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Summary

Achieving excellent image quality and quantitative accuracy using current generation Positron Emission
Tomography (PET) scanners is mandatory for accurate clulimghosis and monitoring of various medical
conditions. PET utilizes radioactive tracers or molecular imaging probes to produce images representing the
physiology of body's internal organs and tissues, thus allowing physicians to identify and locatal potent
diseases and molecular pathways. The quality of the images produced by PET scanners is vital because it
directly impacts the accuracy of clinical diagnosis and treatment strategies. Poor image quality can result in
false positives or negatives, whichturn leads to incorrect diagnosis or ineffective treatment plans. This can
ultimately compromise patient outcomes. To ensure-gigtlity images, PET scanners must have a high
spatial resolution and sensitivity. Spatial resolution refers to the alilitie scanner to distinguish between

two closely located objects, whereas the sensitivity refers to its ability to detect small amounts of the
radioactive tracer. PET scanners with high image quality can detect even small changes in the body's
metabolism ad physiological functions, which can be indicative of eatge disease. This early detection

can lead to earlier intervention and more successful treatment outcomes. In summary, image quality is of
utmost importance in PET imaging as it directly adbe accuracy of diagnosis and treatment outcomes.

This dissertation and portfolio of published works presented here aim to showcase various approaches and
strategies devised to enhance PET scanning procedures in terms of convenience, safety, and accuracy. These
improvements are achieved through both hamwinstrumentatignrand software (imaging methodology)
enhancements.

A more convenient PET scanning protocol can result in shortereffestive procedures, addressing the
peculiarities of elderly and pediatric patients. A safer PET scan utilizes a lower injected activity of radiotracer,
which is particularly beneficial hen scanning patients multiple times to monitor treatment response. Finally,
ahigh performance PET scanner can generatetggblution, sensitive images that can detect small changes
in the body's metabolism and physiology, indicating estidge disease Early detection can lead to earlier
intervention and more favorable treatment outcomes.

This thesis consists of three different parts, each addressing open research questions and enabling to
improve PET image quality and quantitative accuracy. In the PET instrumentation part, we present novel
concepts for hardware enhancements, including PiEW geometry configurations and detector designs. At
the hardware and software intersection part, we explore novel methods to improve hardware performance,
such as deep learnififL)-based event positioning within detectors or leverafihdgo implement tine-of-
flight (TOF) capability on nofTOF PET devices. Finally, in the last imaging methodology part, we present
algorithmic developments to improve PET image quality and quantitative accuracy by reducing scanning
time and/or radiation exposure, and quatitie image reconstruction through CT/Mé&ss partial volume
correction (PVC) and attenuation correction (AC).

Initially, a comprehensive review of PET scanners developed in academic and corporate settings, including
organspecific dedicated designs with irregular geometries, was conducted. Subsequently, we examined
potential hardware enhancements in PET deteetmiisscanner geometrical configurations driven by gaps
identified in previous research. To this end, we designed and simulated variezenmentional geometries
and conceptual designs of PET scanners, including a novel model featuring both thick amshtiithic
scintillation crystals, where the thinner crystals aim at improving spatial resolution, whereas the thicker ones
are intended to enhance detection efficiency. Another design we evaluated is referred to aBEAGtive
consists of an evolving PESEanner equipped with two highsolution and higisensitivity detector modules
and mechanical arm mechanisms that enable versatile detector repositioning, making it suitable for various
imaging applications, including but not limited to brain, axillagkteprostate, wholeody, preclinical, and
pediatric imaging, as well as cell tracking and imgg&led therapy. In addition, to improving the
performance of PET detectors, we proposed utilizing a horizontal Polaroid sheet between the scintillator and
phaodetector to prevent the reflected scintillation photons from reaching the photodetectors, taking into
account the polarization state.

To enhance both the hardware and software aspects of PET imaging, we dev&bapaodadel capable
of accurately estimating the 3D position of events within a monolithic crystal, which significantly improved
the resulting PET spatial resolution. In another project, we implemented artificially TOF capability to images
produced by a scannetithout TOF capability to generate images with TOF information in both the image
and projection domains. This was demonstspatidl ed to
resolution.

The subsequent part of our study focused on developing methodologies to reduce the injected activity of
the radiotracer, scanning time, and enhance image quality. To this end, we investigated the performance of
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DL-assisted models in denoising PET images and sinograms for both brain anebedholstatic and
dynamic PET scans. Our results showed thagbDided methods significantly improved the quality of brain

PET images, requiring only 5% of the standard ingativity, leading to image of diagnostic quality similar

to those generated in the clinic with the injection of standard activities. In addition, we demonstrated that fast
whole-body PET scans with only 7&f standard acquisition time can be useddnegate pseudo standard
dose/standard acquisition time images, with similar quality and performance in terms of lesion detectability,
gualitative scores, and quantification bias and variance. Furthermore, we generated-dtzselbrdin PET

TOF bins sinogam from their corresponding ledose TOF bins sinogram and demonstrated that DL models
operate better in the projection space than in the image space. We also trained a recurrent neural network to
generate late time frames from the initiattiBe framesof clinical dynamic*®F-DOPA brain PET images
acquired over a period of 90 minutes-titGe frames), thus reducing scanning time and minimizing motion
artifacts.

We also developed a direct attenuation correction model to generate attenuated corrected brain PET images
from nornrattenuated corrected images and proposed an analytical augmentation method, called Laplacian
blending, to artificially increase the size of the dataset by combining brain images of different individuals in
a realistic way, making our DL model more reband generalizable. Finally, we demonstrated that DL
models can correct partial volume effect directly from PET images without using anatomic information (MRI)
and generate fullose PVC images from ledose norPVC PET images



Résumé

L'obtention d'une excellente qualité d'image et dbimeneprécision quantitative a l'aide des scanners de
tomographie par émission de positons (TEP) de la génération actuelle est indispensable au diagnostic cliniqu
précis et au suivi de diverses affections. La TEP utilise des traceurs radioactifs ou des 'soadesied
moléculaire pour produire des images représentant la physiologie des organes et tissus internes du corp
permettant ainsi aux médecins d'identifier et de localiser les maladies pleteetides voies moléculaires. La
qualité des images produites par les scanners TEP est essentielle car elle a un impact direct sur la précision
diagnostic clinique et des stratégibe®rapeutiguesUne mauvaise qualité d'image peut entrainer des faux
positifs oufaux négatifs, ce qui conduit a un diagnostic erroné ou a des plans de traitement inefficaces. En fin
de compte, cela peut comprometpase en charge degatients. Pour garantir des images de qualité
diagnostiqueles scanners TEP doivent &vane résolution spatiale et une sensibilité élevées. La résolution
spatiale fait référence a la capacité du scanner a distinguer deux objets situés a proximité I'un de l'autre, tand
que la sensibilité fait référence a sa capacité a détecter de pette#és de traceur radioactif. Les scanners
TEP dotés d'une qualité d'image élevée peuvent détecter les moindres changements dans le métabolisme et
fonctions physiologiques de I'organisme, qui peuvent étre révélateurs d'une maladie a un stadeCptézoce
détection précoce peut conduire a une intervention plus rapide et a des résultats thérapeutiques plus proban
En résumé, la qualité de l'image est d'une importance capitale en imagerie TEP, car elle affecte directement |
précision du diagnostiet les résultats du traitement.

Cette these et I'ensemble des travaux publiés ici visent a présenter diverses approches et stratégies congl
pour améliorer les procédures d'imagerie TEP en termes de commodité, de sécurité et de précision. Ce
améliorations sont obtenues grace a desiamaébns matérielles (instrumentation) et logicielles (méthodologie
d'imagerie).

Un protocole d'examen TEP plus pratique peut se traduire par des procédures plus courtes et plus rentable
répondant aux particularités des patients agés et pédiatriques. Un examen TEP plus s(r utilise une activit
injectée de radiotraceur plus faible,qué est particulierement avantageux lorsque les patients sont examinés
plusieurs fois pour surveiller la réponse au traitement. Enfin, un scanner TEP trés performant peut générer de
images sensibles a haute résolution qui permettent de détecter dehpeiifsments dans le métabolisme et la
physiologie de I'organisme, indiqguant des maladies a un stade précoce. Une détection précoce peut conduire
une intervention plus rapide et a des résultats thérapeutiques plus favorables.

Cette these se compose de trois parties différentes, chacune abordant des questions de recherche ouverte
permettant d'améliorer la qualité de I'image TEP et la précision quantitative. Dans la partie consacrée ¢
l'instrumentation TEP, nous présentonsndeiveaux concepts pour I'amélioration du matériel, y compris de
nouvelles configurations géométriques TEP et de nouveaux modeéles de détecteurs. A l'intersection du matérie
et du logiciel, nous explorons de nouvelles méthodes pour améliorer les perfesrdamatériel, telles que le
positionnement des événements dans les détecteurs basé sur l'apprentissage profond ou l'utilisation c
| " apprenti ssage profond pour mettre en Tuvre | a
TOF. Enfin, dansla derniére partie consacrée a la méthodologie d'imagerie, nous présentons des
développements algorithmiques visant a améliorer la qualité des images TEP et la précision quantitative el
réduisant le temps de balayage et/ou I'exposition aux rayonneniesitgue la reconstruction quantitative des
images grace a la correction du volume partiel (PVC) et a la correction de I'atténuation (AdVpgaiesours
a latomodensitométrie i inha@erie par résonance magnétique.

Dans un premier temps, nous avons procédé a un examen complet des scanners TEP mis au point dans
milieux académiques et industrielscompris des modéles dédiés a des organes spécifiques et présentant des
géométries irréguliéres. Ensuite, nous avons examiné les améliorations matérielles possibles des détecteurs Ti
et des configurations géométriques des scanners en fonction dessladantifiées dans les recherches
antérieures. A cette fin, nous avons congu et simulé diverses géométries non conetesi@t conceptions
de scanners TEP, y compris un nouveau modéle comportant des cristaux de scintillation monolithiques épais ¢
minces, les cristaux les plus minces visant a améliorer la résolution spatiale, tandis que les plus épais sor
destinés a adliorer I'efficacité de la détection. Un autre modéle que nous avons évalué, appeléPEdtjve
consiste en un scanner TEP évolutif équipé de deux modules de détection haute résolution et haute sensibili
et de mécanismes de bras mécaniques qui permetiaepositionnement polyvalent du détecteur, ce qui le
rend adapté a diverses applications d'imagerie, y compris, mais sans s'y limiter, l'ic&gbérededu sein, de
la prostate, du corps entier, préclinique et pédiatrique, ainsi que le suivi des cellules et la thérapie guidée pa
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l'imagerie. En outre, pour améliorer les performances des détecteurs TEP, nous avons proposé d'utiliser ur
feuille polaroid horizontale entre le scintillateur et le photodétecteur pour empécher les photons de scintillation
réfléchis d'atteindre les photétgcteurs, en tenant compte de I'état de polarisation.

Afin d'améliorer les aspects matériels et logiciels de l'imagerie TEP, nous avons développé un modéle
d'apprentissage profond (DL) capable d'estimer avec précision la position 3D des événements dans un crist:
monolithique, ce qui a permis d'améliorer ddésablement la résolution spatiale de la TEP. Dans un autre
projet, nous avons ajouté artificiellement une capacité TOF aux images produites par un scanner sans capaci
TOF afin de générer des images avec des informations TOF dans les domaines detli@mdmerojection. Il
a été démontré que cela jouait un réle crucial dans I'amélioration de la résolution spatiale de la TEP.

La suite de notre étude s'est concentrée sur le développement de méthodologies visant & réduire I'activit
injectée du radiotraceur, le temps de balayage et & améliorer la qualité de I'image. A cette fin, nous avons étud
les performances des modeéles stgsi par DL dans le débruitage des images TEP et des sinogrammes pour les
scans TEP statiques et dynamiques du cerveau et du corps entier. Nos résultats ont montré que les méthoc
guidées par DL améliorent de maniere significative la qualité des imadeséfFébrales, ne nécessitant que 5
% de l'activité standard injectée, ce qui permet d'obtenir des images de qualité diagnostique similaires a celle
générées en clinique avec l'injection d'activités standard. En outre, nous avons démontré que le3EPanners
rapides du corps entier avec seulement 1/8e du temps d'acquisition standard peuvent étre utilisés pour généi
des images pseudinse standard/temps d'acquisition standard, avec une qualité et des performances similaires
en termes de détectabilité désions, de scores qualitatifs, de biais de quantification et de variance. En outre,
nous avons genéré des sinogrammes de bins TOF de TEP cérébrale a dose standard & partir des sinogramr
de bins TOF correspondantsidefaible dose et nous avons démontré que les modeéles DL fonctionnent mieux
dans l'espace de projection que dans l'espace d'image. Nous avons également entrainé un réseau heurc
récurrent a générer des trames temporelles tardives a partir des 13 tranuesliesnpitiales d'images TEP
céébrales dynamiques &tF-DOPA acquises sur une période de 90 minutes (26 trames temporelles), réduisant
ainsi le temps de balayage et minimisant les artefacts de mouvement.

Nous avons également développé un modéle de correction directe de I'atténuation pour générer des imag
TEP cérébrales corrigées de l'atténuation a partir d'images non corrigées de I'atténuation et nous avons propo
une méthode d'augmentaii analytique, appelée mélangaplacien, pour augmenter artificiellement la taille
del'ensemble de données en combinant des images cérébrales de différents individus de maniére réaliste, ce ¢
rend notre modéle DL plus robuste et plus généralisable. Enfin, nous avons démontré que les modeéles DI
peuvent corriger I'effet de volume partigtedttement a partir des images PET sans utiliser d'informations
anatomiques (IRM) et générer des images PVC a pleine dose a partir dimages P& TCrinfaible dose.



Papersincluded in this thesis

This dissertation ishased on a number of studies submitted and reported in the followingepesred originarticles.
Publishedarticlesarereprintedby the kind permissiorof thereferredpublisher.

1. A. Sanaat M. Amini, H. Arabi, and H. Zaidi, iThe quest for multifunctional and dedicated PET
instrumentation with irregular geometrigg\nn Nucl Med(2023)under revision

2. A. Sanaat H. Arabi, MR. Ay and H. Zaidi "Novel preclinical PET geometrical concept using a
monolithic scintillator crystal offering concurrent enhancement in spatial resolution and detection
sensitivity: A simulation studyPhys Med Biol Vol. 65, No. 4, pp 045013 (2020).

3. A. Sanaat M. Jamalizadeh, H. Khanmohammadi, H. Arabi, and H. Zaéiditive-PET: a multifunctional
PET scanner with dynamic gantry size featuring riggolution and higisensitivity imaging: a Monte
Carlo simulation study Phys Med Biol Vol. 67, No. 15, pp 155021 (2022).

