VAA than both RM and iY.

The left panel of Figure 4.18 shows the NRMSE convergence of each correction
method as a function of the number of OSEM update. The PVCNet-sino iterations
start at 10 iterations to account for the fact that the model uses Prec1o 6, Obtained after
10 iterations of OSEM and forward-projection. Using the sinogram corrected by
PVCNet-sino instead of the raw sinogram in the reconstruction algorithm allowed
to reduce by 28% the error after 3 additional updates. Both RM and PVCNet-sino
slightly diverge after a few updates. This is due to the use of OSEM algorithm instead
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body gallbladder kidney left kidney right liver spleen lesion1 lesion?2 lesion 3 lesion 4

RM 1.13 1.08 0.84 0.86 098 0.88 0.59 0.78 0.56 0.80
+ 168 + 056 + 051 + 062 +027 +034 4035 +013 +019  +037

v 0.90 0.82 1.07 1.06 1.06 1.06 0.97 1.06 1.15 1.10
1 + 060 4022 4053 + 067 +020 +026 4043 +009 +021  +028
PVCNet-si 1.05 1.10 0.94 0.95 1.02 096 0.58 0.66 0.80 0.90
€SO | q 45 + 067 +036 +033 4022 +£030 +£025 4008 +024  +£019

TABLE 4.4 — Recovery Coefficients (RC) with + standard deviation for

the three compared methods in 10 different structures. True Target-to-

background ratios (TBR) are displayed in parenthesis for each region.
Best RC values are highlighted in bold.

NRMSE NMAE VAA

RM 1.26 042  7.55%
iy 1.09 031 855%
PVCNet-sino  0.90 026 21.24%

TABLE 4.5 - NRMSE, NMAE and VAA for the three compared PVC.
Best values are highlighted in bold.

kBg/mL SOURCE SOURCE

"

PVCNet-sino PVCNet:sino

T‘II_.

FIGURE 4.16 — Visual comparison of the true activity distribution

and results of the three PVC methods on a patient MC simulation.

Images reconstructed with Resolution Modeling (RM), iterative Yang

method (iY) and with our proposed deep-learning based PVC method

(PVCNet-sino) are shown. Axial slices are shown on the left panel
and sagittal slices on the right.

of MLEM and the fact that no regularization was used in both cases. The NRMSE
obtained after having applied the iY PVC method to the image reconstructed with 20
iterations (160 updates) of RM is also shown, reaching less than 14% error reduction.

In the right panel of Figure 4.18, the CNR is plotted as a function of the mean
CRCerr. CRCgyy is defined as CRCerr = 1 — |CRC — 1] to account to the fact that
CRC values should be close to 1. The mean value is taken over all ROIs (organs
and lesions). This graph illustrates the accuracy vs noise trade-off to assess that the
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o Ground Truth RM iy PVCNet-sino
Activity KkBa/ml 260

FIGURE 4.17 — Visual comparison of the true activity distribution

and results of the three PVC methods on a patient MC simulation.

Images reconstructed with Resolution Modeling (RM), iterative Yang

method (iY) and with our proposed deep-learning based PVC method
(PVCNet-sino) are shown..

better quantification properties of PVCNet-sino compared to RM, shown in Table 4.4
and Table 4.5, is not reached at the cost of poorer noise properties. Compared
to RM, PVCNet-sino allowed to increase both the quantitative accuracy and the
Contrast-to-Noise ratio (CNR), which is very encouraging. Final mean CRCe;y with
PVCNet-sino is even slightly better than with the iterative Yang method, with 0.82
and 0.81 respectively. However, iY reaches a three times higher CNR than PVCNet-
sino, meaning more homogeneous background correction and higher uptakes in
organs.

1.3 4
L PVCNet-sino
50 .
— Y
127 —e— RM
40 1
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[2B%R . o
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o (@]
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101 201
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FIGURE 4.18 — Convergence of the NRMSE with respect to number
of OSEM updates for RM, PVCNet-sino and iY (left) and evolution of
CNR vs. mean CRCe; trade-off (right).

4.6.5 Patient data

Figure 4.19 shows a coronal and a transverse slice of each reconstructed images
of the patient treated with !7”Lu-DOTATATE. Once again, since the segmentation
was available, iY was the most able to recover objects contours, even tough the image
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appears quite noisy. PVCNet-sino resulted in an image with better kidneys and
liver contour definition, as visible in the first line as well as a visual enhancement of
tumours close to iY. However, artifacts at the edges of regions and similarity with
the blurry RM image (specially in the second line) still remain. Ground truth activity
distribution was not available in this case for quantitative comparison.

RM iy PVCNet-sino

FIGURE 4.19 — Visual comparison of reconstructed images of a real pa-

tient data, treated with 177 Lu-DOTATATE. From left to right columns:

attenuation map, image corrected with Resolution Modeling (RM),

image corrected with the iterative Yang (iY) method, image corrected

with PVCNet-sino. First two lines show a coronal and a tranverse

slice while the third line is a zoom on two lesions visible in the second
line.

4.7 Discussion

Collimator-induced Partial Volume Effects are one of the main factors limiting
SPECT-based quantification. Existing approaches to reduce PVEs, such as RM and
iY, are either insufficient or require the a priori knowledge of regions contour. In this
chapter, we proposed an alternative deep learning approach to correct PVEs in the
sinogram domain. We developed a method to generate a large training database of
sinograms generated by analytical simulations made of 10,000 data. The /pycNet-sino
correction pipeline (see Figure 4.5) contained two 3D U-Nets trained using those
synthetic sinograms to reduce noise and correct PVEs respectively. We showed the
method was able to generalize to unseen synthetic data, to MC simulations, phantom
experiments and real patient data.

The choice to train a deep-learning model to correct PVEs on SPECT sinograms
was never explored to our knowledge, while post-reconstruction image domain
approaches are more popular [124, 255]. The lack of sinogram-based PVC method
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may be surprising since PVEs are primarily due to the collimator’s geometric re-
sponse function, an effect clearly highlighted in the projections. Moreover, unlike
post-reconstruction methods, sinogram-based PVC can be applied independently of
the tomographic reconstruction algorithm used and from its parameters. Another
advantage of sinogram-based PVC is that the tomographic reconstruction is slightly
faster since no more resolution modeling has to be applied during reconstruction.
However, challenges of sinogram-based learning include the fact that training a con-
volutional neural network on a sinogram may seem surprising and counter-intuitive:
while convolution kernel parameters are optimized to exploit local information, an
object appears at several very "distant" locations in a sinogram. Moreover, applying
a correction on the sinogram as a pre-processing step before reconstruction has to be
performed carefully since the data consistency of the measure has to be preserved.

We showed in the ablation study in Section 4.6.1.1 that sinogram-domain learning
was possible provided sufficient information was given as input to /1pycNet-sino- In
particular, using the sinogram obtained after reconstruction with RM and forward-
projection (Prec10,,) helped to reduce the error by more than 7% on a test dataset.
The interest of using Prec1o, as input can be explained by the fact when trying
to solve an inverse problem with deep learning, using an approximation of the
inverse as a first estimate is beneficial, as argued by [164]. Indeed, taking back
notations of Equations 4.2 and 4.3, the forward model of the inverse problem we
tried to solve in the projection domain was to estimate the sinogram unaffected by
collimator/detector response from the blurred and noisy sinogram. This inverse
problem can be formulated as Ppvgnoisy = Apsp A~ 1P, opyvp, where the A1
matrix denotes an estimation of the inverse of A, without PSF modeling and A ps the
forward projection with PSF modeling. Thus, an estimation of Pyopyg can be written
Propve = A A;S%: PpvEnoisy = Alrecto = Preciofp, Since Irec1p is reconstructed
using the PSF in its system matrix. It can be seen from Figure 4.4 and Figure 4.13 that
Precio fp 1s an already denoised and corrected version of the raw Ppyg noisy Sinogram.
This is also the reason why residual units were added after 1 genoising ad H deblurring
(see Figure 4.5) since their output is expected to be close from Prec1q fp-

Preservation of the consistency on the number of counts was imposed by the
normalization (Equations 4.5 and 4.6). Usage of the denoising loss in Equation (4.7),
motivated by the usage of as much knowledge as possible during training and
task decomposition, helped to improve the performances of the method, but very
slightly— less than -0.5% error reduction in the ablation study. Additionally, since
conventional data augmentation techniques such as translations and rotations cannot
be simply applied on sinograms, we proposed to apply Poisson noise realization at
each training iteration.

We have shown that PVCNet-sino was able to reduce PVEs both visually and
quantitatively, specially for the biggest objects: on spheres with 22, 28 and 37 di-
ameters on the IEC acquisition (RCs between 0.90 and 1.08) and on organs of the
patient simulation (RCs between 0.94 and 1.10). However, despite very encouraging
results on the test dataset on small lesions (Figure 4.11), the ability of the PVCNet-
sino method to correct lesions in more realistic context is still limited (RC between
0.58 and 0.90 for the patient’s simulation), specially compared to the iterative Yang
method (RCs comprises between 0.98 and 1.15 on lesions of the patient’s simulation).
This is particularly problematic since it is on small lesions that PVEs have highest
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impact.

The main difficulty of training a deep learning model to correct PVEs is the lack
of real ground truth data. This is an issue both for training and evaluation. This
limitation was circumvented by the use of an analytically generated dataset to train
our hpyCNetsino pipeline and with phantom experiment and MC simulation for the
evaluation. However, the ability of our proposed method to correct PVEs in a clinical
context is still to be demonstrated.

4.8 Perspectives

While the sinogram based PVCNet-sino approach presented in this Chapter
was shown to provide good results compared to RM and iY methods, other deep-
learning methods could be investigated. For example, as mentioned in the discussion,
image-based training may seem more natural and straightforward to train and apply.
Training a PVC model to correct only on a specific patient could provide better
results and be an alternative to the search of generalizability. Also, the usefulness of
using Prec1o,4 as input to reduce PVEs on sinograms suggests that combining image
and sinogram domain approaches may be the path to follow. Finally, unsupervised
methods, leveraging the lack of ground truth data, may be a solution to deep-learning
based PVC in SPECT.

Some of these perspectives will be investigated in Chapter 5.
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This Chapter investigates deep-learning PVC methods that are alternatives to
the PVCNet-sino method proposed in Chapter 4. Those contributions are proof-of-
concepts showing potential advantages of different approaches for PVC within the
same deep learning framework, using the same datasets than in the previous chapter.
This work was presented at the 2024 IEEE Nuclear Science Symposium, Medical Imaging
Conference, and Room-Temperature Semiconductor Detectors Symposium [106].

51 Image Domain Training

Post-reconstruction image domain training is certainly the most natural way to
enhance image resolution with deep learning. In this section, a unique convolutional
neural network /pycNetimg i trained in a supervised setting to estimate the true
activity, corrected from PVE, from an uncorrected image.

All necessary inputs and targets were already available from the dataset gener-
ated in Section 4.2:

— I is the ground truth activity image to recover. The only difference with
the Ig from Section 4.2 is that this source image was re-sampled from the
CT resolution (with &~ 1 mm? voxel size) to the SPECT voxel size (4.7952 x
4.7952 x 4.7952 mm?3). This re-sampling was necessary to standardize all
image sizes and so that inputs/targets have the same dimension.

— Iec10 the image reconstructed with 10 iterations of OSEM (8 subsets, Resolution
Modeling during reconstruction and 4.7952 x 4.7952 x 4.7952 mm?
voxel size) will directly serve as input in this section.
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— The attenuation map Iat was used as an additional input of hpycNetimg: 10
match the target activity map I, dimensions, it was also re-sampled from the
CT voxel grid to the SPECT image grid.

An example of Isrc/ Irec10/ Latt from the training dataset is shown in Figure 5.1.

Input image reconstructed with OSEM, RM,

Attenuation map (lax) Ground Truth activity map (lsc) 10 iterations, 8 subsets (lreci0)

o

L ‘ ]

FIGURE 5.1 — Example of I, Isre and Irec1o images, from the training
dataset.

Data augmentation was performed during training by randomly rotating each
Latt/ Isre/ Lrecio triplets at each epoch, as well as switching their axes.

All input/output images were padded to have 128 x 128 x 128 voxels. Simi-
larly as in Section 4.3.1, images were normalized such that the input values were in
the [0, 1] interval (see Equation (5.1)) and the output total activity was conserved
(Equation (5.3)). The image-to-image neural network /pycNetimg Was applied with
a residual unit (Equation (5.2)) for the same reasons as for hpycNet-sino, &.€. because
the output is expected to be close from I, and to ensure positivity of the corrected
image.

Inormalized — 51

max(P) ®1)

IpvcNetimg = ReLu (hPVCNet-img(I;lt(t)rmahzedr Ipopatized) 4 I?e(ﬁ%lahzed> ©2)
= de- i TpycNets

TN = 3" Lrect0 (53)

Y IpvCNet-img

Eimg = ’ | Igre — /I\PVCNet—img’ |1 54

The architecture of the /1pycnet-img convolutional neural network was a 3d U-net
(see Figure 4.6). After hyper-parameter tuning, N4, was also chosen to be equal to
8, the batch size was set to 8, and the learning rate was 1 x 10~ 4 halved every 50
epochs.

5.2 Dual Domain Training

In the sinogram-to-sinogram correction proposed in Chapter 4, the ablation study
in Section 4.6.1.1 showed that using the sinogram obtained after reconstruction with
RM and forward projection helped the model to reduce PVEs. This finding suggests
that mixing reconstruction domain and sinogram domain learning could enhance
the results.
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In [131], authors compared deep learning methods in the projection domain,
image domain and in both domains for sparse-view CT image reconstruction and
concluded that combining both domains leads to the best NRMSE/SSIM results.
In the context of self-supervised PET image reconstruction, one of the results of
[182] is also that dual domain learning leads to better generalization properties. For
low-dose and few-angle cardiac SPECT reconstruction, this dual domain approach
was also iteratively used in [35, 34].

In this Section, we follows this idea to combine sinogram domain learning
(Chapter 4) and image domain learning (Section 5.1). However, including 3D-
tomographic reconstruction during training is not possible with the RTK software
and, if it was, is expected to be computationally expensive, due to the necessity to
compute gradients across OSEM iterations. For this reason, the pre-trained network
hpvcNetsino (trained in Chapter 4) is first applied to the input sinograms, the same
way as in Chapter 4. Then, the output corrected sinogram lfOI;E was used to
reconstruct the IpycNetsino image. This PVCNet-sino application and reconstruction
step were done only once for each sample of the training/validation/test datasets.
An image-to-image model was trained similarly as in Section 5.1 but with three
input images: Ia, Irec1o and the additional IpycNet-sino image. This framework is
denoted PVCNet-sino-img and is described in the following equations:

Inormalized Inorma]ized Inorma]ized )
att 4

IPVCNet—sino—img = RelLu ( hPVCNet—sino—img( 7 Lrec10 PVCNet-sino

normalized
+ TPV CNetsino)

(5.5)

Lsinoimg = || Isre — IpveNetsinoimg | |1 (5.6)

Note that in this Section, weights of the sinogram-to-sinogram network
hpvcNetsino are fixed and only the parameters of /1pycNetsino-img are trained.

5.3 Training details

For comparison, the architecture of both /pycNetimg and fpycNet-sino-img Were
the 3d U-net depicted in Figure 4.6) with Ny, = 8. Both were trained with the
same hyper-parameters during 100 epochs, with a batch size of 8, a learning rate
of 1 x 10~* and the Adam optimizer. Data augmentation was performed during
training by applying random rotations (between -5° and 5° in each direction).

Inputs Target Architecture Number of parameters
PVCNet—sino (PPVE,noisy , Paﬁrnap , PreclO,fp) PnoPVE 2 U-nets (3 blOCkS, N, ch = 8) 784k
PVCNet-img (Latt, Irec10) Is« 1 U-net 3blocks, Ng, = 8) 400k
PVCNet-sino-img  ( Lagt, Irec10, IPvCNet-sino ) I« 1 U-net (3blocks, Ng, = 8) 400k

TABLE 5.1 — Summary of main training details for the three deep
learning models.
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54 Evaluation datasets

In this section, we compare the performance of PVCNet-sino with PVCNet-
img and PVCNet-sino-img; all trained with the same dataset but respectively only
in the sinogram domain, only in the image domain and on both. PVC methods
were first compared on the analytical test dataset containing 1,000 samples (see
Section 4.4.1). This dataset was used to compute Normalized Root Mean Squared
Errors (NRMSE, Equation (4.9)) and Recovery Coefficients (RC, Equation (3.1))
on lesions. In addition to these metrics that give information on the local and
global quantitative accuracy of uncorrected / corrected images, lesion detectability
may also be important. For this reason, lesions on each reconstructed images
were segmented using the same threshold as in Section 4.4.5 and Section 4.6.3, i.e.:
Athreshold = %(Amax’sphere + Ameanpackground ) Once a mask of each lesion was
segmented on each reconstructed image, the Dice coefficient, defined for two regions
A and B in Equation (5.7), was used to quantify similarity of the segmented mask
with true lesion contours. Values closer to 1 indicate better segmentation.

|AN B
| Al +|B|

The Monte-Carlo simulation of the patient was also used for evaluation. Quan-
titative accuracy was evaluated with RC (see Equation (4.12)) and NMAE (Equa-
tion (4.10)) in each RO, including the four manually added lesions. In addition
to NRMSE, NMAE and VAA calculation for global error metric comparison, back-
ground noise was evaluated in each reconstructed image by computing the standard
deviation of the estimated activity over 10 spheres of 4.5 cm diameter, all located in
the background. We are aware that this threshold-based segmentation is probably
not optimal in clinical situations, but it provides here a common reference for the
three compared methods.

Dice(A,B) = 2 (5.7)

5.5 Results

NRMSE and RCs (only on lesions) can be compared in Figure 5.2. The violin
plot shows their distribution over the 1,000 samples. Both image domain training
approaches lead to better mean squared error than RM and PVCNet-sino with
means of 0.407 for PVCNet-sino-img, 0.428 for PVCNet-img, 0.544 for PVCNet-sino
and 0.590 for RM. However, in terms of RC on synthetic lesions, PVCNet-sino
leads to values closer to 1 than other methods with a mean RC of 0.732 while the
mean value for PVCNet-sino-img was 0.628 and only 0.480 for PVCNet-img and
0.432 for RM. The potential gain in RC is not obvious here: PVCNet-sino shows
less variability around 1 but with some over-estimations compared to PVCNet-img
which is only marginally better than RM. PVCNet-sino-img seems to be a good
compromise between both.

Additionally, Dice coefficients are displayed in Figure 5.2c. Segmentations on
images corrected with PVCNet-sino-img were the most accurate with a mean Dice
of 0.606, while only 0.554 with PVCNet-img, 0.527 with RM and 0.478.
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For results on the MC simulation, four coronal slices of reconstructed images of
the patient’s activity distribution are presented in Figure 5.3 and Recovery Coeffi-
cients for ROIs in Table 5.2. Visually, PVCNet-sino-img shows better inter-region
correction than PVCNet-img, which is visible in the first two rows of Figure 5.3
between the spleen and the left kidney or between the liver and the right kidney:.
This is also highlighted on the profile shown in Figure 5.4b. Importantly, when only
PVCNet-img and PVCNet-sino-img are compared quantitatively with RC values,
the dual domain approach allows a better quantification for 8 over 10 ROIs.

Nevertheless, deep-learning based correction methods show difficulty to correct
some small lesions. For example, the lesion located in the liver (Lesion 2, visible in
the second row of Figure 5.3) is discarded by all PVCNet methods which output RC
even lower than the image reconstructed with RM. It is also the case on Lesion 1,
except for PVCNet-sino-img correction. On lesions 3 and 4, all deep-learning based
methods allow to significantly increase RCs compared to RM. Lesion 4, visible on
top of the 4" row in Figure 5.3, is better corrected by PVCNet-img in terms of RC
but the profile in Figure 5.4a shows that its size is under-estimated while the activity
is over-estimated. This effect is not visible when only RC are compared. For this
reason, local NMAE are displayed in Table 5.4, showing disparity between methods.
On Lesion 4, PVCNet-sino and PVCNet-sino-img resulted in the lowest NMAE and
PVCNet-img is the highest while its RC was the closest to 1.