4. A. Sanaat A. AshrafiBelgabad, and H. Zaidi "PolareET: a PET scanner with detectors fitted with
polaroids for filtering unpolarized optical photons: A Monte Carlo simulation stady$ Med BioNol.
65, No. 23, pp 235044 (2020).

5. A. Sanaat and H. Zaidi "Depth of interaction estimation in a preclinical PET scanner equipped with
monolithic crystals coupled to SiPMs using a deep neural netwipgl' SciVol. 10, No. 14, pp 4753
(2020).

6. A. Sanaat A. Akhavanallaf, I. Shiri,Y. Salimi, H. Arabi, and H. Zaidi "De@@FPET: Deep learning
guided generation of timef-flight (TOF) PET from noATOF brain PET images in the image and
projection domainsHum Brain MappVol. 43, No. 16, pp 5033043 (2022).

7. A. Sanaat H. Arabi, |I. Mainta, V. Garibotto and Zaidi H "Projectigpace implementation of deep
learningguided lowdose brain PET imaging improves performance over implementation in image
space'd Nucl MedVol. 61, No. 9, pp 1388396 (2020).

8. A. Sanaat I. Shiri, H. Arabi, I. MaintaR. Nkoulou and H. Zaidi "Deep learniagsisted ultrdast/low
dose wholébody PET/CT imagingEur J Nucl Med Mol Imagindol. 48, No. 8, pp 2402415 (2021).

9. A. Sanaat H. Schooli, S. Ferdowsi, I. Shiri, H. Arabi and H. ZdlBieepTOFSino: A deep learning
model for synthesizing fullose TOF bin sinograms from their corresponding-ttngse TOF bins"
Neuroimage/ol. 245, pp 118697 (2021).

10. A. Sanaat E. Mirsadeghi, B. Razeghi, N. Ginovart and H. Zaidi "Fast dynamic brain PET imaging using
stochastic variational prediction for recurrent frame generabted Physvol. 48, No. 9, pp 505%071
(2021).

11. A. Sanaat I. Shiri, S. Ferdowsi, H. Arabi and H. Zaidi "Robi3tep: A method for increasing brain
i maging datasets to improve deep JDggdmagirigvog35model s 6
No. 3, pp 469481 (2022).

12. A. Sanaat H. Shooli,AS. BohringerM. Sadeghil. Shiri, Y. Salimi,N. Ginovart,V. Garibotto,H. Arabi,
andH. Zaidi "A cycle-consistent adversarial network for brain PET partial volume correction without
prior anatomical informationEur J Nucl Med Mol Imaginy/ol. 50, No. 7, pp1881-1896(2023)

13. A. Sanaat AS. Bohringer, I. Shiri, Y. Salimi, AGhavabesh, M. AminiN. Ginovart, V. Gabotto, H.
Arabi, and H. ZaidiH f DBWCpA cycle generativeadversarialnetwork model for synergistic
denoising andpartial volume correction inmultitracerbrain PETima g i (2023)|IEEE Trans Neural
Netw Learn Sysinform (2023)Submitted

Vi



Contents

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Chapter 7

Chapter 8

Chapter 9

Chapter 10

Chapter 11

Chapter 12

Chapter 13

Chapter 14

Chapter 15

Summary
Résumé

Papers included in this thesis
Introduction

Motivation and background
Scope and outline of the research

The quest for multifunctional and dedicated PET instrumentation with irregular
geometries

Ann Nucl Med(2023)under revision

Novel preclinical PET geometrical concept using a monolithic scintillator crystal offering
concurrent enhancement in spatial resolution and detection sensitivity: A simulation study

Phys Med Biol, Vol. 65, No. 4, pp 045013 (2020)

Active-PET: a multifunctional PET scanner with dynamic gantry size featuring high
resolution and high-sensitivity imaging: a Monte Carlo simulation study

Phys Med Biol. Vol. 67, No. 15, pp 155021 (2022)

Polaroid-PET: a PET scanner with detectors fitted with polaroids for filtering
unpolarized optical photons: A Monte Carlo simulation study.

Phys Med Biol, Vol. 65, No. 4, pp 045013 (2020)

Depth of interaction estimation in a preclinical PET scanner equipped with
monolithic crystals coupled to SiPMs using a deep neural network

Appl Sci Vol. 10, No. 14, pp 4753 (2020)

DeepTOF-PET: Deep learningguided generation of timeof-flight (TOF) PET from
non-TOF brain PET images in the image and projection domains

Hum Brain Mapp Vol. 43, No. 16, pp 508043 (2022)

Projection-space implementation of deep learninguided lowdose brain PET
imaging improvesperformance over implementation in imagespace

J Nucl Med Vol. 61, No. 9, pp 1388396 (2020)
Deep learningassisted ultrafast/low-dose wholebody PET/CT imaging
Eur J NuclMed Mol Imaging Vol. 48, No. 8, pp 2465415 (2021)

DeepTOFSino: A deep learning model for synthesizing fudlose TOF bin sinograms
from their corresponding low-dose TOF bins

Neuroimage Vol. 245, pp 118697 (2021)

Fast dynamic brain PET imaging using stochastic variational prediction for
recurrent frame generation

Med Phys Vol. 48, No. 9, pp 505071 (2021)

Robust-Deep: A method for increasing brain imaging datasets to improve dee
learning models

J Dig Imaging Vol. 35, No. 3, pp 46481 (2022)

A cycle-consistent adversarial network for brain PET partial volume correction
without prior anatomical information

Eur J Nucl Med Mol Imagin/ol. 50, No. 7, pp1881-1896(2023)

DeepPVC: A Cycle Generative Adversarial Network Model for synergistic Denoising
and Partial Volume Correction in Multitracer Brain PET Imaging

IEEE Trans Neural Netw Learn Sy&023)Submitted
Conclusions and futureperspectives

Acknowledgments

List of publications

54

109

127

140

155

170

187

206

223
228

229
Vi



Chapter 1

Introduction



I.  Motivation and background

PET is a molecular imaging technique enabling the visualization and quantification of metabolic and biochemical
processesn vivo. It relies on the detection of pairs of annihilation photons emitted indirectly by a pesitron
emitting radionuclide, also known as a radiotracer, that is typically injected intravenously as a biologically active
molecule, such as the equivalent of sugaadufor cellular energy.

PET scanners provide tremendous potential in the diagnosis and staging of various diseases in the clinic by
visualizing metabolic processes. Up to now, this is one of the unique imaging modalities capable of detecting
concentrations of chemical componeintthe picomolar range (as few a$ 1810 radioactive atoms). This level
of sensitivity makes PET ideal for a wide range of applications from cell trafficking to diagnosis and staging of
various types of cancer, such as lung, breast, prostate, and lymphoma. PET depicts the metabolic aatiéty of ¢
cells, which typically have a higher uptake of glucose compared to normal cells. This allows the detection of
small, earlystage tumors and the evaluation of treatment response. PET imaging is also used in the diagnosis and
management of neurologicdisorders, such as Alzheimer's disease, Parkinson disease, and epilepsy. PET scans
can detect changes in brain metabolism and blood flow, which can help diagnosing and monitoring these disorders.
In addition, PET imaging is useful in cardiology for thagfiosis and management of coronary artery disease and
heart failure. PET scans can detect areas of reduced blood flow to the heart muscle, which can indicate blocked
or narrowed arteries. PET imaging is also valuable in research setting, where it ie irsggbtigate various
aspects of physiology, pharmacology, and disease pathogenesis. For example, PET imaging can be used to study
drug pharmacokinetics and biodistribution, and to investigate the role of specific molecules in disease processes.

During the past 70 years, from the manufacturing of the firstlde@dl PET scanner at Massachusetts General
Hospital with two detectors and less than 3 cm axial fidldiew (FOV) to recent totabody PET developed at
the University of California Davis with 564,480 detectors and close to 194 cnF&IAIPET scanners evolved
significantly both in terms of hardware and software. Despite the deployed efforts and achieved improvements,
there is still demand for enhancing PET scanner performance and ditgil@ierall, PET scanner improvement
focused on key performance parameters, including spatial resolution and sensitivity. These two factors can lead
to more precise, faster, and reliable PET scanning. PET should ideally not miss abnormalities aedisnsll |
and have a very low number of false negatives and false positives. A PET scanner with higher sensitivity and
signal to noise ratio is expected to enable faster scanning, which is very convenient especially for elderly and
pediatric patients. A safdPET scan provides highuality diagnostic PET images with minimum amount of
injected activity. Radiation dose reduction brings down the risks of radiation hazards and secondary cancers,
especially for patients requiring repeated scans for fellpvand maitoring of treatment response. Finally, PET
scanners6é availability is another important factor
fabrication. According to a report published by the International Atomic Energy Agency (IAEA), among 212
countries, only 109 have access to PET technology. Feimoame countries, for every 1 million people there
are 0.004 PET scanners while for higicome countries the corresponding value is 3822These statistics
reveal the need for lowost PET scanners.

PET scanners have undergone numerous hardware and software improvements over the years to enhance their
performance and availability. One of the earliest PET hardware improvements was driven by the optimization of
detector moduleR?]. A high-resolution and higisensitive detector allows for more precise localization of the
tracer distribution, thus enabling the imaging of smaller structures within the body and improving lesion
detectability. New advances in scintillator materialseditr configurations, photodetection technologies, and in
positioning algorithms pushed the performance of PET scanners forward.

Introducing timeof-flight (TOF) technology on commercial systems in the early 2000 was another important
hardware development that enhanced PET performance. TOF technology meagiifiesehee in arrival times
of the twophotonsproduced by the annihilation of a positron with an electtbas allowing for more accurate
localization of the positraemitting source. This can improve spatial resolution and stgAabise ratio, thus
resulting in better image quality. A study by Karp et al. demonstrated the benefits of TOF PET for thendetec
of small lesions, with improved contrast and lesiofbackground ratios compared to REOF PET[3].

In addition to hardware improvements, there have been significant advancements in computational techniques
and algorithmic developments for image reconstruction and image quality enhanf&me&hese algorithms
improve image quality, reduce noise, and enhance the visualization of specific structures or processes within the
body.



Finally, there has been a trend towards developing compact and mobile PET scanners that can be used in a
wider range in clinical and research settings. These scanners may be less expensive and more accessible than
traditional PET scanners, and can potélytimprove the availability of PET in resourdienited settings.

Overall, hardware and software improvements of PET scanners have greatly expanded the capabilities of PET
imaging, thus enabling it to be used in a wide range of medical applications. These advancements have improved
image quality, accuracy, and accesgiland have contributed to the growing importance of PET imaging in
clinical practice and research.

Il Scope and outline of the research

According to the structure of this thesis, we suggest different concepts/strategies for improving PET scanner
performance and availability by conducting multiple studies in three distinct parts: the first part addresses the
abovementioned desire by optirimg hardware design of PET detectors and scanners. In the second part, software
devel opments to boost the hardwareds perfor-lmmsedce ar e
methods to enhance PET scanning methodologies to render thenretiable, safer, and convenient will be
discussed. Figure depictsthe skeleton of this thesis.

Strategies for 1 mgp
PET i maging metho

Har d wiampger ov e me Har d V&aafet war e | Soft warpe ovemen

Figure 1. Flowchart of strategies followed for improvement of PET imaging performance.

Part 1. Hardware optimization/improvement

PET hardware improvements can be envisaged in two mai
geometry and detector performance. A number of hardwaael at ed par ameters can | mpt
sensitivity. These include:

1. Increasing scanner spatial coverage using longer axial FOV and smaller gantry diameter on cylindrical
geometries, larger panels in dyminel scanners, and reducing the gaps between the modules.
Using crystals with higher stopping power or larger thickness.
Using monolithic scintillators or pixelated crystals with less dead zone.
Using fast detectors with short dead time.
Using scintillator with fast decay time and high light yield.

arwDd

For spatial resolution enhancement, the following factors can play a role:

. Increasing scanner spatial coverage.

. Decreasing the detectanystalthickness.

. Extracting depth of interaction information by deald detectors or monolithic crystals.

. Using detectors with fast rise time and short decay time to achieve high coincidence time rgSglution

. Using positroremitting radiotracers with a smaller positron range or minimizing the positron range by
applying magnetic fields on higfteld PET/MRI systems.

6. Using a detector with efficient reflectors and scintillgpdrotodetector coupling medium.
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Several studies reported on novel PET geometrical configurations of PET detectors, such apheséral
PET scanner (Helmet PET) for brain imagjed, stadium shape geometry for breast imadihd], planar and
oval shape configurations for prostate imagj@g 10], and Dshape geometry for cardiac PET1]. Novel
conceptual designs for wheliody PET imaging include scanners with extendable FOV, scanners with dynamic
gantry size for personalized scanning, a scanner equipped with crystals having two different thicknesses, and
scanners with oblique rings fonline monitoring of radiation therapy. One of the-tagich PET scanners is the
Explorer with an axial FOV of around 194 cm capable of tbtaly scanning in 30 seconds. Significant research
and development efforts focused on improving detectors perfaenasing various strategies, including both
direct (without the intermediate process of creation, transport, and collection of light) and indirect (scintillation)
photon detection. One such example is the use polaroid to reduce the impact of reflecagloptbns inside
monolithic crystals using phoswich detectfit®, 13]equippedwith pulseshape discrimination schemfst],
multiple-layered detectors with independent readout of each [ag&rduatended readout techniqugs, 17]
light sharing detectors using a particular arrangement of crystals and refl@8t@, detectors with phosphor
coated crystalf21], using laser to makeptical barriereflectors inside a monolithic crystal to fabricate semi
pixelated detectorf22, 23] and monolithic crystals coupled with a retroreflector |424t.

Part 2: Enhancing the hardware performance using deep learnindgpased techniques

In all technologies, it is often desired that hardware and software developments nurture together as both can
leverage the overall performance. Sometimes we have accesstedfigmardware but not the proper software

and vice versa. For instance, manyta current deep learning algorithms (software) were available 20 years ago
but because of limitations in computational power (hardware), they were not practical at that time. One traditional
example is modébased statistical reconstruction which leadsbetter performance compared to analytical
methods, where the software was updated while unchanging the hardware. Taking advantage of the full potential
of current hardware to focus on novel software developmentsofien desirable. Recently, a number of studies
reported on the development of softwégsed solutions to enhancing PET hardware performance. For example,
several groups attempted to estimate the 3D position of the annihilation interaction insidetéhesing a deep
learning mode[25]. More accurate estimation of event positioning can lead to more accurate TOF resolution,
DOl resolution, and better spatial resolution.

Other groups investigated the ability of deep learning models to synthesize PET images with TOF information
from images without TOF informatioj26, 27] These studies, virtually simulate the impact of TOF. With this
software upgrade, we may enhance TOF resolution or even generate TOF PET images using scanners without
TOF capability, e.g. those using BGO scintillators.