In terms of global metrics such as NRMSE, NMAE and VAA, detailed in Table 5.3,
PVCNet-sino-img resulted in the best image quality. Both image domain training
approaches allowed to significantly decrease the background noise level compared
to RM, iY and PVCNet-sino.

5.6 Discussion

In this Chapter, we compared the previously described PVCNet-sino method,
trained in the sinogram domain, with other deep learning approaches trained in the
image domain. Two models were trained: PVCNet-img, only with images corrected
with RM as input, and PVCNet-sino-img, trained with an additional channel being
the image reconstructed with projections corrected by the PVCNet-sino model. The
overall objective of this Chapter was to evaluate which type of input allowed to
better correct PVEs, reduce noise while being generalizable.

On both analytical and MC simulated datasets, better global errors (NRMSE,
NMAE, VAA) and noise reduction were achieved by image domain training meth-
ods (PVCNet-img and PVCNet-sino-img) compared to the sinogram-only training
(PVCNet-sino) as shown in Figure 5.2a and Table 5.3. This behavior can be ex-
plained by the fact that in image-to-image training, optimization and evaluation
are performed on the same domain, while an additional reconstruction step was
required after applying the PVCNet-sino model. Moreover both PVCNet-img and
PVCNet-sino-img were optimized with a L1 loss, i.e. NMAE, also related to VAA,
which can explain their relative better performances concerning these metrics.

However, both models that included sinogram information, PVCNet-sino and
PVCNet-sino-img, allowed better lesion quantification on the test dataset with
respectively 37.8 % and 27.1 % higher mean RC than PVCNet-img. On the MC
simulation however, results were not so clear: while PVCNet-sino-img showed
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visually better corrected images and profiles as well as RCs closer to one on most
ROIs, NMAE on largest volumes such as kidneys, liver and spleen were lower with
PVCNet-img. This contradiction can be explained by the over-smoothed texture of
PVCNet-img, as visible in Figure 5.3 and 5.4b leading to low NMAE in these regions
but over-estimated background activity, which is not the desired behavior of a PVC
method.

The Dice score comparison in Figure 5.2¢ is of importance since PVE affect the
activity distribution of tumours and thus the ability to segment them on SPECT
images. This segmentation is necessary for all personalized dosimetric methods,
as reminded in Section 1.2.5.2. Assuming that the segmentation mask of lesions is
available before any PVC is applied, such as in the iY method, is thus unrealistic. As
a reminder, none of the proposed model require a segmentation mask at inference
time. In this context, we showed that the deep-learning approach leading to best
segmentation outcome was PVCNet-sino-img and that it could thus be used to
reduce PVE as a pre-segmentation step.

Overall, considering all the studied metrics and datasets, we argue that the most
suitable alternative is the dual domain training, benefiting both from raw sinogram
domain information — useful for distance-dependent PSF correction, object detection
and quantification— and from more direct image-to-image correction — leading
to better noise properties and global error reduction. However, as discussed, each
method have their weaknesses. For example, lesion correction with PVCNet-sino-
img is not satisfying since some lesions still may be discarded by the model. For
this reason, the proposed deep-learning based PVC methods are still not ready to
be used in clinical settings with a high enough level of confidence. Still, we believe
some improvements of the dual domain approach can be imagined. We detail these
perspectives in the next Section.
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FIGURE 5.2 — Violin plots comparison of RM, PVCNet-sino, PVCNet-
img and PVCNet-sino-img on the 1,000 sample test dataset in terms
of (A) Normalized Root Mean Squared Error (NRMSE), (B) Recovery
Coefficients (RC) on lesions and (C) Dice coefficient after lesions
segmentation with the threshold-based method.
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FIGURE 5.3 — Visual comparison of the true activity distribution and
results of the five PVC methods on a patient MC simulation. Im-
ages reconstructed with Resolution Modeling (RM), iterative Yang
method (1Y) and with our proposed deep-learning based PVC meth-
ods PVCNet-sino, PVCNet-img and PVCNet-sino-img are shown.

body gallbladder kidney left kidney right liver spleen lesion1 lesion 2 lesion 3 lesion 4

RM 1.13 1.08 0.84 0.86 098 0.88 0.59 0.78 0.56 0.80
+ 168 + 056 + 051 + 062 +027 +034 +035 +013 +019  +037

v 0.90 0.82 1.07 1.06 1.06 1.06 0.97 1.06 1.15 1.10
1 + 060 +022 4053 + 067 +020 +026 +£043 +009 +021  +028
PVCNetosi 1.05 1.10 0.94 0.95 1.02 0.96 0.58 0.66 0.80 0.90
et-smo +145 + 067 +036 +033 4022 £030 £025  +008 +024  £019
PVCNet-img 108 123 087 089 103 091 054 057 075 097
+ 191 + 092 +0.16 +0.16 +018 +021 +034 +£005 +036 +04

PVCNetsinoimg 102 096 0.96 095 104 097 063 061 08 087
+ 159 + 079 4030 +029 +018 +023 4027 +005 +02  +013

TABLE 5.2 — Recovery Coefficients (RC) with + standard deviation
in 10 different structures for the five compared methods: Resolu-
tion Modeling (RM), iterative Yang method (iY) and our proposed
deep-learning based PVC methods PVCNet-sino, PVCNet-img and
PVCNet-sino-img. Best RC values are highlighted in bold.

5.7 Perspectives

Even though visual and quantitative improvements were obtained in terms of
PVE reduction by the proposed PVCNet-sino-img method, some concern remain
about its generalizability to real world data, its data consistency preservation prop-
erties and ability to detect and correct small structures. To address these issues,
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NRMSE NMAE VAA Background std

RM 1.26 042  7.55% 1.86

iy 1.09 031  855% 1.85
PVCNet-sino 0.90 026  21.24% 1.11
PVCNet-img 0.88 022 2630 % 0.37
PVCNet-sino-img  0.85 021 2833 % 0.39

TABLE 5.3 - NRMSE, NMAE and VAA for the five compared PVC.
Best values are highlighted in bold.

body gallbladder kidney left kidney right liver spleen lesion1 lesion2 lesion 3 lesion 4

RM 0.68 048 040 048 021 030 048 0.22 044 0.37
+ 154 + 031 +035 + 041 +017 4019 4024 4013 +019  +020

v 044 0.22 0.36 046 016 022 0.37 0.09 0.23 0.23
1 + 041 +017 + 039 + 049 +013 +015 +023 +£006 +012  +019
PVCNetosi 040 0.58 0.28 0.25 015 022 043 0.34 0.23 0.16
et-smo +14 +034 +024 +022 +016 +021 +£023  +008 +021 +014
PVCNet-img 0.37 0.88 0.15 0.14 011 014 047 043 0.36 0.38
+ 187 + 037 +015 +013 4014 +018 +£033  +£005 +025  +023

PVCNet-sino-img 032 070 022 020 012 014 037 039 021 014
+155 +037 +02 +02 +014 +018 +026 +£005 +018  +013

TABLE 5.4 — Normalized Mean Absolute Errors (NMAE) with =+ stan-

dard deviation in 10 different structures for the five compared meth-

ods: Resolution Modeling (RM), iterative Yang method (iY) and our

proposed deep-learning based PVC methods PVCNet-sino, PVCNet-

img and PVCNet-sino-img. Best NMAE values are highlighted in
bold.

we mention in this Section some possible improvements of the PVCNet-sino-img
method.

571 Improvements of PVCNet-sino-img

Dual Domain optimization during training

In the dual domain approach proposed in Section 5.2, sinogram and image
domain training were performed as two distinct steps: once /1 pycNet-sino Was trained
to correct synthetic sinograms, an additional network /pycNet-sino-img Was trained
using both the image reconstructed with PSF modeling (RM) and the image recon-
structed with projections corrected with /1pycNet-sino- A logical next step is to train
these two neural networks jointly, i.e to perform the following operations at each

training iteration:
1. Apply the hpycNetsino Network to compute the corrected sinogram @E
according to Equation (4.7).

2. Compute the sinogram-domain loss L, (Equation (4.8)).



122 Chapter 5. Contribution: alternative PVC methods

3. Reconstruct the image IpycNetsino With the estimation of the corrected sino-

—

gram P noPVE-

4. Apply the hpycNetsino-img Network to compute the estimation of the corrected
image IpyCNetsino-img according Equation (5.5) (using the image Ipycnet-sino
reconstructed at the previous step as input).

5. Compute the image-domain loss Lsino-img (Equation (5.6)).

6. Update the weights of pycNet-sino and #pvCNet-sino-img t0 minimize the double
domain loss: £ = AginoLgino + A sino-img Esino—img-

The main difficulty of this double domain training pipeline is that a recon-
struction step (step 3) is embedded in the optimization process, requiring it to be
differentiable with PyTorch. This reconstruction could either be performed with
a simple filtered backprojection or with OSEM iterations (at the cost of increased
memory requirement). The differentiability is not a theoretical issue but a numerical
implementation one, since forward and backprojectors implemented in most recon-
struction softwares (RTK [185], PyTomography [176], STIR [227], CASToR [152])
are not differentiable. To our knowledge, only the MIRTorch [129] library provides
PyTorch-differentiable SPECT projectors, with PSF modeling.

Data consistency fine-tuning

One concern that remains with many deep learning approaches in medical imag-
ing is the eventuality of neural network hallucinations. There is always a risk that
a trained model, when applied for inference on a new dataset interprets noise as
signal and enhances structures that are not present in the measured sinogram. Even
though we did not observe such behavior neither in the test dataset nor in simulated
or experimental data, the risk remains. We put emphasis in the normalization/-
denormalization process, both in the sinogram domain and the image domain to
conserve number of counts between the input and the estimated output (see Equa-
tions (4.6) and (5.3)) but this forced total activity conservation may not be sufficient
to conserve consistency with measured data. Inspired by self-supervised methods
proposed for PET image reconstruction by [182], we could imagine to fine-tune the
pre-trained PVCNet-sino-img model such that the output of the network is consistent
with a given measured data. For a given measured sinogram p, the fine-tuning
procedure would read as follows for iterations 0 < k < N:

1. Apply the hpycNetsino-img model to the usual inputs:

7 (k) rmalized alized alized
I = ReLu ( fpveNetsinoimg (Late 7 Treet0 s IpVCNetsino) T 1

PVCNet-sino-img ~—
G.8)

2. Forward-project the current image estimation with CI-derived attenuation
and PSF modeling;

~ =~(k
P (k) = gRM (IlgvziNet-sino-iIng> (59)

normalized
PVCNet-sino

)
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3. Compute a Poisson Loss (negative log likelihood loss, see Equation (1.16))
between projected and measured projections:

£=p% —plog (ﬁ(k)> (5.10)

4. Updates weights of hpycNetsino-img t0 minimize L.

We implemented this fine-tuning algorithm but results will not be exposed here
since we did not achieve satisfying results.

Single-Patient training

The proposed deep learning based PVC method aimed at reaching generalizabil-
ity, both in terms of possible patient anatomy distribution and activity distribution.
However, the same data generation and training pipelines could be imagined but
for a single patient:

1. The SPECT/CT data of a patient is acquired with the Siemens-intevo MEGP
system.

2. The patient anatomy is segmented using the CT image. Only organs where
physiological fixation is expected need to be segmented (for example those
in Table 4.1).

3. A simulated training dataset is generated specifically for this patient’s anatomy,
but with variable activity distribution, similarly as in Section 4.2.

4. One of the PVCNet model (PVCNet-sino, PVCNet-img or PVCNet-sino-img)
can be trained or fine-tuned on this specific dataset.

5. Once trained this model can be applied to corrected the measured patient’s
data.

The expected gain of this training strategy is the specificity of the network with
respect to the patient’s anatomy, which have great influence on PVEs. In this setting
generalizability to other patients is no longer seeked but an increased accuracy on the
patient on which it is trained (or fine-tuned) can be expected. The main drawback
would be the computational over-head due to the necessity to both generate a dataset
and train a neural network for each new patient data, which may be unrealistic
to apply in clinic. However, if the fine-tuning allows to reach a much better PVE
reduction than the other methods with a higher level of confidence, it can be a
suitable alternative. The other limitation is that this approach would rely on a
patient ROI segmentation mask, while the PVCNet-methods did not require any
segmentation at inference. However, only main ROIs masks would be needed, not
lesions (artificially added in the training dataset), and could thus be obtained with
an automatic segmentation software (such as TotalSegmentator), based on the CT
image.

5.8 Conclusion

In this Chapter, we developed two additional deep learning based PVC models
trained in the image domain with analytically generated data, either with or without
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the output of PVCNet-sino (Chapter 4) as additional input information. Compared
to sinogram-domain learning only, image domain learning resulted in better noise
and artifact reduction on corrected SPECT images. We evaluated and compared all
methods on a test dataset and a patient MC simulation. Overall, the dual domain
training model (PVCNet-sino-img) allowed better ROI quantification, global error
reduction and segmentation capability than the other explored methods. These
findings suggest that mixing both domains for training is the most suitable approach
for SPECT-PVC.



5.8. Conclusion 125

- Source
= RM
200 —_— Y
PVCNet-sino
= PVCNet-img
150 PVCNet-sino-img
-
£ 7
g /
~ 100
50
0 —_

0 1 2 3 a 5 6 7
Position (cm)

(4)

— Source

= RM
250 — Y

PVCNet-sino

= PVCNet-img
200 PVCNet-sino-img
150 m

/

100 \
50 /

0 2 4 6 8 10 12
Position (cm)

kBag/mL

(B)

FIGURE 5.4 — Two profiles drawn on the true activity and recon-

structed images for the patient MC simulation. (A) Profiles of lesion 4

(in red in Figure 5.3). (B) Profiles of the left kidney and spleen (in blue
in Figure 5.3).
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Conclusion

This final Chapter aims at recapitulating the main contributions presented in this
thesis, their limitations as well as methodological and long-term perspectives for
future works.

Contributions
QMC

Monte Carlo Simulations are known for their high computational cost and slow-
ness to converge. This is particularly true in the context of nuclear imaging and
dosimetric purposes. The slow O (ﬁ) convergence rate of MC simulations holds

partly because of the uncorrelated nature of random numbers sampled. In Chapter 2
(Section 2.1), we investigated the potential interest of using correlated numbers gener-
ators, known to produce low-discrepancy sequences (the Sobol sequence), instead of
conventional (uncorrelated) pseudo-random numbers generators. The use of a Low
Discrepency (LD) sampler required to define dimensions adapted to particle tracking
for medical physics to take into account possible multiple interactions and rejection
loops. Results in vacuum showed encouraging results with up to 40% of error
reduction, increasing with the number of primary particles sampled. In this very
simple context, the number of QMC dimensions (5) was matching the total number
of required dimensions, since no interaction could occur. Adding a waterbox instead
of vacuum drastically increased the number of random numbers and dimensions
needed, relegating the number of QMC dimensions to a minority. In this context and
for dosimetry calculation in a more realistic setting, QMC simulations showed negli-
gible improvement in terms of convergence rate, variance reduction and efficiency.
Increasing the number of dimensions sampled with the quasi-random sampler does
not appear as being a suitable solution since LD samplers tend to behave badly in
high dimensions, showing irregular patterns and decreased convergence rate.

However, as outlined the discussion, further works should focus on highlighting
which dimensions influence the most the output of a specific simulation in order to
sample those dimensions with LD sequences.

Conditional GAN for SPECT simulation improvement

Also in Chapter 2 (Section 2.2), we exposed a method to replace particle tracking
in a patient by a conditional GAN, allowing to drastically reduce the computational
time of SPECT simulations. Although I was not the primary contributor to this work,
I actively participated and proposed an improved implementation based on PyTorch.
This implementation efficiently utilizes GPU memory, reducing copy from CPU
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to GPU, resulting in a threefold improvement in computation time. This efficient
implementation of the conGAN+nn-ARF combination, allowed to replace both sides
of the simulation (in the patient / in the detector) by two successive neural networks.
In total, this allowed to increase by almost a factor x 100 the number of particles
tracked per second.

However, one limitation that remains is the necessity to train a condGAN for
each new patient, which includes the necessity to first generate a phase space for
training. A possible improvement of the method could be to make the GAN also
conditional with respect to the patient’s CT.

Sinogram based PV mitigation

In Chapter 4, we proposed a deep learning PVC method for SPECT PVE cor-
rection. Since most DL-based PVC methods proposed in SPECT operate in the
image domain, while the PVE formation process is inherently related to the projec-
tion domain because of collimator blurring, we investigated to possibility to train
a DL model to correct PVE on projections, before reconstruction. For this purpose,
we generated a large training dataset by forward-projecting 10,000 activity images,
with and without collimator blurring. The training dataset was used to train a DL
model /1pycNet-sino Made of two successive 3D U-nets (one for denoising and one
for PVC) in a supervised setting. To guide the optimization process, our proposed
PVCNet-sino method was taking as input a sinogram denoted Prec10,,, Obtained
after forward-projection (without RM) of the previously reconstructed volume (with
OSEM, RM, 10 iterations and 8 subsets). We showed in an ablation study that using
this sinogram as an additional input helped to reduce the error and acted as a first
estimation of the corrected sinogram. Overall, we showed that sinogram-based
learning on a synthetic dataset was possible to reduce PV effect compared to RM and
could even compete with established methods, such as the iterative Young method,
without requiring any ROI segmentation mask at inference. However, reconstruction
after correction on sinograms resulted in artifacts, and difficulty to correct small
structures.

Image or sinogram domain training

In Chapter 5, the PVCNet-sino correction method was compared to two other
DL-PVC models, both trained directly in the image domain: PVCNet-img, taking
the attenuation map and the image reconstructed with RM as inputs and PVCNet-
sino-img taking also the image reconstructed after correction with PVCNet-sino as
additional input. Overall, these two image-based models achieved better denoising
properties and error reduction than the image reconstructed with PVCNet-sino. How-
ever, compared to each other, the model using the output of the model previously
trained on sinograms showed better spill-over correction and activity estimation
in ROIs. This PVCNet-sino-img model, using both domain information also led
to better segmentation capabilities. Still, recovery coefficients achieved by all the
PVCNet methods on small or overlapping regions were not convincing enough.
This concern is of importance, since PVEs are especially problematic for small or
difficult to segment ROIs.
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Overall limitations

Training Dataset

The quality of the training dataset has a strong impact on the quality of the
expected network’s output. The synthetic dataset we proposed was generated using
only less than 20 patient’s CT scans. We are conscious that this number is quite
low and that our trained PVCNets could benefit from a larger dataset, with more
variability. Moreover, the realism of the created sources is also debatable, since lesion
shapes were much simpler than real life shapes. Finally, simulating the detection
process by a simple forward-projection, even with attenuation, resolution modeling
and Poisson noise, may also seem simplistic.

Evaluation dataset

A bottleneck of PVC algorithm evaluation consists in choosing an appropriate
evaluation dataset. Even though we put a lot of effort to evaluate our proposed
deep learning algorithms on several dataset types (large synthetic dataset, MC
simulations, phantom experiments and real patient data), we were limited by the
fact that reference PV-free images from clinical settings (true SPECT system and
patient’s activity distribution) do not exist.

Deep Learning "black box"

A frequent criticism of deep learning methods, specially for medical imaging
applications, comes from their black-box aspect. A trained neural network will
output a corrected image, but, at inference time, there is no mean to estimate how
confident the model is in each voxels / region of the image. At present, with the
proposed method, there is no guarantee on the generalizability of the proposed
models to new and possibly very different patients anatomy or activity distributions.