Usingartificial intelligence Al) to estimate the time of interaction (TOI) is also another active field of study
where the signal (digitized waveform) generated by the detectors is fed to CNN to estimate {38, O]

Having a better TOI can lead to better time resolution, thus improving TOF resolution and randoms coincidence
rejection. A very interesting study attempted to artificially generate images obtained by pixelated crystals with
small segments from pixelatedystals with larger segments. This method can be used to enhance the performance
of old fashion PET scanners equipped with detectors with large crystal segments (low spatial resolution).
Estimating the attenuation map from the emission data is anottertipbaapplication of Al without the use of

CT imaged30].

Part 3: Al -based algorithmic developments

One wellestablished application of Al is image quality enhancement, which has experienced significant growth
over the past decade in the realm of medical imaging. Numercbagld solutions have been proposed for
denoising[31, 32] attenuation correctiof83, 34] scatter correctidd5], partial volume correction (PV{36-

38], and artifact reductiof89, 40] For some of these Al applications, there are logical justifications for using Al
while for some there is not enough. For instance, some studies demonstrated that by reducing the injected activity
by approximately 20% for an amyloid brain PET scan, tlopiiaed images can yield comparable diagnosis and
guantitative metric§41]. This suggests that even with reduced injected activities or expedited scanning, the
essential information remains present, albeit with a more challenging interpretation than sdasdandages. In
longitudinal studies and for the pediatric populatihiere is a necessity to reduce PET scan radiation dose levels

or scanning time. Reducing injected activity or decreasing scanning time increases statistical noise in the images.



Elevated noise and diminished signal (less activity) results in the degradation of thecsigmiak ratio (SNR),

lesion detectability, and quantification error, ultimately leading to inaccurate diagnosis or disease staging.
Moreover, high noise levelsnpede PET images from being reconstructed to achieve optimal image quality,
frequently necessitating peconstruction smoothing to diminish the noise. Consequently, reducing image noise
enables PET images to be reconstructed at a higher spatial msokigjnificantly enhancing various PET
applications, such as cancer detection and staging, as well as tracking the progression of diverse neurodegenerative
diseases through the identification of protein deposition patterns (e.g., Tau, Amyloid). A nfimbestigations
reported a reduction in the injected activity by up to 99.5%, using anatomical MR images as prior to reconstruct
standarddose imagef42]. These studies revealed that the generated images have acceptable quality, leading to
elevated sensitivity and specificity for clinical diagnosis compared to staddasdimages. Some studies
suggested using projection space rather than image spacetmahieng Al models for both denoising and
attenuation correctiof81, 43] This approach grants the users increased flexibility in selecting the preferred
reconstruction algorithm and preprocessing techniques.

Another application of Al that is attracting attention is-lg$s attenuation correctidd3, 44] Accurate
estimation of tracer uptake using PET necessitates the correction for attenuation of annihilation photons, given
that over 90% of annihilation photon pairs on average undergo attenuation when escaping from an adult human
body [45]. In PET/CT systems, Cbased attenuation map derivation is relatively straightforward. However,
PET/MRI scanners confront the challenge of the MR signal not being directly correlated with electron density or
photon attenuation coefficients, rendering thect conversion of an MR image into an attenuation map less
straightforward. To address this issue, a variety of methodologielsa@dd or analytical) have been proposed.

This includes the generation of pseudd images from MR images based onwWéightd, Dixon, ultrashort

echo time (UTE), or zero echo time (ZTE) sequences. Deep learning techniques employed for attenuation
correction in PET imaging do not explicitly ascertain information pertaining to the attenuation of individual
organs. Instead, thesmethods learn a mapping between +fattenuatiorcorrected PET image and its
corresponding attenuatiasorrected image, with this mapping acquired from a substantial dataset of paired
attenuatiorcorrected and noeattenuation corrected PET images.

The inherently noisy nature of PET and its limited spatial resolution presents substantial challenges for
accurate quantitative analysis of PET images. One primary cause of these limitations is the partial volume effect
(PVE), which arises from the subaptil spatial resolution of PET scanners, typically ranging from 3.5 to 6 mm
full-width-half-maximum (FWHM). The PVE results in the intensity of a given voxel being influenced not only
by the tracer concentration within the tissue it occupies but also bgutieunding tissues and organs.
Furthermore, the physical dimensions and contrast of the volume of interest (VOI) relative to adjacent regions
additionally affects the PVE6].

It is crucial to correct for PVE to ensure reliable quantitative measurements of physiological parameters and
imagederived metrics, such as the standardized uptake value (SUV) ortoiinackground ratio (TBR). This
is particularly pertinent in instancegere the pathology itself influences the volume of the target regions, as is
often the case in neurodegenerative diseases associated with atrophy. PVC technigues have been demonstrated to
enhance the accuracy of diagnostic tests and SUV quantificatioar tiptake estimation in atrophied gray matter,
and ventricular mass measurements. Furthermore, PVC PET images enable accurate quantification of various
physiological processes in the brain, including cerebral blood flow, glucose metabolism, neurot#ndjtg,
and tumor metabolist7].

Various PVC methods have been developed and implemented with varying degrees of [48¢cB3&C
techniques have been found to improve statistical power in-sems®nal and longitudinal analyses of
guantitative amyloid imaging, thus eliminating confounding results in studies of aging and brain atrophy effects
and enhancing clinical classifitan performance in Alzheimer's disease and Parkinson disease research.
Consequently, PVC remains essential to ensure accurate quantification of brain function and will likely be
implemented in the clinic during the next few years.
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Abstract:

We focus on reviewing stat#-the-art developments aledicated PET scanners with irregular geometries and

the potential of different aspects of multifunctional PET imaging. First, we discuss advancesanuentional

PET detector geometries. Then, we present innovative designs ofspegeific dedicatedPET scanners for

breast, brain, prostate, and cardiac imaging. We will also review challenges and possible artifacts by image
reconstruction algorithms for PET scanners with irregular geometries, such-aglindnical and partial angular
coverage geomatrs and how they can be addressed. Then, we attempt to address some open issues about
cost/benefits analysis of dedicated PET scanners, how far are the theoretical conceptual designs from the
market/clinic, and strategies to reduce fabrication cost witb@uipromising performance.

Key Words: Dedicated PET, Brai#?ET, Prostaté’ET, BreasPET, CardiadP’ET

Abbreviations/Glossary list

PET: Positron Emission Tomography, Al: Artificial Intelligence, DOI: Depth of Interaction, TORme-of-
Flight, LOR: Line of response, CTR: Coincidence Time Resolution, FWHM: Full wagithalf-maximum,
LYSO: LutetiumYttrium Oxyorthosilicate, GSO: Gadolinium Orthosilicate, GAGG: Gadolinium Aluminium
Gallium Garnet, LGSQLutetiumGadolinium Oxyorthosilicate, APD: Avalanche photodiode, PSPMT: Position
Sensitive Photo Multiplayer Tub8jPM: Silicon PhotomultiplierMulti-Pixel Photon Counter (MPPC)



I ntroduction
During the past 70 years or so, since the invention of the first poesitnitting imaging device iMassachusetts
General HospitalBostorjl], PET instrumentation evolved drastically in terms of performance characteristics,
application, and availability. It is evident that improving the performance of PET in terms of spatial resolution
and sensitivity will lead to wider adoption of this imagingdality in the clinic. Yet, an increase in the number
of reimbursed clinical indications does not necessarily lead to higher global availability and accessibility to this
technology. Availability/Accessibility depends mostly on fabrication cost. Based m@temt report by the
International Atomic Energy Agency (IAEA), among 212 countries, only 109 have access to PET tedBhology
The number of PET scanners in higlcome countries is 3.52 per million population, while it falls to 0.004 per
million in low-income countries. Gallach et al. showed that at least 96 countries need to increase the number of
PET/CT scanners and more th2@0 additional PET/CT scanners are necessary to address the main common
types of cancer, including lung, colorectal, lymphoma, head and neck, melanoma, and ef8jpHEuess
estimated that approximately 229.3M US$ are needed to equip these 96 countriessith RET/CT scanners.
These statistics raise a few important questions; should the medical physics community (mainly instrumentation
research groups) focusonpnt ovi ng PET scannersdé performance or t hei
compete toward developing fancy detector modules or complex PET configurations to improve the spatial
resolution by a few percent or compete on developing methods forimgdiabrication cost? As a thought
experiment, is it more beneficial for the society to have more PET scanners with low performance or fewer PET
scanners with high performance?
A dedicated or orgaspecific PET scanner may be the answer to the abwrgioned questions. Dedicated PET
scanners optimized for scanning one specific organ offer both high performance and low manufacturing cost in
comparison with generglurpose higkend wholebody PET scanners, which makes them more affordable and
accessible. Their easier commissioning, maintenance, and training in addition to their smaller fingerprint or space
consumption make them ideal for lamcome and middléncome countries andhall clinics in highincome
countries. Although dedicated PET scanners inherently bear limitations in common clinical scenarios requiring
whole-body scans (e.g. staging in clinical oncology), it must be emphasized that these specialized scanners, though
more accessible, are not intended to replace the broader utility of dwbdiePET scanners in clinical setting.
Apart from orgarspecific dedicated PET scanners, designing irregular whady PET scanners is of great
significance in the field of PET instrumentation. Improving the design of whadly PET scanners by
introducing novel detector concepts and geomatigonfigurations holds a significant level of enthoutiasm in
applied research. Novel ideas include extendable axiatdieldew[4], adjustable gantry diameter/shdpg or
scanners equipped with thick and thin detectors mof}les using plastic scintillatofg] and pseudo pixelated
crystal$6]. Besides the novelties in PET hardware, software advances, specifically involving the use of Artificial
Intelligence (Al), might play a crucial role in reducing fabrication costs and improving PET performance. A
number of preliminary studies have showattAl have the potential to reduce cost and complexity, for instance,
by removing the tim®f-flight (TOF) hardwarg8, 9], CT for attenuation correctigi0], or even improving the
resolution of monolithic and pixelated crystfld]. In this review, we describe irregular and dedicated PET
scanners and discuss the technical innovations that are likely to drive the future of conventional PET scanners.
This introductory paper summarizes briefly recent advances in the field and prusiglets on potential future
developments.

I Advances in nonconventional PET detector geometries
Research on PET detectors, at both the hardware and software levels, has mostly been focused on
improving the key performance characteristics of the detectors, namely, the spatial resolution and the
intrinsic sensitivity. Increasing the detector's sengjtiglevates the collected true coincidence events
at a decreased level of injected activity and shortened scanning time, whereas achieving better spatial
resolution improves image quality and quantitative accuracy. On one hand, using thicker cryafals allo
higher sensitivity at the cost of reduced depftfinteraction (DOI) localization accuracy, which leads
to parallax errors (inaccuracy in positioning the line of response (LOR)) and deteriorated spatial
resolution. On the other hand, higher spatialltgsm is achievable with smaller crystal cresectional
size, but this will worsen detector sensitivity due to poor scintillation light collection and crystal
identification. Accordingly, there is an intrinsic trad# between key characteristics of tRET
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The History of Dedicated and Irregular PET Scanners

1953 1969 1974 1979 1990
Dr. Brownell and Dr. Aronow First PET scanner with two planar Dr. Ter-Pogossian built the JFirst commercial emission A schematic of the PRT-1, a rotating PE
created the first clinical arrays of crystals. The patient is first positron emission transaxial ized axial scanner ped and fabricated at the
positron imaging device. positioned between the two detectors. tomography(PETT). A hexagonal [ (ECAT), with hexagonal array of University of Geneva, Switzerland. A low-
Developed by Dr. Brownell array of Nal scintillati cost design with reducing 40% of the
i was surrounding a detectors used in a full ring scanner. With
single transaxial plane. two opposing BGO block detectors that
8 oL — rotated around the patient to acquire a full

2011 2009 2007 2006

Helmet-chin PET geometry s PET-HAT is a low-cost wearable |PEMi is a dedicated breast PET JHOTPET can change its AFOV and Dedicated prostate PET with a pair of
isting of a i ic-shaped brain PET. By mechanical [scanner constructed in a JTFOV and transform from whole- | external curved detector modules. The

detector and a chin detector to |supports of the detector ring, it jPolygon structure with LYSO e distance between detector modules

increase the sensitivity. allows scanning of subject with |crystal arrays mounted on a “ adjusts to position the detectors as

freedom of motion. position sensitive photomultiplier. closely as possible for maximum

S / ) s . | sensitivity with patients of various sizes.
T gl

Dedicated brain PET system with 2019

dodecahedral geometry with 11 Dr. Cherry and Dr. Badawi created CareMiBrain dedicated
regular pentagon detectors. The the first clinical total body PET scanner. cylindrical brain PET based
overall sensitivity by a factor of on monolithic crystals.

4.91 increased in compare with the
cylindrical brain PET system.

ProsPET is a prostate-dedicated PET | Active-PET is a multifunctional PET scanner
scanner with monolithic LYSO and two  fwith two different types of detector modules
movable parts that open and close. and mechanical jack to repositioning the
detectors to allow the implementation of
different geometries/configurations.

Figure 1. Overview of dedicated/irregular PET scanner geometries over the last 70 years. Courtesy of various
sources, Refdl, 5, 55, 58, 68, 69, 11825].

detectors making technological advancements challeritjg

The solution to this tradeff is substantiated in two key technologies, namely, DOI determination and TOF
capabilityf13]. The DOI information minimizes the parallax error and allows providing a more uniform spatial
resolution. This is gaining importance in orggpecific imagers with small gantries and/or irregular geometries
[14]. In addition, when using pixelated crystals with small pixel sizes, which is common inspegeific scanners

to achieve high spatial resolution, the D-llineariyn sl i gh

on the spatial resolutioji5]. Last but not least, DOI might help improving the energy resolution by generating
specific photopeaks for different depths of anni hi
finish [16]. Furthermore, TOF information has the potential to significantly increase the-gigmaike ratio

(SNR) of PET images by limiting the location of the positron annihilation point along the LOR to a smaller
segment[17]. High temporal resolution TOF technology is being increasingly highlighted in recent PET
instrumentation research. Although currently, coincidence time resolutions (CTR) below 15@qucals (ps)

full width at half maximum (FWHM) are challenging to oiotathe ultimate goal is 10ps CTR FWHM, since
theoretically, it would directly give access to a reasonably accurate position of the positron annfh8htibinis
information enables to alleviate the difficulties associated with image reconstruction. This is particularly
important in orgarspecific PET scanners owing to the multiple challenges introduced by irregular geometries in
the reconstruction process.couple of scanner manufacturers unveiled at the last annual meeting of the Society
of Nuclear Medicine (June 2023) novel PET scanners achieving temporal TOF resolutions of 178 ps and 194 ps
for Siemens Healthineers and United Imaging, respectively.

However, TOF and DOl measurements are not independent of each other. The uncertainty in the DOI can induce
errors in timing resolution due to the speed of optical photons in dense crystal medium. In Table 1, we summarized
the most innovative detector desggby considering important aspects, such as energy, DOI, TOF resolution and
type of scintillator and readout technology. We also summarized the golden innovation aspects of these studies in
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1977 - ECAT || ['33]

1978- NeuroECAT 1'33]

1985 - ECAT 931 1132

1995 - ECAT EXACT HR+ 139
2007 - ECAT 1131]

2003 - G-PET [132]

1975 - PET 1Il (18]
2018 -RF-penetrable PET [12%]

2011 - PET Hat 1301
2016 - Neuro PET 128
2016 - Helmet PET €]
2017 - Brain PET [149
2019 - Helmet-neck PET (55
2019 - CareMiBrain PET 1129
2019 - Explorer [111]
2022 - DhPET (59
2022 - Biograph mCT /51
2022 - Active PET I51
2022 - VRAIN “"”U

-y
”o

©05880020.60006 6 86

Figure 2. Brain PET images of humans or 3D Hoffman brain phantom acquired by different simulated or physical

dedicated, conventional, aimdegular PET scanners. Courtesy of various sources,[Ref€, 55, 56, 111, 119,
125133]

the innovation column. Common techniques include phoswich detdd®r0] equipped withpulseshape
discrimination schemg&1], multiple-layered detectors with independent readout for each [ag2grdualended

readout techniqud®3, 24] light sharing detectors using a particular arrangement of crystals and refl@8tors

25, 26] detectors with phospha@oated crystald27], subsurface lasemduced optical barriers[28, 29]
monolithic crystals coupled with a retroreflector laj@0], and finally machine learning approaclies, 31, 32]

The phoswich detectors approach commonly consists of multiple layers of different types of scintillators with
different decay times, stacked on each other. Although phoswich detectors can achieve good DOI resolution, their
timing resolution is degraded. fact, the boundaries between the layers reduce the number of optical photons
arriving at the photosensors, and the variability of the arrival time of photons from different layers degrades the
timing resolution[13]. Light-sharing detectors couple two crystals together by a particular arrangement of
reflectors to imitate a duanded readout with a sing&ded design. Pizzichemi et al. developed a -DQF

PET module containing an array of crystals witto4l crysté-to-SiPM arrangement at one end, and a uniform
glass light guide on the opposite side to redirect upgoing photons back into neighboring [@§kt&lg using
particular prisms for crystals at edges and corners, and optimizing intercrystal light sharing due to the prism
reflection, LaBella et al. achieved better crystal identification, DOI resolution of 2.5 mm, and energy resolution
of 99426].

Another series of lighsharing detectors, known as crosshair kgimaring detectof$3, 33] consist of crystal

pairs partially coupled with optical windows, attached to two diffekéulti-Pixel Photon Counters (MPPCs)

Parts of the crystals that are not coupled with optical windows are attached to reflectors. The DOI and crystal
identification is calculated based on the output pattern of the paired MPPCs.

Detector modules based on monolithic crystals have a number of advantages, such as higher sensitivity, the ability
to extract DOI, no zero detection regions, decent performance in spatial resolution, and less manufacturing cost.
However, these detectorsramonly require complex calibration procedures, and complicated algorithms for the
location, energy, and timing assignation of photon interactions. Moreover, the spatial resolution deteriorates
around the edges, although multiple studies attempted to obrifrie issue by calibrating the detector using
analytical[34], simulationbased35], and experimentdB6] approaches.

Various research groups developed seronolithic detectors based on different designs. Sabet ¢PSl.
proposed a senmonolithic detector using las@émduced optical barriers (LIOB), which creates small defects
inside the LYSO crystal bulk that operate as an optical reflector, to combine the advantages of monolithic and
pixelated crystalsSanaat et al. suggested a novel concept for deflecting the trajectory of optical photons passing
through a monolithic scintillat@87]. The proposed technique consists of a reflective belt created from millions

of optical barrier points covering the surroundings of the crystal, created by the LIOB method. A monolithic
crystal with a belt of reflectors created by laser engraving cartddagtter spatial resolution and sensitivity.

Most recently, artificial intelligence was introduced as an effective tool for both accurate TOF estimation and
positioning of photon interactions in PET detec{8&40]. The best performance for both event positioning and
time stamping resolution have been attained by complex algorithms, such as gradient tree[dahstiagimum
likelihood [41], nearest neighbofd42], and neural networlg 3] applied on monolithic crystals.
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Table 1. Summary of the most important/novel developments of detector modules. * represents simulation studies.

Name

Phoswich PET
detecto{134]

Dual layer modular
detector{135]

Four layer DOI
detector{136]
Dual-sided readout
DOI-PET modulg137]

Stackedcrystal PET
detector{138]

DOI PET module with
dual-ended readout
and SSLE
crystalg[139]

Light sharing DOI -
TOF PET
detector{140]

Polaroid-PET*[141]

Prismatoid light guide
PET[26]

DOI PET detector
based on quadrisected
crystalg[142]

Year

1999

2003

2004

2013

2015

2018

2019

2020

2020

2020

DOI

86% for
LSO 80%
for GSO
84% for
BGO

91%-98%

A: 3mm
B: 1.5 mm

3mm

0.491.06

2.5mm

TOF
(ps)

153ps
199ps

A:783

ps
B:1.14
ns

157ps

254

Energy
Resolution

19% for
LSO 21%
for GSO
40% for
BGO

11.2%-
13.7%
A:9.8+
0.8% ,B:
11.8+1.3%

A:10.1%
B: 10.8%

9%

9%

9.10%

Scintillator

LSO
GSO
BGO

BGO

GLSiOs

Ce:GAGG

LaBr®
CeBP

LFS

LYSO:Ce

LYSO
LYSO

GAGG

Crystal
Type

pixelated

pixelated

pixelated

pixelated

pixelated

pixelated

pixelated

Monolithic
pixelated

pixelated

Crystal
Dimension
(mm?3)
2x2x4

1.98 x 1.98
Thickness = 6.5
and 11.5
1.42x1.42%x 4.5

A: 3x3x3
B: 0.8x0.8x5

1x1x2
thickness = 12
and 15 mm

A: 3 x3x20
(7 depth
segments),
B:1.5x1.5x
20 (13 depth
segments)
1.53 x 1.53 x
15

50.2x50.2x10
1.4x1.4%x20

1.45%x1.45x4.5

Readout

singleended
PSPMT

PSPMT

PSPMT

doublesided
MPPC

PMT
SiPM

duatended
MPPC

Singleended
SiPM

Singleended
SiPM
Singleended
SiPM
Singleended
MPPC

Innovation

Three layer phoswich PET detector modules

they pixelate the crystal frorutting a relatively
large block into a dudhyer pseudo discrete patter

special reflector arrangement was usedefarh

layer to improve DOI.

DOI PET detector based on monolithic crystals &
duatended readout.

2 layerdetectors based on several configurations

LaBr3 scintillators, with different Cerium dopant

concentrations, read by PMTs and SiPMs
The stacked scintillator structure reveals a speci
signal for events in each layer, which is utilized 1
assign the DOI.

DOI detectors with crystal bars segmented usir
sub surfaced laser engraved (SSLE) techniques
duatended readout scheme. Anger calculation w
used to obtain a thretimensional map of position

of the detectors

extracting DOI info with light sharing technique
between the crystals with recirculation mechanis
with a specific focus on timing performance of th

detectors
polaroid inserted between the crystal and SiPM
reduce reflection effect
single ended readout TA&POI PET detector with
light sharing technique using prisms
light sharing singleend readout DOI with
quadrisected crystals inldyers using Anger
calculation, responses of all the crystal elemen



TOF-PET
detector{143]

Crosshair Light
Sharing module with
GFAG crystal[13]
Crosshair Light
Sharing module with
LGSO crystal[33]
DOI-TOF semi
monolithic PET
detector

DOI-TOF PET
detectorf31]

2021

2021

2021

2022

2022

4.7mm

4.7mm

2.12mm

1.2mm

107+ 3
ps
402ps
293ps

209ps

156 ps

10.5%

14%

10%

11.30%

LSO

GFAG

LGSO

LYSO

LYSO

Pixelated

pixelated

pixelated

Semi

Monolithic

Monolithic

1.9x1.9x10

1.45 x1.45%20

1.45%1.45x15

3.9x32x19

25x25x%x8

Side readout
SiPM

Singleended
MPPC

Singleended
MPPC

Singleended
SiPM

SiPMs

were distinguished on a 2D positioning histogral
map
TOF PET detector by coupling two crystals witt
different decay times, and reading them in a sic
readout scheme
light sharing singleend readout DOI PET detecto
with continues layered crystals

light Sharing singleend readout DOI PET detecto
with continues layered crystals

DOI TOF semi monolithic crystals with the goal ¢
combining the advantageous of both pixelated a
monolithic detectors.
monolithic PET detectors with DOI and TOF
information extracted using Al



Il. Conceptual designs of dedicated/irregular PET scanners
Multi-purpose or conventional PET scanners are intended for almost all clinical applications, including static
whole-body, dynamic, brain, cardiac, prostate, and breast scans, as well as absorbed dose verification in heavy
ion radiation therapj44, 45] In Table 25, we listed and categorized dedicated/irregular PET scanners for brain,
breast, prostate, and cardiac imaging, respectively. The design and performance parameters, such as spatial
resolution, sensitivity, type of scintillator, and geometricalfgguration, were listed to enable a quick comparison
between the models. One column provides the technical details to provide the hidden aspects of the scanner design.
Figure 1 depicts a short history of dedicated/irregular PET scanners developmettdrérst duahead PET
scanner designed and developed in 1953 to the most technically complex and expendivey®&T scanner.
This figure covers a range of different geometrical designs from thepdunal to dodecahedral geometry and
moveable gatnies with adjustable detectors.
In figure 2, we illustrated the improvement in image quality through depicting the 3D brain phantom from 1975
to 2022. This anecdotal illustration provides a sense of images generated by these systems as the data acquisition
and reconstruction protocols reedifferent. Yet, one can observe that scanners with small geometrical coverage
(e.g., Helmet and PET Hat) lead to quality degradation and provide less anatomical information. The insert PET
scanners, like Ripenetrable, also generated blurred imageschvican be caused by inaccurate attenuation
correction.
The key factors in conventional PET scanners are robustness, reproducibility, and accuracy of quantitative
imaging to guarantee/ensure a dependable/reliable examination for the different applications (screening,
diagnosis, response to treatment, folop) considering the high throughput of patients in clinical setting. To
fulfill the clinical requirements, conventional/mufiurpose PET scanners should provide relatively high
sensitivity, moderate spatial resolution, at reasonable cost, and last buasioadeurate/reproducible image
guantification (since quantitative imaging is crucial in most clinical indications). The compromis@ffrade
among these factors is considered in the design of conventional PET scanners, wherein the equipment used for
simultaneous or sequential transmission or anatomical imaging is well considered since it plays a significant role
in quantitative PET and synergistic functiosséuctural imaging46].
This tradeoff would be highly skewed in dedicated PET scanners since one of these key factors may have central
importance in organand/or applicatiorspecific PET scannefd7]. For instance, in dynamic whelody PET
imaging, sensitivity is the key factor for lemoise estimation of timactivity curves (or parametric maps). Hence
the tendency would be toward extended FOV PET scanners (through adding more detector ringssabthe
increased product prigé8] or having axial gaps and covering a larger AFOV with the same number of detectors
as demonstrated on the PennPET Expld®r On the other hand, in brain PET imaging, a higher spatial
resolution would be appreciated to register underlying signals from fine brain structures andomegetions.
Hence, the tendency is toward exploiting/designing high resolution PET detedtmly (fixelated, thin
monolithic crystals, DOI capability, advanced electronic reats$)[50].
Organspecific dedicated PET scanners are often designed to accommodate the target organ while maximizing
the sensitivity and SNR. Nonetheless, the compact design of such scanners with small gantry aperture potentially
increases parallax errors, thus deljng the spatial resolution uniformity. To alleviate this issue, detectors with
discrete or continuous DOI capability are frequently considered [fgge52] for a review on various DOI
techniques). Careful detector modules geometrical optimization has been reported in the literature to maximize
performance from various standpoints. The use of several-laydti LYSO crystal arrangements to improve
spatial resolution uniformity and courtate performance of a compact M@mpatible PET insert were reported

[53].
In this review, we attempted to cover all PET scanners belonging to the following categories:
1. Organspecific dedicated PET scanners (b.g.ai n, breast, prostate, ¢é&).
2. PET scanners withnemy | i ndr i cal flasymmetr i ca tridgg, oyad shape,t r i e s

spherical/ hat shape, ¢é).
3. Cylindrical geometries with moveable detectors or gantry.
4. Any kind of cylindrical PET scanners bearing some novelty in detector modules conceptual design and
acquisition techniques.
Some conceptual designs never materialized in real systems demonstrating their potential in clinical setting. Yet,
they are briefly discussed in this review for the sake of completeness.
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Table 2. Summary of dedicated/irregular brain PET scanners. SR: Spatial resolution, AFOV: Axial FOV, TFOV: Transaxial FOV. * segimegkaion studies.

Name

G-PET[127]

JPET-D4[144]

ECAT
HRRT[128]

HOTPET[117]
(brain mode)

SBPET145]

PET-Haf129]

Brain
Inser{146]
GAPD-
PET[147]
Rainbow
VHD[148]
NeuroPET59]

HelmetPET149
]

NeuroPET[130]
CerePET,
150]

wearable Brain
PET
(BET)*[151]

Year

2003

2006

2007

2007

2009

2011

2012

2013

2013

2016

2016

2016

2016

2016

SR

4.2

3.1

2.6

2.7

2.7

1.8

3.1

1.4

3.2

2.8

3.1

2.1

1.2

Peak Sensitivity AFOV

NECR

(keps)
60

82

45

0.82

30.7

43.3

22.7

43.3

4.79 %

19.3
cps/kBq

2.5%

9.20%

1.14%

0.72%

7.2%
0.80%

11.6
cps/kBq
0.70%

0.80%

(mm)

256

312

230

210

250

48

191
60
119
220
48

60
85

TFOV
(mm)

300

260

320

530

180

320
390
300
250

185

220

Scintillator

GSO

4 layers
GSO

2 layers
LSO/
LYSO

BGO

Liquid
Xenon
2 layers
GSO
LSO
LYSO
LYSO:Ce
LYSO:Ce
LYSO:Ce
LYSO
LYSO

LSO

Sensor

PMT

PS
PMT

PMT

PMT

=3
PMT

APD

GAPD

PMT

SiPM

MPPC

SiPM
PMT

Crystal size

(mm3)

4x4x10

2.9%2.9x7.5

2x2x10 & 10

2.68 x 2.68 x 18

32x50%x100

4.9x4.9x7 & 8

2.5%x2.5%x20
3x3x%20
2.88x2.88x18
2.3x2.3x10
1.5%1.5x10
3%x3x20
2.0x2.0x13.0

1x1x3

Geometry

Cylindrical

Cylindrical

Cylindrical

Cylindrical

Spherical

Cylindrical

Cylindrical
Cylindrical
Cylindrical
Cylindrical
Cylindrical
Cylindrical
Cylindrical

Cylindrical

Details

four layered DOI detectors

axial and transaxial FOV change mechanically.
can be transformed from whelt®dy mode to
brain/breast mode
spherical brain PET system with liquid xenon as
scintillator
moveable ring allowing subject freedom of motion
scanning can be performed in sitting posture
the subject can move freely during PET data acquisi
insert inside the MRI

3 kg in weight
A ring with exterior weight support and an interior
mechanism that could be fitted to the head

lightweight and lowcost wearable helmshaped Brair
PET.
Based on thirfilm digital Geiger Avalanche
Photodiodes



BrainPET
DOI[131]
MindView[152]
RF-penetrable
PET inseif132]
dodecahedral
scannerf58]
helmetchin
PET[56].