Perspectives
Dual domain training

As mentioned in Chapter 5, the good results achieved by the dual-domain
training approach suggests that a possible approach for future works could be to
train both models /1 pycNet-sino and #pyCNet-sino-img jointly, and not successively as it

was the case in this Chapter. This way the reconstruction step would be included in
the optimization process.

Single Patient

Fine-tuning on a dataset generated for a specific patient could be a potential way
to increase the model’s performance and trustability of the output. However, as
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discussed already; this perspective may be too time consuming for a clinical routine
implementation.

Data consistency

To ensure that the trained model is not hallucinating lesions, organ shapes or
just misinterpreting the input data, guarantees in terms of data-consistency (DCC)
preservation could be introduced. We already described and discussed in Section 5.7
a self-supervised fine-tuning approach to ensure the corrected image is still consistent
with the measures. Another option is to use, during training in the sinogram domain
(Section 4.3.1), an additional loss based on exponential data consistency conditions
(eDCCs). eDCCs were proposed in [188, 25] to detect patient motion on SPECT
projections and could be adapted as a training loss.

Unrolled methods

Unrolled methods can also be an alternative in order to combine the 1) model-
based reconstruction framework provided by the MLEM algorithm which allows
to model the physical process of image acquisition and 2) data-driven correction in
an iterative scheme. To our knowledge, these methods were employed by [129] for
image regularization but not specifically for PVC. The challenge induced by such
methods is the necessity to track gradients across forward and backprojection steps
of the OSEM algorithm, which can be computationally intensive.

Increasing the training dataset realism

Finally, the realism of the training dataset could be enhanced by using MC simu-
lated data. However, such dataset would be either limited in size or computationnaly
too expensive to obtain. One possibility would be to use the conGAN+nn-ARF
combination proposed in Section 2.2.5, since the computational speed-up induced
by this method is expected to be close to x 100 compared to a full MC simulation
with a comparable realism.

Long term perspectives

In this thesis we developed and tested some image correction techniques for
SPECT image reconstruction. We believe that this area of research can benefit from
recent advances in deep learning and compete with conventional model-based
methods. However, in order for these methods to be applied in clinical routines, they
still need to achieve stronger guarantees in terms of generalizability and explainability.
For example, higher trustability can be achieved by adding physical constraints or
data consistency conditions in the training process. When these conditions will be
met, the benefits of deep learning methods, including image quality and accuracy,
will considerably improve cancer treatments.
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Introduction

Au cours de I'année 2022, 20 millions de cancers ont été diagnostiqués dans le
monde et presque 10 millions de personnes en sont décédées [75]. D’apres 'OMS, le
nombre de cas risque d’augmenter de 75% d’ici 2050. Le cancer désigne un ensemble
de pathologies caractérisées par la multiplication incontrdlées de cellules formant
des tumeurs qui peuvent s’étendre aux tissus voisins, voir, dans le cas de tumeurs
métastatiques, dans d’autres endroits du corps que leur lieu de développement
initial. Bien sti, plusieurs traitements existent et permettent d’éliminer ces tumeurs
cancéreuses et augmenter 1'espérance de vie d'un patient. Les plus connus de
ces traitements incluent la radiothérapie, la chirurgie ou I'immunothérapie. La
Radiothérapie Interne Vectorisée (RIV) fait partie des traitements envisageables
lorsque les tumeurs sont inopérables et métastatiques.

La RIV consiste a injecter par intraveineuse au patient un radiopharmaceutique
composé d'un vecteur (sélectionné par sa capacité a se fixer aux récepteurs des
cellules tumorales) et d"un radioisotope dont les rayonnements vont endommager
les cellules tumorales. Un exemple de radioisotope utilisé pour la RIV est le 177 Lu,
qui a pour particularité de ne pas seulement émettre des rayons g~ utiles pour
la thérapie, mais également des rayons y d’énergie moyenne dont la distribution
peux étre estimée par Tomographie par Emission Mono-Photonique (TEMP, ou
tomoscintigraphie). Grace a 'image TEMP, associée a un scanner CT, I'efficacité de
la RIV peut étre évaluée entre chaque injections. Pour cela, la dose absorbée (en
Gy) dans chaque region, et en particulier dans les tumeurs et Organes a Risques
(OAR) est calculée a partir de 'image TEMP. D’autre part, méme si la plupart des
traitements RIV au '””Lu sont standardisés (c’est le cas du 7’ Lu-PSMA et 7" Lu-
DOTATATE), de nombreux travaux récents ont conclu qu'une personnalisation du
traitement pouvait étre bénéfique [47].

Que ce soit pour la recherche et le développement de nouveaux systemes
d’acquisition TEMP ou pour de la dosimétrie, les simulations Monte Carlo (MC)
sont un outil important de la médecine nucléaire. Ces simulations consistent a
simuler un grand nombre de particules de maniere aléatoire, ainsi que leur prob-
abilité d’interaction. Cependant, ces simulations sont tres longues et cotiteuses en
temps de calcul. Une des raisons de cette lenteur vient de la maniere dont les
nombres aléatoires sont échantillonnés, c’est-a-dire avec des générateurs de nombre
pseudo-aléatoires, qui produisent des séquences de nombres "indépendants" les uns

des autres, ce qui limite la vitesse de convergence a \/LW

La premiere contribution de cette thése a été d'investiguer le potentiel des échan-
tillonneurs quasi-aléatoires, dans le cadres des simulations MC pour la TEMP ou
la dosimétrie. Ces échantillonneurs quasi-aléatoires sont congus pour produire des
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séquences de nombres dont I'uniformité est garantie (a I'inverse des générateurs
pseudo-aléatoire) et ainsi permettre de réduire I'erreur d'intégration des méthodes
Monte Carlo.

Dans le contexte de la RIV, I'aspect quantitatif des images TEMP joue un role
primordial. Cependant, la résolution spatiale des images TEMP est toujours tres
limitée (plus de 10 mm) et bien moins bonne que celle d’autres types d'imagerie (TEP,
CT, IRM). Cette mauvaise résolution spatiale des images TEMP est due a la réponse
du collimateur et du détecteur (la PSF) des caméras gamma utilisées pour collecter
les projections. Apres reconstruction, I'effet de la PSF sur les images reconstruites se
caractérise par les Effets de Volume Partiels (EVP), c’est-a-dire une sous-estimation
de l'activité dans les volumes de taille inférieur a la résolution du systeme TEMP
(2x FWHM, la Full-Width at Half Maximum).

La deuxieme contribution de cette these a été de proposer une méthode de
correction des EVPs sur les projections, avant reconstruction, grace a un modele
d’apprentissage profond, entrainé sur des données synthétiques. Cette méthode a
été évaluée sur différentes données (synthétiques, simulées, acquisition de fantdmes
et donnée de patient). D’autre part, cette approche a été comparée a une méthode
d’entrainement dans le domaine image et une méthode mélant les deux domaines.

Contexte

Contexte Clinique

Les thérapies RIV 177 Lu-DOTATATE et 77 Lu-PSMA consistent a injecter 7.4
GBq du radiopharmaceutique, 4 fois de suite avec entre 6 et 8 semaines d’écart
entre chaque injections. L'intérét des thérapies RIV au 17”Lu a ét¢ démontré par
deux études: NETTER-1 [226] pour le 1771u-DOTATATE et VISION [207] pour le
1771 u-PSMA. Ces deux études ont montré une augmentation de la durée de vie
des patients, sans progression de la maladie et ont abouti a leur autorisation par les
agences de santé.

Cependant, le probléeme principal lié a ces thérapies est que le vecteur ne se
lie généralement pas uniquement aux cellules tumorales, mais également dans
certains OAR, comme les reins, le foie, la rate ou les glandes salivaires et lacrymales.
Pour évaluer l'efficacité du traitement et assurer la sécurité du patient, la dose
(Equation (1.1)) est calculée dans chaque OAR et tumeurs, et ce, entre chaque
injections. Dans le cadre des RIV personnalisées, I'objectif est donc de minimiser la
dose absorbée par les OAR et maximiser la dose absorbée par les tumeurs. Pour
cela, sachant que le !7”Lu émet des rayons gamma, dont la distribution peut donc
étre estimée grace a la TEMP, et que la demi-vie du 77 Lu est de 6 jours, plusieurs
acquisitions TEMP peuvent donc étre réalisées entre chaque injections.

Le déroulement du traitement est représenté sur la Figure 1.1: entre chaque
injection, entre une et trois acquisitions TEMP sont réalisée, puis les Régions d'intéréts
(ROIs) sont segmentées pour calculer les Courbes Temps-Activité (TAC) pour enfin
calculer la dose absorbée par chaque ROL Dans ce cadre, la qualité des images
TEMP est donc cruciale pour permettre au mieux I'évaluation du traitement et son
optimisation.



Synthése 135

Acquisition et reconstruction en TEMP

Une acquisition TEMP consiste, suite a I'injection du radiotraceur, a acquérir
plusieurs (entre 60 et 120) projections 2D du patient, grace a une gamma caméra qui
tourne autour du patient. Une fois les projections acquises, elles sont utilisées par un
algorithme de reconstruction tomographique pour reconstruire la distribution 3D de
lactivité dans le patient. Le déroulement d"une acquisition TEMP est illustré sur la
Figure 1.2.

Une gamma caméra typique est constituée de plusieurs éléments illustrés sur la
Figure 1.3:

— Un collimateur, généralement en plomb, qui sert a ne sélectionner que les
photons arrivant a la surface du détecteur avec un angle orthogonal a celui-ci.
Le collimateur est indispensable pour la reconstruction de I'image afin de
connaitre la direction depuis laquelle les rayons gamma ont été émis.

— Le scintillateur, généralement en Nal(T1), qui converti les rayons gamma en
lumiere visible.
— Des tubes photomultiplicateurs suivis dun convertisseur analogique-

numérique permettant de convertir le signal lumineux en faisceau d’électrons,
puis en impulsion électrique et enfin en signal numérique.