CareMiBrairj12
5]
SAVANT[153]

UHR*[153]
MINDView[154

]
BPET[155]
brain PET156]

NeuroEXPLOR
ER[157]

TOF brain
PET[80]
TOFRDOI
PrismPET[82]

SIAT
bPET158]

4D-PET[159]

VRAIN[133]

2017

2017
2018

2018

2019

2019

2019

2019
2019

2020

2020
2021

2022

2022

2022

2022

2022

1.8

1

1.98

2.34

1.3

1.3
1.7

1.6

2.7

1.53

11

1.6

2.2

44.7 21.4 201 330
cps/kBq
2,7% 154 220
1.70% 280 320
6.15% _
4% ~253  ~253
49 11 cps/kBg 154 @ 240
13 3.50% 235
16.4 3.40% ~235 271
7% 154 = 240
~2.4 29cps/kBg 128 ~242
63.1 ~1.5% ~230  ~236
_ 500
38.0 22.4 360 230
cps/(Bg/mL
)
1.20% 255
14.30% 329 240
16.20% @ ~200 ~280
144 25 224 224
kcps/MBq

4 layer
LYSO
LYSO
LYSO

LYSO

4 layers
GSO zr
doped
monolithic
LYSO
LYSO:Ce

LYSO
monolithic
LYSO
LYSO

LFS
LYSO

lutetium
fine silicate
(LFS)
LYSO

LYSO
semk
monolithic
lutetium

fine silicate
(LFS)

Subject moves and acts freely and responding tc
environment

MPPC 1.2x1.2x3,4,5& Cylindrical four layer DOI detector

8
SiPM 50x50x%20 Cylindrical PET/MRI Brain PET Insert
SiPM 3.2x3.2x20 Cylindrical radiofrequency fielepenetrable PET insert for
simultaneous PET/MRI
_ 2x2x20 Dodecahedra
PMT 2. 8 21 8 Hemispheric Include 3 types on aedn detectors: chin detector, ne:
detector, or ear detectors
SiPM 50x50x12 Cylindrical monolithic LYSO crystals
APD | 1.12x1.12x12 Cylindrical The basic detector consists of a dlagler phoswich
array made of LGSO and LYSO scintillators
APD 1.12x1.1 2 x12  Cylindrical _
SiPM | 50 mm x 50 mm  Cylindrical hybrid molecular and anatomical imaging devices
x 20 mm brain PET insert, within a 3T MRI
SiPM 4.1 mm x 4.1 mm Cylindrical _
x 10 mm
MPPC 4.14x4.14x 10 = Hemispheric include a hemispherical part and a neck part
_ _ Cylindrical high sensitivity by increasing the coincidence
acceptance angle, and high TOF resolution
good spatial resolution by reduction of detector elem
size, DOI readout, and corrections for inteystal
scatter.
continuous motion tracking and correction
MPPC  3.14x3.14x20 = Cylindrical motion correction usingystembased optical motion
tracking
into the brairdedicated TOF PET scanner
SiPM 1.5x1.5x20 Decagon/Ova SiPM pixels on one end and to a prismatoid light gu
array on the opposite end
SiPM 1.4 mmx1.4 Cylindrical duatmodality PET/MRI
mmx20 MRI compatible human brain PET insert
SiPM 20%1.6x25.7 Cylindrical 4D-PET with a detector design based on semi
monolithic crystal.
Includes photon DOl measurement
SiPM 4.1x4.1x10 | Hemispherica includes a hemispherical part, and a i behind the

neck to cover the whole cerebellum.



TRIMAGE*[16
Q]

BresTom&
(Dedicated brair
and breast
PET)161]

HNC PET162]

Voxel Helmet
Brain PET162]
Active PET
Brain mode*

(small gantry[p]

2022

2022

2022

2023

2022

1.9 129.9

25 352

1.02 104.6

23 135

7.61%

7.18
cps/kBq

8 cps/kBq

15.98
kcps/MBq

164 260
162 _
154 133
218 350

LYSO:Ce

LGSO

CzT

CdTe

LYSO

SiPM

SiPM

SiPM

3.3x33%x8&
12
2.11 2.

4x4x05

1x1x2

2x2x10
4 x4 %20

Cylindrical

Cylindrical

Dual panel

Cylindrical

Cylindrical

The gantry can be tilted so as to align its axis with t
orbitomeatal line
brain-dedicated PET/MRI/EEG

dedicated brain and breast PET system designed
switchbetween head scan and breast mode positic

two-panel heagindneck dedicated PET based on C:
detectors
The total system weight is less than 180 kg.
seamless geometry based on trapezeitlaped module
equipped with semiconductor CdTe detectors.
multifunctional PET scanner consisting of two differ
types of detectors (thick and thin)
includes mechanical arms for repositioning of the
detectors to produce various geometries/configurati

Table 3.List of dedicated/irregular breast PET scanners. SR: Spatial resolution, AFOV: Axial FOV, TFOV: Transaxial FOV. * regireskaitsn studies.

Name

BPET/CT[75]

Total
breastPET}L63]

BPET-DBT[164]

PEM[165]

Dual roundedge
detectof166]

DH-Mammo
PET[167]

Year SR Peak Sensitivity AFOV TFOV  Scintillator

2022

2021

2021

2002

2021

2022

NECR
(keps)

2

4

26 1626

0

60.96
cps/kBq

0.07%(10°)
1.35%(40°)

3.37%

(mm) | (mm)

150 200

120 216

LYSO

LSO

LYSO

LGSO

GFAG

LYSO

Sensor

PSPMT

PSPMT

SiPM

SiPM  1.89x 1.89x 13.

Crystal size
(mm?)

2x2x15

3.2x3.2x20
16x16x6

1.5x1.5x15
3x3x10

1.45%1.45x15

00

Geometry

Dual panel

Stadium
shapeing

Dual panel

Dual panel

Dual panel

Dual panel

Details

PET component of the system consists of a rotating pa
96x72 arrays ofcintillator elements
A 'stadium’ (a rectangle with two seraircles on opposite
sides) shaped ring that includes both breasts, mediastil
and axilla
TOF capable breast PET scanner integrated with a dit
breast tomosynthesis unit in a common gantry to provi
coregistered PEDBT images
non-fully tomographic imaging system

dual roundedge detectormarrangement, in which the
detector blocks at both edge positions were tilted towa
the center of the FOV
simultaneous positron emission tomograp®ptical
(OPET) breast imaging diredad PET



DP-PET[77]

BiPlanar Breast
PET[168]

EstatiraPET94]
PEM-
FLEXSololI[169]
PEMsysterfil70]
C-shaped breast
PET[171]

PET[172]

ClearPEM173]

Dual panel
PET/CT[174]
BreastPET
inserf175]
Dedicated Breast
PET[176]
DbPET2.1/CT17
7]

PEMI[177]

MAMMI -
PET[178]

PET/X[179]
PEM/PET/CT18
0]

2021

2020

2020
2009

2010
2009

2006

2011

2009

2009

2014

2015

2015

2016

2017
2018

2.5

15

2.4

1.2

0.7
1.2

1.9

1.3

2.7

1.6

1.6

15

2.2

319

21.8

42
~180

135

19.3

373.8

110

125

246

3.60%

1.42%
18%

11.50%
6.90%

5%

4.30%

1.46%

11.20%

0.50%

6.88%

2.00%

1.36%

100

50
164

120
105

50

145

119

18

155.5

50

128

40

160
150

160

190
240

200
216

82

165

119

100

183

175

110

170

240
150

LYSO

LYSO
LYSO

LYSO
LGSO

LSO

LSO
LSO
LYSO
LGSO

LYSO

LYSO

LYSO,
Monolithic

LYSO
LYSO

SiPM

SiPM
PMT

PMT
PMT

PMT+S
iPD,DO

PMT

PMT

APD

PMT

PMT

PMT

PMT

SiPM
PMT

15.5 x 2.76%x2.7t

2x2x10
2x2x13

1.5x1.5x10
1.44x1.44%x4.5

3x3x10

3x3x20

3x3x20

2.2x2.2x15

1.44%1.44x4.5

1.27%x1.27x20

1.9x1.9x15

40%x40x10

2x2x10
2x2x15

Dual panel MR-compatible portable PET insert prototype.
Acquires simultaneous PET/MR imaging
includes two movable paddles that can be placed in

different
configurations to allow imaging of the breast and pecta
wall
Cylindrical _
Dual panel non-fully tomographic imaging system
Dual panel non-fully tomographic imaging system
C-shaped "C" shape configuration allows positioning around the
breast
effectively increasing both resolution and sensitivity
Rectangular four planar detectorgovering the breast.
The rectangular arrangement using thick crystals enha
the sensitivity
The parallax error is corrected by measuring DOI.
Dual panel _
geometry
Dual panel The PET heads rotate in step and shoot mode.
geometry ¢KS NRGFGA2YFE adGSLa ¢
Cylindrical MR-compatible
Cylindrical _
Dual curved  two curved heads in coincidence, spanning exactly 9l
panel Vertical stages are used to position the PET curved h
geometry close to the chest wall and to cover the breast.

The whole PET/CT gantotates to acquire fully
tomographic data.
Polygon
structure
Dodecagon The patient lies down in prone position during the scan
Shape This position enables better tumor delineation,
differentiation, and localization than in supine position,
A vertical elevator move the entire ring detector in a ste
and shoot mode to increase theial FOV.

Dual_panel



Circular shape | 2018 2.1 26 2%
breast PETL81]

PET* (Ring 1997 ~4 _ 4.89
mode, 19mm kCts/Ci
crystal

thicknesg[182]

HOTPET (In 2007 2.7 _ 9.20%
breast mode

configurationj11

7]

PEMI[183] 2000 2.8 _ 3%
Pisd184] 2011 _ _ _
maxPET185] 2001 4 _ 0.57%
StanfordBreast = 2016 0.9 _ _
PET[186]

Active PET 2022 2.9 40 6.82
breastmode?q5] kcps/MBqg
Radialig187] 2022 2.3 17.8 3.5%

50

~200

210

72
100
150
100

218

170

260

~172

540

72
100
150
160

350

220

LGSO

Nal(TI)

BGO

BGO
LYSO
LSO
LYSO

LYSO

LYSO

SiPM

PMT  2.68 x 2.68 x 1§

PMT
PSPMT
PSPMT
PSAPD

SiPM

SiPM

15x1.9x15

1.9x1.9%6.5
1.9x1.9x16
3x3x20
0.9x0.9x1

2x2x10
4 x4 %20
2.3x23x%x13

Cylindrical

Cylindrical

Cylindrical

Dual panel
Dual panel
Dual panel
Dual panel

Oval shape

Dual panel

the first design is a cylindrical scanner surrounding tt
breast
The second design consists of two planar detectors pl:
on opposite sides of the breast.
axial and transaxial FOV change mechanically.
Can be transformed from wholeody mode to
brain/breast mode.

Multi organ PET with a movable gantry

Table 4.List of dedicated/irregular prostate PET scanners. SR: Spatial resolution, AFOV: Axial FOV, TFOV: Transaxial FOV. * eepiraséation studies.

Name
NECR
(keps)
Compact PET}88] 2001 4 -
Planar PET189] 2004 ~3 -
_ 946
Dual-Modality i
2006 4 cps/uCi
PET/Ultrasounf68] (2.6%)
Intra-Operative PET 2007

imaging Probef190] - - -

(mm)

Year SR Peak Sensitivity AFOV TFOV Scintillator
(mm)

BGO
LGSO

BGO

LSO &
BGO

Sensor

PMT
PSPMT

PMT

PMT

Crystal size
(mm?)

4.5x45x30

3x3x10

4.4%x 4.1 x30

2% 2x3
5x 5 x30

Geometry

Dual curved

panel
Dual panel

Dual panel

Unusual

Details

the lower detector module is fixed below the patient |
The top module is adjustable vertically.

includes a pair of curved detector modules
The two modules form an incomplete elliptical ring
which reduces the distance between the detectors
patient.
The distance between detector modules and patier
adjustable
includes a curved detector placed back of the patien
a small PET imaging probe.
The coincidence events between the curved detecta
the small imaging probe are collected.



internal PET
probey190]

mobile prostate
PET[191]

stereotactic PE[192]

TOPEMS61]

EndoTOFPETUS[193]

PROSPETFL13]

ProsPET69]

2007 1

2010 _

2011 1

2013 15

2015 1

2019

2020 2 16 1.46%

100

46

LSO &
- BGO

LYSO

LYSO

LYSO

monolithic

— LYSO
monolithic

300 i vso

APD

MPPCs

SiPM

SiPM

SiPM

SiPM

1x1x3 e
4.2 x 4.2 x30
probe
_ Dual panel
Dual panel
1.5x1.5x10 geometry
4.2 x 4.2 x30 with internal
probe
Carved
detector
BEEIE with internal
probe
0.71x0.71x15 _
5 x50 x 15 Dual panel
50 x50 x 15 Cylindrical

The PET imaging probe is equipped with a positio
tracker which leenablest the clinicians to survey
suspicious regions by moving the probe during the

imaging process.

the internal detector probe operates in coincidence w
ring of detectors.

includes an endorectal PET probe and two PET pa
imaging modules
provides two instant reconstruction (aluminograph
and simultaneous stereotactic views of the prosta
region.

an endorectal PETOF MRI probe

internal probe can be in coincidence with external pl:
A multimodal device for Ultrasound Endoscopy ant
PET.
Using TOF information.
In endoscopic procedure, the PET detectonasinted or
the transrectal ultrasound endoscope.

Open geometries, include TOF

the system has two movable parts that open and cl
from left to right.

Table 5. Summary of dedicated/irregular cardiac PET scanners. SR: Spatial resolution, AFOV: Axial FOV, TFOV: Transaxial FOV ntseypmagation studies.

Name

AttriusPET[194]
Cardiac TOFPET
System$195]

Cardiac TOFPET
System{195]

Year
NECR
(kcps)
2010 5.8 _
3.87
2020 3.82 cps/kBq
2.17
2020 4.01 cps/kBq

(mm)

124

280

280

SR Peak Sensitivity AFOV TFOV  Scintillator

(mm)
166 BGO
280  LYSO
280  LYSO

Sensor Crystal size.  Geometry
(mm3)
PMTs @ 8.5x9.8x30  cylindrical
50 x 50 x15 4 Planar
detectors
50 x 50 x15 Arc and planar

detectors

Details

detectors operate in 2D mode
I ncrease sampling
asymmetric open geometry
Two detector panels back and front of the chest.
Two detector panels left and righttbke patient.
arc of detectors back of the patient.
Three planar detectors front left and right.

us i



Compact ellipse

cardiac TOF 2021 2.4 425 16.60%
PET*196]

Compact Bshape

cardiac TOF 2021 2.5 422 14.50%

PET*196]

210

210

~400

~400

LYSO

LYSO

SiPM

SiPM

4.0x4.0x20

4.0x4.0x20

Elliptical

D-shape

elliptical geometry with 30 cm and 40 cm short and |
diameters

D-shape arrangement of detectors,
flat part is back, curved part is in front



[l Challenges of PET ImageReconstruction Algorithms for multifunctional PET scanners

Fulfilling the desired high performance of dedicated PET scanners requires the application of proper correction
and calibration algorithms. Geometrical symmetries in PET scanners are often used in the calculation of the
geometrical components of normalipat factors[54]. Nonetheless, orgaspecific dedicated PET scanners are
designed to maximize the sensitivity when imaging the target organ, which often calls for a geometrically
asymmetrical scanner. For instance, a peak sensitivity of more than 10% was achieveeloyghRET scanner

with an added row of detectors along the dbib, 56] The proposed helmehin scanner achieved 40% higher

peak noise equivalent count rate (NECR) compared to a cylindrical PET scanner with the same number of
detectorg57]. A similar dodecahedr al design benef {58 ng fr ol
While such designs boost detection efficiency of an odgdicated PET scanner, their asymmetrical geometry
adds complexity to the normalization and correction of PET data.

Regarding PET data correction, some orgpacific dedicated PET scanners use concurrently acquired
anatomical images from CT or MRI scanner. For instance, Neur(@@hcludes a CT scanner. Likewise, MR
compatible PET inser{60, 61]can benefit from the anatomical MR images for both anatomical localization and
attenuation and scatter correction (though converting MR images to attenuation maps is another source of
complexity). Anatomical MR images have also been used to estimatenmetitors to correct for patient head
motion in PET/MR neuroimaging applicatiof@]. However, the absence of an anatomical imaging modality on
most orgardedicated scanners brings new challenges to PET attenuation and scatter correction which might
consequently compromise PETO6s quantit atbaseeumapscur acy.
generation was extensively stud[€d, 64] Nonetheless, such approaches are increasingly more challenging and
less reliable when imaging other organs. Therefore, attenuation and scatter corrections are sometimes ignored on
such scanneff§5, 66]or alternative innovative approaches are sought. In addition, detector gain adjustment is a
critical consideration that can affect peak location, scatter contribution, and consequently overall image quality in
all PET scanners and more specifically onJglitnpatible PET inser{§7].

A prostate PET scanner was desigfi@8] with the unique feature that it can be tilted to minimize photon
attenuation effectf69]. Existing CT images from a separate scan can fregistered to PET images to perform
attenuation correction on dedicated prostate PET scanners. Another challenge in the reconstruction of organ
specific scanners is that often a large part of the daththémissing due to the inevitable detector gaps. These

can be handled through interpolation, forward projection of an initial image estimate, or directly in the projection
domain using deep learning (Dbpsed approach§g0] [71] [72] [73].

Table 6 summarizes the challenges and innovations in image reconstruction for a selection of dedicated/irregular
PET scanners. In this Table, we categorized image reconstruction methods for each geometrical configuration
(Cylindrical, Cylindrical with remwed/added detector modules, HRenel, Spherical/Pseudpherical and
Irregular configuration) and target orgdrhe potential challenges and drawbacks for each configuration as well

as the strategies for addressing them were listedhermore, the cdlration and correction method used in these
scanners were briefly mentioned.
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Table 6. Summary of the unique challenges and features of some dedicated/irregular PET scanners from a reconstraftigie\woint

Geometry

Cylindrical

Scanner
name
ECAT
HRRT[197]

G-PET[127]

jPET-
D4[144, 198]

HOTPET (in
brain/breast

Target
organ
Brain 1.
2.
Brain 1.
2.
1.
2.
3.
4,
Brain or 1.
Breast or 2.

mode)[117] Axilla

PET-
Haf129]

Rainbow
VHD[148]

Brain 1.

2
Brainand 1.
Head

Reported potential challenges for
reconstruction
Parallax error
Image artifacts due to 1:@m gaps
between panel detectors

Conversion of walues from 662 ke
(187Cs) to 511 keV

Emission contamination in transmissi
energy window

Parallax error

Sampling errors due to irregular sampli
of the DOI detectors

Reconstruction computation cost due
4-layer DOI detectors

Dark bands on some regions of image:
uniform background due to normalizatic
mismatch

Parallax error

Potential image artifacts due to limite
spatial sampling

Parallax error

.Low image quality of Hofmann bra

phantom due to the system Ilo
sensitivity, small axial FOV (44 mm), st
scintillators depth, low NECR, and use
FBP reconstruction

Motion-induced image blurring

Added features to address the challenges

1. 2layer DOI detector

2.Application of 3D iterativeeconstruction or a
initial reconstruction followed by forwar
projecting the image in the gaps into -
sinograms to create the missing data
FORB 2D-OSEM

1.Approximation by linear scaling

2.Subtraction of a mock scan withodtCs
source from the transmission data
contamination estimation from singles rate

1.4-layer DOI detector

2.Using a new histogramming method [Hagiw:
2003] based on detector response functions

3.Application of DOl compression befc
reconstruction

4.Not reported

1.An iterative DOI reduction technique in tl
sinogram domain with modddased PSF usir
Monte Carlo

2.30° rotation of gantry in 18teps

1.2-layer DOI detector

2.Lowering energy level or time window m
improve and applying an iterative imay
reconstruction may/will improve the imag
quality

1.Fixed patient table while moving the detect
ring

Reported data calibration/correction methods

Random correction using delayed coincidence wint
Attenuation correction using &3’Cs transmissio
point source

Normalization

Randoms subtraction using a delayed coincide
window

Attenuation correction based on the singles mett
using a'8Cs transmission point source

Scatter correction using a background fiting
algorithm like or a moddbased scatter correction
Normalization using rotation of F8Ge®Ga line
sources

Random correction using delayed coincidence wint

Random, attenuation, geometric and detector p
efficiency corrections: methods not reported
No scatter correction

Normalization

Random correction using subtraction of delay
window

Attenuation correction using analytical correction
Scatter correction based on single value subtractic

Attenuation correction using external CT/MR image
estimated attenuation based on obtained bound:
from the PET image



And

Neck
A Dedicatec Breast
breast PE]
scanndil76]

Helmet PET
[149]

Centrat Brain
Research
Laboratory

Brain PET

[131]

NeuroPET/C Brain
T[59]

neure Brain
PET[130]

N

1.

1.

. Parallax error
. High noise with the enhance@solution 2.Propagation of noise from projection data -

mode reconstruction

1.4-layer DOI detector

the final image could be controlled
adjusting the dynamic relaxation parameter
3D listmode DRAMA

. Lowresolution of patient images due 1 1.Not reported in the study
prototype nature of the study

. Non ideal normalization method

.Need to blur images due to noi

2.Sophisticated normalization with modeling
detector response in the next generation
the scanner

presence owing to lack of scatter a 3.Implementation of basic corrections in tt

random corrections
out of FOV

edge

. Parallax error
. Reconstruction computation cost

Parallax error

Parallax error

next generations

.Remaining portions of the brain cort« 4.Increasing the scanner diameter in the n

generations

. Loss of spatial resolution toward the F( 5.DOI correction could mitigate it partially

implemented

1.4-layer MPPC DOI detectors

2.Introduction of highresolution and high
sensitivity modes using different crysi
segments

1.2-layer DOI detectors (DOI not applied in 1
study)

1.Applying iterative reconstruction using syste
matrix in future works

- Attenuation correction using external CT image

Scatter correction using convolution subtracti
method with kernels obtained by background i:
fitting

Normalization

Attenuation correction assuming the whole volur
inside the imager is water

No random and scatter corrections in the study

Componertbased normalization (CBN)

Deadtime correction based on an empirical relati
between the total single count rate and the tn
coincidence count rate

Random correction by subtracting delay
coincidence events

Emission segmented attenuation correction-3EC
attenuation correction using segmented attenuati
map generated from emission data

Scatter correction using Singdeatter simulation
Normalization

Deadtime correction using a paralyzable detwhe
model at the block level based on block singles rat
Randoms correction using subtraction of smoott
delayed data

IntegratedCFbased attenuation correction usir
bilinearscaling to convert CT images tevaglues
Scatter correction using singéeatter simulation
Decay correction peframe



2. Low sensitivity and peak NECR due 2.Extending axial FOV, better shieldingaf-of-
short axial extent (60 mm) and syste FOV activity, and optimization of acquisiti

deadtime signal processing in future works
Siemens PE’ Brain 1. Additional scatter and attenuation fror 1.Scatter and attenuation correction for RF cc
Insert for (PET RF coil in the PET FOV 2.PseudeCT image generation from MR imag
MR[146] i'\f/]lsée)ﬂ for 2. MR-based attenuation correction [Hofmann 2008]
MINDVIEW Brain 1. Parallax error 1.Monolithic crystal with DOI determination
[152] (PET
insert for
MR)
RF Brain 1. Low SNR of images due to low sensiti 1.Extending axial FOV or improving timi
penetrable (PET of 2.8cm axial FOV resolution to enable TOF acquisition c
PET132]  insert for 2. Artifactual hot regions in Hofmani resolve the issue in future
MR) phantom image (perhaps) due to usin¢ 2 ysing an annulus source for normalization ¢
cylindrical source for normalization &l scatter correction might mitigate this issue
attenuation correction
CareMiBrain Brain 1. Parallax error 1.Highresolution (1 mm) DOI determination
[125] the monolithic crystal
BPET[155] Brain Not reported Not reported
HIAS- Brain 1. Parallax error 1.Accepted
2900Q80] 2.Image degradation from patient motion 2 Motion capture using an optical trackir
3.166mm gap between 2 of the detectc system and motion correction
rings for placement ofmotion capture 3\l investigate the gap effect on clinic
system images in their future studies
4D- Brain 1. Parallax error 1.3D photon impact positioning in crystsiab
PET[159] detectors using a neural network
Trimagd160 Brain 1. Parallax error 1.2-layer DOI detector with staggered structu
(PET/M for better sampling of FOV

R/IEEG)

Normalization using a count rattependent method
Partial pileup rejection by the fronend firmware
Deadtime correction using a global scaling factor
image space

MRHbased attenuation correction

Scatter correction

Random correction

No attenuation correction

Scatter correction

Normalization
Random correction by subtracting a delayed windc
No scatter correction

Direct normalization method

Random correction using the singles rate method
Attenuation correction by segmentation of tt
emission image

Scatter correction based on the duahergy window
method

Random correction using singles method
Attenuation correction using homogeneousmaps
estimated from segmentations of the emission dati
Componentbased normalization

Random correction by subtracting delay
coincidence events

Attenuation correction using segmentation of tl
emission image

Scatter correction based on a singleatter simulatior
method

Simulation study: no data correction

Simulation study



Cylindrical with removed/added detector modules

Flat-Panel

BresTom§l Brain and 1. Parallax error

61] Breast

ProsPET69] Prostate

Intraoperativ Intra-

e PET operative
probd190]

C-Shaped  Breast
PET[171]

Active- Multifun
PET[5] ctional

NeuroEXPL Brain
ORER199]

PEM Flex Breast
Solo 1[200]

Prostate PE™ Prostate
w/

Transrectal

tubg191]

Imagingguided prostate biopsy
Parallax error

Low sensitivity for prostate imaging
High random and scatter contribution
Lowsensitivity

. Flexible position of imaging probe

NN

1. Parallax error and sensitivity

2.Image artifacts due to limited angul
coverage

1. Mechanical and electrical issues due
varying geometry

2. Varying sensitivity

Sensitivity

Resolution and resolution uniformity
Low SNR

Head motion

PwnE

1. Parallax error

2.Worse crosglane spatial resolutiol
compared to inplane resolution due t
limited angular coverage

3. Low sensitivity due to small probe size

4. Slow response due to the use of pro
during surgical operations

No adverse effect was foreseen for clini
images using iterative reconstruction with T
data

1.Tight detector ring around hip

2.DOI from energy signals of all channels
3.Tighten the PET inner diameter to 41 cm
4 Work in progress.

1.Probe can get very close to tumor

2.Use of a position tracking device

1.4-layer DOI detector

2.Work ongoing on optimizing a reconstructi
algorithm

1.Use of flat flexible cables, actuatorand
electro-optical fibers.

2.Sensitivity map for each geometry foul
through GATE

1.Extended axial FOV brain (~50 cm) PE1
potentially a partial detector ring t
accommodate shoulders. Sensitivity of >
folder higher than HRRT

2.Use of 1.52 mnerystals w/ DOI resolution ¢
less than 4 mm

3.TOF resolution of < 250 ps

4.Use of a reatime stereovision system

1.Limiting LOR angular range to reduce |
effects

2.Not reported

3.External detectors will create images w
moderate sensitivity
4. Recon using fast Lidased methods

Method for normalization and attenuatio
corrections: not reported

Image space modeling of spatial resolution
reconstruction

Random corrections using delayed events

Count loss correction

Attenuation correction with a modified maximur
likelihood attenuation correction fact§t08]

Scatter correction using singéeatter simulation
Normalization using data from an annulus phanton
Attenuation correction using CT images from
separate scanner or segmentation for phantoms

Simulation study

Normalization through solidngle calculations usir
vector notations

Not reported

Simulation study
Normalization: Geometrical components modeled
CASTOR

Simulation study
Attenuation correction using a clinical CT

No corrections for randoms and scatters
No attenuation correction

Not reported



Spherical/Pseudespherical

Irregular

TOPEM61] Prostate 1.
2.

stereotactic Prostate 1.
2.