Une fois que toutes les projections ont été acquises, la reconstruction tomo-
graphique permet de reconstruire la distribution de l’activité dans le patient. Les
premiers algorithme proposés étaient basés sur 'opérateur adjoint de la transformée
de Radon (Equation (1.5)). C’est le cas de la rétro-projection filtrée (Equation (1.8)).
Cependant, cet algorithme a surtout été proposé pour la reconstruction d’images
CT et, bien que rapide et simple, il est assez peu adapté a 1'imagerie TEMP. A
l'inverse, I'algorithme OSEM (Equation (1.25)) permet de prendre en compte 1'aspect
poissonien du bruit enregistré dans les projections: sachant le modele de bruit et
le projections mesurées, l'algorithme permet de maximiser la vraisemblance (Equa-
tion (1.16)) de 'image reconstruite, et ce de maniere itérative.

D’autre part, 1'algorithme OSEM permet de prendre en compte I'atténuation lors
des projection/rétro-projections réalisées a chaque itération, et donc de la corriger.

La correction des rayonnements diffusés par interaction Compton en TEMP se
fait généralement en acquérant plusieurs fenétre d’énergies, proches de I'énergie
du pic d’émission, pour ainsi le corriger avant la reconstruction (Equations (1.31)
et (1.32)).

La correction de la résolution spatiale peut également se faire assez simplement
en modélisant la PSF (préalablement estimée expérimentalement ou par simulation)
lors des projection/rétro-projections (Equation (1.34)). La PSF est généralement
modélisée par une gaussienne, dont la FWHM dépend linéairement de la distance
entre la source et le détecteur (Equation (1.33)). Cette méthode, appelée RM pour
Resolution Modeling, est trés souvent utilisée car elle permet d’améliorer la résolution
spatiale facilement mais n’est généralement pas suffisante pour corriger les EVDPs.
De plus, elle donne souvent lieu a une augmentation du bruit dans I'image lorsque
le nombre d'itération augmente et a des artefacts de Gibbs.
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Simulations Monte Carlo

L'objectif des simulations Monte Carlo (MC) est d’estimer une quantité inconnue
en simulant des réalisations aléatoires des événements possibles qui y contribuent,
en fonction de leur distribution probabilité qui est supposée connue. L'exemple
typique consiste & évaluer l'intégrale d’une fonction (Equation (1.36)) par I'estimation
donnée dans 1'Equation (1.37) qui consiste a évaluer la fonction en un nombre N de
points aléatoirement échantillonnés et de calculer leur moyenne. Cet estimateur de
l'intégrale est non-biaisée et converge avec une vitesse en O ( \/LN ).

Une simulation MC peut toujours se ramener au calcul d'une intégrale
comme 1'Equation (1.36) mais dans le cadre des simulations en physique médicale,
lI'intégrande na pas d’expression explicite, étant donné la complexité des simula-
tions. En effet, le nombre de type particules considéré peut étre élevé (électrons,
photons, protons...), de méme pour le nombre d’interactions possibles (Compton,
effet photo-électrique, production de pair, Bremsstrahlung...) et le milieu traversé
peut étre complexe (patient voxélisé, caméra gamma). Typiquement, une simulation
MC consiste a:

1. Définir les parametres de la simulation: géométrie, particules primaires, pro-
cessus physiques considérés ainsi que la quantité d'intérét (dose, projections...)

2. Echantilloner de maniere aléatoire les particules primaires, crées par exemple
par désintégration radioactive. Ces particules peuvent étre des rayons gamma,
des électrons, des protons...

3. Simuler aléatoirement leurs interactions avec la matiere, jusqu’a leur absorption
ou sortie du volume considéré.

Plusieurs types de codes de simulation MC pour le suivi des particules existent:
les codes a caractere général comme Geant4 [1] qui fournissent un cadre général
(définition d'un grand nombre de particules, de processus physiques, de géométries,
de matériaux...) et qui peuvent donc étre utilisés dans de nombreux domaines; et
les codes a caractéres spécifique, basés sur un code général comme Geant4, qui
permettent de réaliser des simulations dans un domaine plus restreint. Par exemple,
Gate [206] est un code spécifiquement congu pour les simulations en tomographie
par émission (TEP/TEMP), et les thérapies par radiations.

Bien que tres utilisée, notamment pour leur réalisme et précisions, les simulations
MC sont trés lentes a converger. Pour réduire le temps de calcul, des Techniques de
Réduction de Variance (TRV) peuvent étre utilisées comme la division des particules
qui consiste a de-multiplier en plusieurs copies identiques les particules qui atteignent
une région d'intérét, ou la roulette russe, qui consiste a faire I'inverse, c’est a dire
"tuer" les particules qui atteignent des régions considérées moins importantes pour
le résultat final. Les simulation quasi-aléatoires que nous avons proposées et qui
seront décrites dans la prochaine section, s’inscrivent dans le cadre des techniques
de réduction de variance.



Synthése 137

Simulations Monte Carlo avancée pour la médecine nu-
cléaire

Introduction

Comme indiqué précédemment, la lenteur de convergence des simulations MC
est en partie due a la maniere dont les nombre aléatoires sont échantillonnés, c’est
a dire avec des générateur de nombre pseudo-aléatoires, qui tentent de mimer un
"vrai" hasard en produisant des séquences de nombre qui sont décorrélés les uns
des autres, c’est a dire un "bruit blanc". L'avantage de ces générateurs est que le
résultats obtenu est assuré de converger mais, lorsque 1'on regarde la distribution
spatiale des nombres aléatoires obtenus (en 2d avec 1024 points sur la Figure 2.2),
on se rend compte que 'on a aucune garantie sur homogénéité spatiale des points
obtenus. A l'inverse, les générateurs de nombres quasi-aléatoires, comme Sobol ou
Halton, s’assurent de I'uniformité des séquences produites (Figure 2.2).

La mesure de discrépance, fournie a 1'équation (2.3), permet de mesurer
I"uniformité d'un ensemble de points en dimension d, échantillonnés dans 1'espace
[0, 1]%. Tl peut étre montré par l'inégalité de Koksma-Hlawka (Equation (2.4)) que
l'erreur d'intégration de I'estimateur MC est majoré par la discrépance. Les suites a
faible discrépance sont celles dont la discrépance converge en O ((ln—l\lj\”d ). Clestle
cas de la Suite de Sobol, illustrée sur la Figure 2.2 et dont la construction est donnée
par I’'Equation (2.7). Cette convergence en O (W)
O (\/LN) des méthodes MC classiques, a condition que d ne soit pas trop grand ou

est bien meilleure que le

que N le soit suffisamment.

OMC dans Gate/Geant4

Dans ce contexte, notre contribution a consisté a utiliser la suite de Sobol dans
les simulations Gate. Les suites quasi-aléatoires comme Sobol reposent sur des
dimensions pour assurer 1'uniformité de la séquence générée. Cependant, il n'y a pas
de définition explicite de la dimension a laquelle correspond un nombre aléatoire
lorsqu’il est généré par Gate ou Geant4. Nous avons donc proposé de définir un
dimension par:

— La ligne de code dans laquelle le nombre aléatoire est appelé.
— Le nombre d'interactions réalisées par la particule suivie.

— L'itération de la boucle de réjection (si le nombre aléatoire est tiré a l'intérieur
d’"une boucle de réjection).

Sachant que le nombre de dimension total doit étre connu avant le début de
la simulation pour pouvoir utiliser la suite de Sobol, nous avons donc dt définir
des nombres maximaux d’interactions et de boucle de réjection qui peuvent étre
échantillonnés avec la suite quasi-aléatoire. Toutes les dimensions supérieures a ces
seuils seront échantillonnées avec un générateur pseudo-aléatoire. La Figure 2.4
résume notre définition des dimensions lorsque seule l'interaction Compton est
considérée.
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Résultats

Pour évaluer I'intérét des méthodes QMC dans le cadre des simulations TEMP,
nous avons réalisés plusieurs simulations, a chaque fois en comparant l'erreur
obtenue avec la simulation MC classique avec celle obtenue avec la simulation
utilisant la suite quasi-aléatoire, et ce pour un nombre variable de particules simulées
N entre 10° et 2 x 107. La simulation MC de référence a été obtenue avec N =
108,

Dans la premiére simulation, des rayons gamma de 140.5 keV étaient émis depuis
6 sphéres (Figure 2.6), placées dans le vide. Les particules sortant du volume ont
été collectées et "rétro-projetées” de maniere "idéale" avec la formule donnée par
'Equation (2.12). L'erreur a été calculée en comparant les erreurs quadratiques
moyennes entre 'image obtenue par la simulation de référence et 'image obtenue
avec/sans QMC avec N gamma primaires. Dans ce cadre, puisque la simulation
se déroulait dans le vide, aucune interaction n’était possible entre ’émission et la
sortie du volume et donc le nombre de dimension total était égal au nombre de
dimension échantillonnées avec la suite de Sobol, c’est-a-dire 5 (3 pour la position
initiale et 2 pour la direction). Les résultats obtenus dans cette simulations étaient
trés encourageants puisque, comme le montre la Figure 2.7, les erreurs obtenues
avec la simulation QMC étaient entre 15% et 40% plus faibles qu’avec la simulation
MC dlassique. De plus, ce gain semble augmenter de maniére consistante avec N, ce
qui indique que le gain est d’autant plus grand pour les simulations ot une haute
statistique est nécessaire, celles-1a méme qui sont actuellement tres cofiteuses.

Cependant, lorsque la méme simulation est réalisée dans une boite d’eau et en
restreignant les interactions possibles a seulement I'effet Compton avec 71compton = 1
etn, = n,- = 2,lesrésultats obtenus ont été bien moins convaincants. En effet,
dans ce contexte, la réduction de 'erreur s’est limitée a quelques pourcents tout au
plus. Ce gain trés minime peut étre expliqué par le fait que le gain attendu diminue
lorsque la dimension d de la suite de Sobol augmente. Cela est dii aussi au fait
que, contrairement a I'expérience dans le vide, beaucoup de nombre aléatoires sont
échantillonnés avec du bruit blanc dans ce cette simulation, ce qui réduit le gain
introduit par le QMC.