PET[192]

HNC addon Head anc 1.

PET201] neck

BPET- Breast
DBT[164]

DP-PET Breast
(insert  for
MR)[77]

SBPET145] Brain

TOFRDOI Brain
Prism

PET[82]

Helmet anc Brain
Helmet

chin[57]
Polyhedron Brain
brain

PET[58,

202]

VRAIN[133] Brain

Conceptual Prostate

PET for
prostat¢68,
188]

1

1

w N

»wWN R

Sensitivity
Low SNR

Parallax
Spatial resolution

Sensitivity

. Limited-angle image artifacts
.Worse spatial resolution along the a:

perpendicular to the detector panels dt
to limited angular coverage

. Sensitivity

.Limited spatial resolution and parall;

error

. Parallax error
. Sensitivity

. Sensitivity
. Retrofitting

surfaces

. Parallax error
. Sensitivity
.Low SNR

Parallax error

. Sensitivity
.Random and scatter events
. Irregular and incomplete sampling due 2.Moving upper detector arc to reach maximt

detector side gaps

detectors

1.Use of an endorectal probe

2.Potential addition of more external detectt
panels

1.DOI (~1 mm FWHM)

2.Use of an endorectal PET probe and two
panel modules

1.Add-on dedicated head and neck scanner
complementwhole-body PET

1.TOFcapable detector still additionalblurring
along yaxis

1.Not reported

1.Spherical design and the use of thick lig
scintillators (liquid xenon)
1.DOtenabled highly pixelated crystals

1.4-layer DOI detector

2.A helmet PET with an added series of 7 ¢
detectors

1.Maximize sensitivity by maximizing cover
solid angle

2.Use of a polyhedron

1.Limiting crystal length to only 10 mm

2.Hemispherical design w/ orA®-one couple
LFS scintillators

3.Avoid compromising TOF by not using DOI

1.Angled detector modules toward the scanr
center near the prostate; DOl capabil
reported as not necessary

sensitivity

Simulation study

Motion tracking for the probe using a MicroBird E
tracking system

Simulation study
Not reported in detaik ongoing

Normalization using a plane source

Random correction using a delayed window
Attenuation correction using segmentation of M
images (3D Dixon -phase/outphase imaging
sequence)

Scatter correction based on a singleatter simulatior
with L2-norm tail fitting

Simulation study

Simulation study

Attenuation correction using a separate CT
suggested (not implemented)

Simulation study

Normalization and time calibration using a holkc
dome phantom

Randoms correction using a delayed window meth
Attenuation correction requires external CT or MR
attenuation maps

Simulation study

Attenuation  correction  considering  unifor
attenuating media in the nody



3.Extended interplane septa to reduce rando
and scatters
4 Nearly artifactfree images using iterativ

reconstruction
PET for Prostate 1. Sensitivity 1.Adjustable detectors arranged in an elliptic
prostat¢68, shape
188]
LBNL Breast 1. Parallax error 1.8-layer DOI detector
PEM[172] 2.64-fold increase in the number of LO 2-3. Development of a lismode maximurm
makes it inefficient to process the data likelihood algorithm explicitly modeling th
histogram format DOI and rectangular geometry

3.Irregular radial and angular sampling
this rectangular geometry
EndoTOFPE Prostate 1. Anato-functional imaging of prostate 1PET head extension attached to an

T-US[193] transducer with an external PET detector pl;
AGPET203 Adjustab 1. Parallax error due tsquareshape gantry 1.DOI using DLO geometry and reflector patte
] le T 2. Sensitivity 2.Adjustable gantry to adapt FOV

Multipur

pose

Randoms correction using a delayed window meth
Attenuation estimated for phantom

Normalization using a rectangular flood phantom
Random correction using a delayed window
No attenuation and scatter correction

Simulation study



V. Summary and future trends
To reflect the perspectives/opinions of experts in the field of PET instrumentation, a survey was designed for this
review and sent to 15 PET scientists. This survey included six questions about the design and development of
dedicated PET scanners and thture of this field of research. We asked experts in the field to give a score
between 110 for less important to more important or less costly to high costly. For other questions we also asked
them to sort out the options. The response to the questierwas averaged and the answers reported in figure
3..Based on this survey, we concluded that the major challenges in dedicated/irregular PET scanner fabrication
lies in the optimization of electronics and image reconstruction methods which take the utmost of human
resources, while the scintillators and plusttectors take the utmost of financial resources. The majority of the
experts also felt that dedicated brain and prostate PET scanners have the highest request and if the price can be
reduced, there will be a large demand. Definitely, none claimed thewiieeplace wholebody PET scanners.
The results also supported the argument that there is a large space for Al to play role in data acquisition, event
positioning and quantitative image reconstruction and that future research should focus more w@ngrtipgo
coincidence time resolution, depth of interaction and optimal geometrical configurations.
The major motivation behind the design and manufacturing of esgaaific PET scanners is to reduce the cost
of end products compared to conventional cylindrical nruity PET scanners without scarifying key image
quality factors relevant in clinical afipations. Yet, the aim of dedicated scanners is not to replace existing
clinical wholebody PET systems. In this regard, many efforts have been spent towards the design and building
of compact PET scanners dedicated for specific organs with remarkatsijaded manufacturing costs by
reducing the complexity of PET systems design (e.g. using flat panel detectors), reducing the number of detectors,
and using coseffective PET detectors, such as monolithic scintillation cry§fds 6]. Owing to high demand
for brain, breast, and prostate PET scans, the majority of dedicated PET scanners were designed for the purpose
of reducing overall public health costs and increasing the accessibility of PET scanners to remote areas and/or
developimy/underdeveloped countrig&s] [77]. A 2-meter long totabody PET scanner with plastic scintillators,
referred to as-PET [7], is one example of attempts to reduce the cost of aliotht PET scanner. Plastic
scintillators used in-PET have a density of about 1 gfc(whereas LSO and BGO have a density of 7.1 to 7.4
g/cn?, respectively) but can provide decent time resolution (about 220 ps CTR) at the cost of reduced sensitivity
[7, 78]. To reduce fabrication cost, a humber of groups considered rearranging and reducing the number of
detectors while relying on DOl and TOF to compensate for the missing sections (see for instaT&)Ref.
Since conventional PET scanners are normally capable of providing moderate spatial resolution, a major incentive
for dedicated PET scanners is to achieve high spatial resolution of the desired structures, such as in brain imaging.
The majority of highresdution dedicated PET scanners are designed for brain imaging, wherein quantitative and
high-resolution imaging of braispecific radiotracers in small structures and neuro connections is highly desirable
[80] .To this end, highresolution pixelated detectors improved DOI and TOF capability, whereasshég
electronic reagbut technologies are employed on dedicated brain PET scdBteB2] Furthermore, owing to
the small FOV required in brain PET imaging, higgmsitivity imaging could be easily achieved by covering the
whole head area, as used on the helmet PET scii@ijer

In addition to achieving loveost (for prevalent PET scans, such as prostate imaging) andesigiation (for
dedicated brain studies) PET imaging, the motivation behind designing dedicated PET scanners targets specific
applications that cannot be accompkd with conventional PET scanners. Range verification in heavy ion therapy
(such as proton radiation therapy) plays a key role in accurate radiation treatment planning monitoring, wherein
the identification of the Brag peak location is crucial to delitie maximum radiation dose to the target volumes
and spare healthy/normal tiss(i@3, 84] Online (inrbeam) PET imaging in heavy ion radiation treatment requires

an open gantry PET design for direct access of radiation beams to the g8dgmstwo-panel PET design is
commonly considered for online PET imagers, where the patient could be accessed from two other sides. Due to
the fact that the rate/probability of positron emission is not very high, these PET scanners should be equipped
with high-sensitivity detectors to achieve acceptable SNR (sensitivity has higher priority than spatial resolution
in this case)[85, 86] Another interesting design, referred to as huseale singleing OpenPET system,
providing an open space area by axially shifting the detectors to different sides in the axial direction, is suitable
for online range verification in heavgn therapy87].

In addition, simultaneous imaging of the target areas is crucial to achieve accuratéoadyolynamic and
parametric PET imaging. This would also obviate the need for blood plasma sampling (input function) provided

30



What are the major challenges in Among organ-specific PET

building PET scanners? scanners, which one is more
demanded?
AR = Electronics
= Cardiac
Geometrical configuration
0,
22% 26% _ 24% Breast
Mechanical aspects
22%
Normalization and brain
18% 17% optimization 40%
179% Image reconstruction prostate

What's your opinion about the
future of dedicated organ-specific

-
S PET sca’-‘ugtregéugh demand

= Photodetectors
Enough demand 11%
25%

which part of a PET scanner is
more costly?

3 Scintillators
If the price can be reduced, 19%
229, there will be demand for
0% tH1em S
ey will be replaced with Electronic
whole-body PET scanners components
38% :
They are demanded even if 43% Software
the price of whole-body
PET is reduced
What is your prediction about the What is the more important area
role of Al in the future of PET of research which you think can
scanners in the following have a huge impact on the future
aspects? of dedicated PET scanners?
Dat N al = Improving the coincidence
Ao g dcquisIon (oS time resolution
18% dose imaging) 16% ;
Improving the depth of
Quantitative image Interaction capability
reconstruction 16% Optimizing geometrical
SRR configuration
vent positionin
27% S S Quantitative image
26% _ _ 179% 24% reconstruction
Electronic processing Al-based developments

Figure 3.0Outcome of a survey from 15 experts in the field of PET instrumentation who provided feedback on 6 main questions
about dedicated PET scanners and future developments.

the major body blood pools are covered in PET imaf#&}. In this regard, extended FOV or tetaddy PET

systems gain attention for enabling fully parametric imaging as well as verydsgvor ultrefast PET scang!9,

89]. The key factor in the design of such systems is the extensive coverage of the body at the cost of a dramatic
increase in manufacturing expenses. To address this issue, extendable FOV PET scanners have been
proposed/designed to reduce the number of reqURET detectors (to reduce the overall manufacturing cost)
while providing the required axial FOV. In these PET scanners, the detector rings are mounted on a mechanical
mechanism allowing for an axial extensi®®-92]. Furthermore, arterial blood sampling is crucial (regarded as
gold-standard) in dynamic PET studies. This has encouraged to design and build a dedicated small PET scanner
for noninvasive imageguided input function estimation (SynchroPET ArterialPETTMmster (Stony Brook,

NY, USA) [92]. Such scanners require very small FOV (as large as a human arm diameter) with a good spatial
resolution to reduce errors due to partial volume effect.-tost, ease of use, and high spatial resolution and
sensitivity for input function estimation is tirecentive behind building bracelet PET scanners.

Novel PET geometries, configurations, and detector designs are proposed in the context of conceptual design
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which could be promising for many applicatid@8]. However, in some conceptual designs, manufacturing cost

is ignored and sometimes the improvements brought by complex designs are f®tgiAahajor challenge or
drawback in most dedicated PET scanners is the lack of transmission scanning and/or structural imaging. Apart
from the benefits of synergistic anatomi€ahctional imaging to realize the full potential of quantitative PET
imaging, aatomical imaging is commonly requirf@b]. To address this challenge, maximum likelihood activity

and attenuation (MLAA) algorithm§6], attenuation map generation using background radigéah and
templatebased attenuation map estimation approaches were deg@ffiedn this regard, a major tendency
consists in designing PET inserts, which could be employed on commercial MR, PET/MR, and PET/CT scanners.
This could address the challenge of attenuation map generation since anatomical/transmission data are readily
available on the host scanng@®, 100]

It should be noted that owing to the astonishing performance of artificial intelligrrsesl algorithms, in
particular deep learning methods, novel approaches for performing attenuation and scatter correction (ASC) on
PET data without using anatomical iges have been developfd1-103]. These include ASC in the image
domain[104], attenuation correction factor estimation in the sinogram dofiéi, hybrid MLAA and deep

learning method$105], and attenuation map estimation from sA8C PET image$106]. Moreover, deep

learning algorithms are employed for accurate event positioning, calibratiosrgposastruction processing, and

image quality enhancement. These technigues not only boost the overall quantitative accuracy and image quality
of PET scansbut could also reduce manufacturing cd9ts107] A recently developed maximutikelihood
attenuation correction factor (MLACF) algorithm was adapted to a dedicated brain TOF PET scanner and
implemented in the commercialized sysf#68]. In this method, the authors combine an MLACF method that
simultaneously synthesizes the emission data and attenuation sinogram from TOF PET data, along with a scaling
technique based on anatomical features.

More aggressive efforts to achieve a coincidence time resolution of only a few tens of picoseconds and initial
promising results suggest that future PET scanners can indeed rely even more on TOF to improve image quality
[109]. There are ongoing debates on the technological limitations of achieving very small CTR values to reach
the reconstructiotess capability. Nonetheless, more precision in TOF data leads to higher image SNR and better
mitigation of limitedangle tomography

Fortunately, in the presence of TOF, heavily compressed sinograms with axial rebinning and significant azimuthal
mashing can be used without resolution IdsD]. Nevertheless, lisnode reconstruction remains a top choice

for many researchers and even on commerciatbmdl/[111, 112]Jand norcylindrical PET scanners (e.g., Ref.

[47]). With listmode iterative reconstruction, an accurate physics model of the scanner, including the exact
positioning of each LOR, DOI, shiftarying PSF, and TOF can be incorporated in the system matrix. Image
artifacts that can be caused by asymmetigesimetries of some orgapecific dedicated PET scanners were
elegantly discussed in R¢1.13], also highlighting how incorporation of a TOF can minimize such artifacts.

A new trend in high resolution PET instrumentation includes dedicated specimen systems -fmperdtive
assessment of surgical samples for the assessment of lesions heterogensitygmadl margins in three
dimensiong114, 115]and agganson-chips (OOCs) microdevices mimicking in vivo orgdf46], which are

finding promising applications in diseas®delingand drug discovery. These developments are expected to grow

in the future as there appears to be a market for these devices.

ltds gratifying to see in perspective al/l i nnovative
without septa to TOF, resolution recovery reconstruction, digital Sised photodetectors, and more recently

long axial fieldof-view designsAdvances in PET instrumentation and associated image reconstruction and
guantification techniques have been very swift and stimulating, and there is every reason to believe the field will
move forward more swiftly in the future with the advent of novait8tators and photodetector technologies and

the unlimited imagination of PET scientists. There is no shortage of challenges and opportunities for PET
instrumentation and innovative conceptual designs.