D’autres simulations et comparaisons ont été réalisées dans le cadre d"une simu-
lation pour le calcule de dose dans une volume contenant des matériaux de plusieurs
densité (Figure 2.5). Cependant, dans ce cas aussi, la dimension du probléeme étant
relativement grande, les résultats obtenus ont été tres faibles. Il a donc été décidé de
suspendre les travaux de projet puisque 1'avantage introduit par les échantillonneurs
a faibles discrépances dans un contexte réaliste, c’est a dire en grande dimension
n’étaient pas suffisant. Cependant, nous pensons quune direction possible pour
la suite serait de déterminer, pour un type de simulation donné, quels dimensions
influencent le plus la quantité d'intérét, pour n’échantillonner que ces dimensions
avec des nombres quasi-aléatoires.
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Effets de volume partiels (EVP) et méthodes de correc-
tions (PVC)

Caractérisation des EVPs

Les Effets de Volume Partiels (EVP) en TEMP se manifestent par une sous-
estimation de l'activité dans les volumes de taille inférieure a 2 x la FWHM et par
une sur-estimation dans les volumes voisins (spill-out). De méme, chaque volume
peut étre contaminé par l'activité des volumes environnants (spill-in). Ces EVP
persistent malgré la correction d’atténuation (Section 1.2.4.1), des rayonnements
diffusés (Equations (1.31) et (1.32)) et de la résolution spatiale (Equation (1.34)) lors
de la correction. De plus, ils se manifestent d’autant plus dans les volumes de petite
taille (Figure 3.2) et se quantifient, entre autre, par le Coefficient de Recouvrement
décrit par I'Equation (3.1).

Les conséquences cliniques des EVP peuvent étre de différentes nature. D’abord,
lorsque I'image TEMP est utilisée pour diagnostiquer ou suivre I'évolution de
tumeurs, les EVP alterent a la fois 'activité moyenne et les contours du volume.
Dans le cadre des thérapies RIV, les EVP rendent la segmentation des ROI plus
délicate, ce qui par conséquent augmente l'incertitude de la dosimétrie.

Les EVPs sont dus a la résolution spatiale limitée des caméras gamma. La réponse
de la caméra peut étre divisée en deux effets principaux : la résolution intrinseque et

la réponse du collimateur. La résolution intrinseque est proportionnelle a8 ——, ot1 E
VEo

est I'énergie des gammas entrants dans le scintillateur. La résolution du collimateur
peut étre exprimée en fonction de la géométrie de celui-ci et de la distance entre la
source et le détecteur (Equaﬁon (3.2)). Les parametres de la réponse du détecteur ont
été déterminés pour le systeme TEMP utilisé au Centre Léon Bérard, Lyon, France,
qui est I'Intevo Bold commercialisée par Siemens, avec un collimateur d’énergie
moyenne (MEGP) et une source de 77 Lu (cf Equaﬁon (3.11) et Figure 3.8).

Méthodes de corrections (PVC)

Plusieurs méthodes de correction des EVPs ont été proposées par le passé pour
inverser 'effet de la PSF sur I'image reconstruite. Le probleme inverse que ces
méthodes tentent de résoudre est formulé dans I’Equation (3.13).

Le premier type de méthodes sont les méthodes de déconvolution. La méthode
RM peut étre considérée comme tel mais n’est pas suffisante. Pour limiter les artefacts
que cette méthode crée, il est possible de sous-estimer la PSF lors de la reconstruction
ou d’appliquer un filtre gaussien a I'image reconstruite, mais cela se fait au prix d"une
résolution spatiale dégradée. Des méthodes basées sur la restauration de 'image
par filtration ont également été proposées, comme le Filtre de Wiener, rappelé
a I'Equation (3.15). Cependant, ces méthodes nécessitent de sélectionner un filtre
approprié a chaque image et application [143] et ménent souvent a une augmentation
du bruit de I'image [114]. Les méthodes de déconvolution itératives telles que
Richardson-Lucy[184, 142] ont été appliqués en TEMP [231] mais nécessitent, pour
ne pas que le bruit ne soit trop amplifié, d’appliquer une régularisation qui dégrade
également la résolution spatiale.
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Les méthodes basées sur une segmentation de I'image sont également nom-
breuses. La méthode basée sur les RC consiste a pré-calculer les coefficients de
recouvrement en fonction de la taille des objets a corriger, puis de les appliquer a
I'image reconstruite sur chaque objet segmenté. Bien que cette méthode soit assez
fréquemment conseillée [50] et appliquée en clinique, elle se heurte & deux obstacles:
le fait que les coefficients de recouvrements soit calculés expérimentalement sur un
volume différent de celui de I'image a corriger et le fait que ces RC sont généralement
uniquement paramétrés par la taille des objets. En effet, les EVP dépendent de nom-
breux parametres comme la position de I'objet, du niveau de bruit, le ratio d’activité
entre la ROI et le fond. Plus réalistes, les méthodes GTM (Equation (3.19)) et Labbé
(Equation (3.21)) consistent a inverser la matrice contenant les activités moyennes
dans chaque région, soit en prenant les contours exacts de la segmentation (méth-
ode GTM), soit floutant les bords de chaque région par la PSF (méthode Labbé).
Cependant, ces méthodes ne permettent d’avoir qu'une estimation région-par-région.
La méthode MTC (Equation (3.22)) permet de corriger 'image voxel-par-voxel en
corrigeant les régions de maniéere indépendante grace a une premiere estimation de
l'activité dans chaque région. La méthode de Yang itérative (Equation (3.26)) est une
extension itérative de la méthode RBV (Equation (3.24)) qui converge en quelques
itérations, permet de corriger assez bien le spill-in et le spill-out et de retrouver la
vraie activité dans chaque région [194, 228].

Cependant, ces méthodes reposent sur la segmentation des ROIs qui est parti-
culierement délicate a obtenir, en particulier pour les 1ésions dont les contours sur
I'image TEMP non-corrigée sont affectés par les EVP. Idéalement la segmentation
de I'image ne devrait donc étre faite qu'une fois 'image corrigée des EVPs. Pour la
segmentation des ROIs sur le CT, la précision des contours peut étre affectée par des
erreurs de registration entre les deux images.

De maniere générale, il y assez peu de consensus pour déterminer quelle méthode
de correction des EVP a la fois la plus efficace pour les corriger et applicable en routine
clinique. Certaines méthodes basées sur I'intelligence artificielle ont été proposées
pour éviter d’avoir besoin d'une segmentation de l'image avant correction [255, 125].

Correction des EVP par apprentissage profond sur les
projections

Création du jeu de donnée d’entrainement

Dans cette section, nous détaillons la méthode que nous proposons pour corriger
les EVP par apprentissage profond sur les projections. Pour entrainer notre modéle,
nous avons utilisé une large base de donnée synthétique dont nous allons détailler la
créations dans le prochain paragraphe. Les raisons de ce choix viennent du fait qu'il
n’est pas possible d’avoir une image de référence venant d"un jeu de donnée réel
car les méthodes existantes de correction des EVP sont toujours imparfaites. D’autre
part générer les données par simulation MC n’est pas option réaliste car nous serions
soit limité par la taille du jeu de donnée produit, soit par les ressources en terme de
temps de calcul nécessaire.
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Pour créer un jeu de données synthétique mais réaliste, nous avons utilisé des
scanners CT de 14 patient que nous avons segmentés de maniere automatique avec
le logiciel TotalSegmentator [248]. Nous avons ensuite généré 10,000 cartes d’activité
aléatoires de la maniére suivante: apres avoir sélectionné de maniere aléatoire un CT,
lactivité dans le fond a été fixée a 1, puis, a chaque ROI a été assigné une ratio (cf
le Tableau 4.1), puis entre 1 et 10 lésions de taille/position/ratio aléatoires ont été
ajoutées. Enfin, la carte d’activité résultante a été multipliée par une fonction mimant
une hétérogénéité réaliste (cf Equation (4.1)) et I'activité totale a été normalisée pour
étre comprise entre 200 MBq et 1 GBq en considérant le temps par projection égal a
15 secondes.

Pour chacune des carte d’activité générées, et la carte d’atténuation correspon-
dante, nous avons généré des projections de différentes manieres. D’abord, en
projetant le volume avec le projecteur Zeng, sans modéliser la PSE, nous obtenons
PropvE, le sinogramme sans PVE qui servira, pour 'entrainement, de référence.
Ensuite, en projetant 'activité avec la PSF mesurée dans la section précédente, nous
obtenons Ppyg. En appliquant un bruit de poisson a ce sinogramme , on obtient
PpyE noisy- Tous les sinogrammes contiennent 120 projections de taille 128 x 128
avec une taille de pixel de 4.8 x 4.8 mm?. La carte d’attenuation a également été
projetée. Enfin, en reconstruisant I;e0 a partir des projections PpyEnoisy avec OSEM,,
RM, 10 itérations et 8 sous-ensembles, et en projetant cette image reconstruite, on
obtient le sinogramme Prec10 - Un exemple issu de I'ensemble de donnée généré
de cette maniere est donné sur la Figure 4.4.

Entrainement

Les Equations (4.7), (4.8) et la Figure 4.5 détaillent I'entrainement du réseau de
neurones f1pycNet-sino, COMposé de deux U-nets en 3d.

Résultats

Une étude par ablation sur un jeu de donnée de test contenant 1,000 données,
générées de la méme maniere que le jeu de donnée d’entrainement mais avec 4 CT
méthode, i.e les deux U-nets, leur architecture ainsi que l'utilisation de Prec1o 6, €n
entrée. Pour ce dernier point, le simple fait de considérer ce sinogramme en entrée du
réseau a permis d’obtenir une erreur moyenne absolue (NMAE) de 4.91 x 1072,
contre 5.29 x 102 lorsque ce sinogramme n’était pas utilisé lors de I'entrainement.

Le modéle hpycNetsino @ ensuite été évalué sur des données expérimentales
obtenues sur le fantéme IEC contenant 6 spheres plongées dans une activité de
fond avec un ratio de I'ordre de 11:1. Les images reconstruites et corrigées ainsi
que les résultats en terme de coefficients de recouvrement sont présentés sur la
Figure 4.14. On y voit que l'activité dans les spheres est bien mieux quantifiée
qu’avec la méthode RM et que les RC sont assez proches de ceux obtenus avec la
méthode de Yang itérative (iY), qui, pour rappel, utilise une segmentation exacte
des spheres, contrairement a PVCNet-sino. En comparant les images corrigées, il est
clair que PVCNet-sino permet d’améliorer la détection et le signal des spheres de
taille 13/17/22/28/37 mm avec des RC de respectivement 0.56/0.73/0.90/1.04/1.08,
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comparé a 0.24/0.35/0.52/0.66/0.77 avec RM et 0.69/0.79/1.01/1.07/1.11 aveciY.
Cependant, la plus petite sphere (10 mm) disparait completement avec PVCNet-sino
alors qu’elle est largement sur-estimée par iY.

Une simulation MC d’"un patient a également été réalisée pour évaluer notre
modeéle et le comparer aux autres méthodes de correction des EVP. Les méthodes
RM, iY et PVCNet-sino ont d’abord été comparées en terme de coefficients de
recouvrement: la méthode PVCNet-sino permet d’obtenir la meilleure estimation
dans toutes les ROI, hors lésions (fond, vésicule biliaire, reins, foie et rate). Cependant,
sur les 4 Iésions, 3 ont été mieux corrigées par iY, et souvent largement (RC de
0.97/1.06/1.15/1.10 pour iY, comparé a 0.58/0.66/0.80/0.90 pour PVCNet-sino).
Sur les métriques globales comme l'erreur quadratiques moyenne et absolue, le
VAA (défini Equation (4.14)), PVCNet-sino est systématiquement meilleure avec
respectivement 0.90/0.26/21.24% pour les NRMSE/NMAE/VAA, a comparer avec
les 1.26/0.42/7.55% de RM et 1.09/0.31/8.55% de iY. Visuellement, sur la Figure 4.17,
bien que les contours des ROIs soient presque aussi bien corrigés avec PVCnet-
sino qu’avec 1Y, notre méthode de correction et reconstruction souffre de quelques
artefacts apparaissant apres reconstruction (notamment sur les bords des reins et du
foie).

Méthodes d’entrainement alternatives dans le domaine
image

Méthodes post-reconstruction

Nous avons également comparé l'approche décrite dans la section précédente,
qui n’opérait la correction que dans le domaine des projections, avec des méthodes
d’entrainement et de correction sur les images reconstruites. Un premier réseau de
neurones, PVCNet-img, a été entrainé en ne prenant en entrée que deux images o la
carte d’atténuation, et I;ec10. La référence utilisée pour I'entrainement supervisée était
la carte d’activité exacte générée dans la section précédente mais ré-échantillonnée a
la résolution de la TEMP (c’est-a-dire 4.8 x 4.8 x 4.8 mm3). Un modele, PVCNet-
sino-img, a été entrainé d"une maniere similaire mais avec une entrée additionnelle:
I'image IpycNet-sino, Obtenue apres reconstruction de 'image avec les projections
corrigées par le réseau entrainé a la section précédente, hpycNetsino- Ce dernier
modele profite donc de l'entrainement a la fois sur les projections et sur les images
reconstruites.

Résultats

Les différences et similitudes entre les trois méthodes comparées dans cette
section sont rappelés dans le Tableau 5.1.

Sur le jeu de donnée de test, PVCnet-sino-img est le modele qui a permis d’obtenir
I'erreur quadratique moyenne la plus basse, des coefficients de recouvrements
proches de 1, ainsi que une moyenne de coefficient Dice la plus élevée, comparée
aux autre PVCNet (PVCNet-sino, PVCNet-img) et a la méthode de reconstruction
avec RM. Ces résultats peuvent étre consultés a la Figure 5.2
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Sur la simulation MC du patient, c’est la méthode qui a permis de réduire le
plus les erreurs NRMSE/NMAE/VAA (Tableau 5.3). De plus, les deux méthodes
entrainées directement sur les images (PVCNet-img et PVCNet-sinot-img) ont fait
montre de meilleure capacité a réduire le bruit de fond. Enfin, sur les RC et erreurs
absolues locales sur les ROISs, les résultats indiquent une meilleure capacité de cette
méthode a estimer l'activité dans la plupart des organes/ROI (fond, vésicule, reins
et rate) mais la méthode iY surpasse toujours les autres sur les lésions. Pour rappel,
aucune des méthodes PVCNet nutilise la segmentation des ROIs pour corriger
I'image lors de I'application du réseau, contrairement a iY. Visuellement, sur les
images (Figure 5.3) et sur les profiles (Figure 5.4), lorsque I'on compare PVCNet-img
avec PVCNet-sino-img; il est clair que le premier méne & une image plus flou, dont
les contours des région d'intérét (reins, lésion, foie) sont toujours légerement affectés
par des EVD, alors que bien que l'image obtenue avec PVCNet-sino-img ne soit pas
parfaite, les EVPs y sont bien moins présents.

Les résultats de cette étude, bien que préliminaires, nous menent a la conclusion
que le fait d"utiliser deux réseaux (un agissant sur les projections et un autre agissant
sur I'image) est I'approche qui mene au meilleur compromis entre la qualité visuelle
et quantitative de 'image obtenue.

Conclusion

Dans cette these, nous avons montré la possibilité de réduire les EVPs sur les
images TEMP grace a 'apprentissage profond sur des données synthétiques. D’autre
part nous avons comparé plusieurs approches et avons conclu que le fait d"utiliser a
la fois des données dans le domaine des projections et des données directement dans
le domaine image pour I'entrainement de modeles d’apprentissage profond, est
I'approche permettant de mieux réduire les EVPs. Les EVPs étant particulierement
problématiques pour arriver a une personnalisation des traitements RIV, nous pen-
sons qu'il sera prochainement possible de les corriger grace a l'intelligence artificielle
lors de la reconstruction de I'image TEMP, a condition d’atteindre des garanties de
validité, généralisabilité et explicabilité assez fortes.
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RESUME :

La tomographie par émission monophotonique (TEMP) est une modalité d'imagerie nucléaire notamment utilisée en
oncologie pour la détection et le suivi des tumeurs. La quantification par TEMP est également devenue cruciale pour la
dosimétrie dans le cadre des Radiothérapies Internes Vectorisées (RIV) au 177 Lu-PSMA ou 177 Lu-DOTATATE. Dans cette
these, nous explorons deux sujets : 1) une méthode Quasi Monte Carlo (QMC) qui pourrait potentiellement accélérer les
simulations 2) la correction des effets de volume partiel (EVPs) des images TEMP par apprentissage profond.

Les simulations Monte Carlo (MC) jouent un réle essentiel en médecine nucléaire, notamment pour le calcul de dose, la
conception de nouveaux systemes TEMP et I'évaluation des algorithmes de reconstruction. Bien que trés réalistes et précises
les simulations MC sont co(iteuses en calcul et lentes a converger.

La premiére contribution de cette thése est I'investigation de I'usage des séquences quasi-aléatoires pour I'échantillonnage
dans les simulations MC pour la médecine nucléaire. Les séquences quasi-aléatoires sont congues pour remplir I'espace
d’échantillonnage de maniére plus homogene que les générateurs de nombres pseudo-aléatoires couramment utilisés. Une
suite de Sobol a été utilisée dans Geant4/Gate pour échantillonner les positions, directions et I'énergie des gamma primaires,
ainsi que leurs premiéres interactions Compton. Bien que les premiers résultats ont montré des réductions d’erreur
prometteuses allant jusqu’'a 40% pour le suivi des particules gamma dans le vide, d'autres expériences, notamment dans I'eau,
ont montré que lorsque le nombre de dimensions requises augmentait, le gain induit par I'échantillonneur quasi-aléatoire se
réduisait a seulement quelques pourcents.

Une autre limite de la dosimétrie basée sur 'image TEMP est que leur résolution spatiale reste limitée, en raison des EVP. Les
EVPs sont une sous-estimation ou surestimation de l'intensité des voxels dans les images reconstruites. Généralement, les
EVPs se manifestent par le flou des bords des petites régions ou par la contribution des régions environnantes a I'activité
estimée d'un objet. Leur cause principale est la réponse du collimateur-détecteur, définie par sa fonction d’étalement du point
(PSF), qui peut étre corrigée en la modélisant dans les algorithmes de reconstruction itératifs. Cette méthode n’étant pas
suffisante, la deuxiéme contribution de cette thése est PVCNet-sino, une méthode de correction de EVPs basée sur
I'apprentissage profond, entrainée sur un grand jeu de données de sinogrammes synthétiques pour corriger la PSF sur les
projections, avant reconstruction. Les données d’entrainement ont été générées a I'aide de scanners de patients utilisés pour
créer 10 000 sources d’activité aléatoires, projetées analytiquement 1) avec modélisation de la PSF et du bruit et 2) sans PSF.
Un 3d-Unet a été entrainé pour inverser I'effet de la PSF sur ces sinogrammes. La méthode proposée ne repose pas sur une
segmentation de I'image, a I'inverse de la plupart des méthodes de correction de EVPs. Aprées reconstruction, PVCNet-sino
permet une meilleure réduction des EVPs par rapport & d’autres méthodes de correction et a été évaluée sur des données
simulées, des expériences sur fantdbme et des données de patients.

La correction avec PVCNet-sino a également été comparée a d’autres approches basées sur I'apprentissage profond : une
dans le domaine image (PVCNet-img) et une approche opérant dans les deux domaines (PVCNet-sino-img). Les résultats
indiquent que I'entrainement & la fois sur les projections et sur 'image méne a la meilleure correction, visuellement et
quantitativement. Cependant, toutes les méthodes basées sur I'apprentissage profond proposées dans cette thése ont montré
des difficultés a corriger les petites Iésions. A I'avenir, ce travail pourrait améliorer la quantification basée sur la TEMP dans le
cadre des RIV et étre une alternative aux méthodes basées sur la segmentation.
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