While PET scanner technology witnessed spectacular advancements over the years, many innovative design
concepts have not progressed to commercial products for various reasons. These motives can be summarized in
five main aspects: fabrication cost and markadiness, service/maintenance cost, patient discomfort, suboptimal
realworld performance, and difficulties associated with translating developments from academic to corporate
settings. Totabody PET scanners or scanners with high temporal TOF resolate usually expensive at the
present time, which makes them less affordable in the clinic, particularly in low GDP cd48iries The
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extendable FOV PET design concept or compensation of the low TOF resolution through deep-temedng
imagequality enhancement might address this limitdd${8, 9]. Maintenance cost is another significant hurdle,
especially for PET scanners with moveable detemtafigurations. Such scanners are more prone to mechanical
damage, sensitive to calibration issues, and can contribute to patient discomfort, thereby increasing the
maintenance cost and patient anXi&lyHence, it is imperative to establish meticulous protocols for calibration

and quality assurance.

Patient comfort is a fundamental consideration in PET scanner design and manufacturing. A few geometrical
designs, such as spherical or dodecahedral shapes, may induce feelings of discomfort and clay&@8pphobia
Likewise, scanners with dynamic gantries could potentially cause anxiety when the detectors approach the
patieni5, 117] While these issues can be mitigated through the ugetwdil reality headsets or anxietgducing
medications, it is crucial that these factors are taken into account during the design process to ensure patient's
comfort and cooperation. Another important aspect is the performance of the suggested desigiveorld

scenario. Many of the suggested configurations were evaluated based on Monte Carlo simulation studies that have
ignored several physical factors, which can downgrade the performance. Finally, some concepts like portable,
handheld PET scanneatso face significant hurdles. Despite the potential for pofittare application, the need

for radiation shielding, stringent regulatory requirements, and the difficulty of miniaturizing the necessary
technology all contribute to the namability of these designs.
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Abstract

Introduction :

We propose a sma#inimal PET scanner design combining two sets of monolithic crystals with two different
thicknesses. The detectors with thinner crystals serve for high resolution imaging while the thicker crystals retain
the detection efficiency.

Methods:

Two smaltanimal PET models based on 10 and 12 detector blocks made of monolithic LYSO crystals were
implemented in the GEANT4 Monte Carlo toolkit. In each of these models, half of the detector blocks consisted
of a crystal thickness of 10 mm whereas theosd half had a crystal thickness of 2 mm. The scintillator crystals
were coupled to SiPM arrays. For the first model, the detector blocks were arranged iring fodlygonal
geometry in such a way that detector blocks with the same thickness wegeagitiosite to each other. For the
second model, detector blocks with different crystal thicknesses were facing each other. The performance of the
proposed PET models was assessed using standard parameters, including spatial resolution, sensitiséy and no
equivalent count rate.

Results

Comparison was made with conventional PET models with crystal thicknesses of 2 mm, 6 mm andPEImm.
models with a crystal thickness of 2 mm led to the highest spatial resolution (up to 0.6 mm FWHM) at the cost of
poor absolute sensitivity (2.5%). On the other hand, PET models with a crystal thickness of 10 mm led to good
detection efficiency (4.4%yet with substantial degradation of spatial resolution (1.2 mm FWHM). The proposed
PET models with thick and thin crystals exhibited an optimal tadtibetween spatial resolution and sensitivity
outperforming the PET model with fixed 6 mm crystal by achieving a spatial resolution of 0.7 mm and absolute
sensitivity of 3.7%.

Conclusion

The novel proposed PET design concept achieved an optimaldffaletween the sensitivity and spatial
resolution by combining two sets of monolithic crystals.
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Introduction

Over the last two decades, biomedical research using animal models of human disease has witnessed a fast
growing pace. Animal dissection used to be the common practice to examine disease progression, feedback and
response to treatment at several time inthich required large cohorts of animals to enhance the statistical
confidence in findings/outcomes. High resolution dedicated PET scanners designed for small animal imaging
enabled longitudinal examination on relatively small numbers of animal witlcisutfquantitative and statistical
accuracy. The potential of radiotradeased molecular imaging offered by PET has rendered this modality a
powerful and indispensable tool in preclinical reseditth

There is an increasing demand for higher spatial resolution and sensitivity in small animal PET scanners to
properly track and quantify physiologic procesf#s To achieve a high spatial resolution, detector modules
composed of discrete small detector components are commonly utilized to increase the number of samples taken
in the spatial domaifB, 4]. However, joints or gaps (dead areas) existing between the detector components and/or
modules reduce the sensitivity and, in some cases, produce afifaéls Moreover, manufacturing detector
modules with very small scintillator elements to enhance the spatial resolution would considerably add to the cost
of the PET scanner. Despite the complex production
detectors has been reduced down to 0.5 mm compared to early designs-2isimmp [¥, 8]. However, these
detectors suffer from mediocre sensitivity owing to the increased ratio of dead area (joints between the detector
elements) to the total sensitive area.

One way to overcome the drawbacks associated with pixelated PET detector arrays is to employ monolithic
scintillator crystals, which are capable of providing relatively high detection efficiency. In monolithic scintillators,
the improved detection sensitiy is achieved by the uniform detection medium without dead joints between
adjacent detector componeri® 10]. In addition to lower production cost and easier accessibility to the end
users, monolithic scintillator detectors potentially offer the unique capability of -d¢jieraction (DOI)
estimation, thereby improving the spatial resolution. The shape ofighe photon distribution over the
photodetectors attached to the monolithic scintillator is correlated with the position of photoelectric events, which
can be utilized to estimate the DQ1]. These properties of monolithic crystals have made them an attractive
option for use on commercial animal PET scanfiE2§

There is predominantly a traddf between spatial resolution and detection sensitivity imposed by the
thickness of the detector elements. Thicker detector
likely that photons pass through thestals without interaction. This issue plays a more important role when
photons with higher energy, and consequently lower linear attenuation coefficient, are supposed to be detected.
However, increasing the thickness of the detector elements would ivdltlem accuracy of the estimated position
of interaction owing to increased parallax effd@].

Substantial efforts focused on the improvement of detection efficiency of the PET detector modules aiming at
enhancing image quality and/or diminishing the injected activity. Geometrically speaking, increasing the axial
field-of-view (FOV) of the scannersahence the solid angle coverage, would enhance the detection efficiency
with minor or no degradation of the spatial resolution. An extreme form of this design concept was implemented
in the totalbody EXPLORER PET scanner with an axial coverage of ~2rsfité]. This scanner achieved
increased detection sensitivity up to 40 times compared to conventional PET sdabhekéoreover, non
conventional geometry PET scanners have been proposed to either enhance the detection efficiency of the scanner
or reduce the number of detector elements (for the sake of higher cost efficiency) or both. For instance, the D
shape PET scanndesign provided 30% increase in detection sensitivity as well as 12% decrease in the number
of required detector elements relative to regular ring shape scdtbgréikewise, for dedicated brain PET
scanners, there is a tendency towards geometries offering optimal coverage of the head with minimal dead
(unused) FOV, such as the ECAT HRRT brain scafité This scanner has a gantry of 35 cm in diameter,
which provides axial and transaxial FOVs of 25 and 31 cm, respectively, to cover the entire head. More
specifically, the helmet PET scanner, equipped with multiple detector arrays to closely surrourietead
region, has been introduced to offer a unique increase in detection efficiency by adapting the FOV to the shape of
the head. This scanner enabled detection sensitivity boost by ufold dompared with conventional PET
scanner$18].

Most dedicated smalinimal PET scanners were designed and manufactured based on pixelated detector
arrays to provide high spatial resolution. Owing to the availability of pixelated detector arrays with small detector
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elements, sumillimetric spatial resolution has been achiey&fl, 20] However, despite the enhanced spatial
resolution, PET scanners equipped with pixelated detector arrays suffer from mediocre or poor sensitivity owing
to low detection efficiency of pixelated detector arrays. The typical sensitivity of these scanrefroarie.61%

to 2.8%][21], going up to 7.4 %22] and 9.39%423] for more recent PET scanners with pixelated cryséased
designs.

As opposed to pixelated detector arrays, monolithic scintillators allow achieving high sensitivity at the cost of
spatial resolution loss. Few smalhiimal PET scanners designed based on monolithic crystals achieved
competitive performance with respectpiaelated designg24-26]. For instance, the DigiPET scanner equipped
with 2 mm thickness scintillator crystal achieved a spatial resolution of 0.@nifo the best of our knowledge,
there is no brain PET scanner based on monolithic scintillator. The only-abd{ePET scanner equipped with
a continuous crystal is theRET with an axial coverage of 1 m, a spatial resolution of about 3 mm and a ggnsitiv
of 14.9cpdkBq at the center of the FO[27]. Ther  CUBE isa compact preclinical PET scanner for tdialy
imaging equipped with 8 mm thick monolithic LYSO scintillators that showed a spatial resolution and absolute
peak sensitivity of 0.76 mm and 10.2 % at the centre of the FOV, respef2®kpespite the appealing detection
sensitivity, limited spatial resolution achieved by monolithic scintillators has restricted their use in the preclinical
and clinical PET instrumentation domain. Despite imperfect spatial resolution, monolithic scintéietons
attractive option owing to their high sensitivity and cost effectiveness.

In this work, we investigated the key performance parameters of a number ofasimeadl PET models
designed based on monolithic scintillator crystals. The major distinction between the different models is in the
thickness of the monolithic crystal as wadl their arrangement within the PET gantry. The main objective is to
introduce a novel PET model based on monolithic crystals enabling to establish an effective resehsitoity
tradeoff. These models are designed using 10 and 12 detector blocksomdlithic LutetiumYttrium
Oxyorthosilicate doped with cerium (LYSO:Ce) crystals. For each of tharftD12detector block PET models,
different crystal thicknesses were simulated to study the -tHdeetween spatial resolution and detection
sensitivty. Moreover, novel detector arrangements were proposed in which two sets of detector blocks with
different crystal thicknesses were used. Half of the detector blocks have a crystal thickness of 10 mm while the
other half have a thickness of 2 mm. Theaaile behind the proposal of these configurations is to retain/enhance
the spatial resolution (provided by thin detector blocks with 2 mm crystal thickness) and the detection sensitivity
(provided by thick detector blocks with 10 mm crystal thickness)sifraulate the different PET models, we
utilized the physical characteristics and technical specifications of a previously introduced preclinical PET scanner
[25].

In the first proposed PET model, the detector blocks with different crystal thicknesses were arrantged face
face in the fulring polygonal geometry. Contrariwise, in the second model, detector blocks with the same crystal
thickness were placed fateface (thick in front of thick and thin in front of thin). In addition, two modes of data
acquisition were simulated: stationary and rotating. The gantry had no motion in the stationary mode; however,
in the rotating mode, the gantry recurrently rotates \&itgular steps of 18° and 15° in the first and second
configurations, respectively, during the scanning time. These models were simulated using the GEANT4 Monte
Carlo (MC) toolkit[29] to measure the spatial resolution and sensitivity based on the NEMARIQB!protocols
[30].

Il. Materials And Methods
Geometrical PET configurations
The main objective of this work is to propose novel configurations or arrangements of detector blocks in
preclinical PET scanners aiming at achieving better todfleetween spatial resolution and sensitivity scanning.
The motivation behind the proposeesin concept lies in the use of two monolithic scintillators with different
thicknesses (thin and thick) to build the proposed PET scanner. Thick scintillators, having relatively higher
detection efficiency, are utilized to maintain/boost the sensitivityereas thin scintillators are exploited to
retain/enhance the spatial resolution of the scammdhis regard, two principal configurations can be conceived
depending how the thin and thick detectors are arranged: (ietieetor blocks with the same crystal thickness
are set facgo-face, and (ii) the detector blocks are arranged such that the detectors with different thicknesses face
each otherThese two configurations were modeled using 10 and 12 detector blocks (figure 1). The primary
incentive behind the choice of 10 and 12 detector blocks in these two configurations is to maintain the symmetry
of acquisition.
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Figure 2. Schematic sketch and 3D view of the PET models with thin and thick detector blocks. a) PET model with 10 thin
(2mm) and thick (10 mm) detector blocks (:082) and b) the corresponding 3D visualization. ¢) PET model with 12 thin
(2mm) and thick (10 mm)eatector blocks (128.0-2) and d) the corresponding 3D visualization. €) The detector block (thick)
with crystal thickness of 10 mm and f) the detector block with crystal thickness of 2 mm.

For instance, in the second configuration (figure 1c), if the ten detector blocks are used (instead of twelve), the
geometry of thescanner will not be symmetric. Moreover, in addition to these two stationary configurations, the
rotating configuration is proposed which involves rotation of the gantry by angular steps of 18 degrees in the
middle of the scan course. This configuratiomtended to homogenize the spatial sampling of the object under
study through equal division of the acquisition between thin and thick detector blocks. The rotating configuration
is proposed to render the spatial resolution uniform in the image domaugkhequally sampling by the thin

(high resolution) and thick (low resolution) detector blocks.

PET model with 10 detector blocks

In this model, referred to as 16B)-2, five detector blocks containing thick (10 mm) scintillator crystals were set
opposite to five detector blocks with thin crystals (2 mm) as illustrated in figure 1a and 1b. As mention earlier, in
this model, each paof annihilation photons is most likely detected by opposing thin and thick crystals. Thereby
the detection sensitivity and spatial resolution are maintained at the highest achievable level. The same detector
blocks but with different thicknesses were usethis model, which consisted of monolithic LYSO crystals with
50.2x50.2 mrhentrance area, coupled to a Silicon photomultiplayer SiPM (Sensl AB8985144RPCB) with

12x12 array size and 4.2 mm pixel pitch. A barium sulfate (BaSO4) reflector material with a thickness of 0.1 mm
was used to warp the crystal (figure 1e and 1f).

The performance of this design concept was evaluated against three conventional PET configurations with
fixed scintillator thickness. To this end, three detector blocks with thicknesses of 2 mm, 6 mm and 10 mm were
simulated using the same geometrical gurfation. The PET model with 10 detector blocks and 2 mm crystal
thickness, referred to as 19B would offer high spatial resolution owing to the thin detection medium. On the
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other hand, the PET model with crystal thickness of 10 mm-l@MBs expected to have the highest sensitivity

at the cost of degraded spatial resolution. The PET model with a crystal thickness of 6 ) ifléBpected to

exhibit an intermediate perfoance compared to 1680 and 10B2 models in terms of resolution/sensitivity
tradeoff. In addition to these models, the rotating version of-10R was implemented (18B0-2-R) where the

gantry undergoes a rotation of 18 degrees in the middle of acguigitirender the spatial sampling uniform
across the whole FOV. For instance, when thick crystals are facing each other, despite the increased sensitivity
for certain lines of response (LORS), the resolution would be deteriorated owing to the samplitigckith
crystals. To tackle this issue, the 20B-2-R model was proposed to evenly distribute the spatial sampling
between the thin and thick detector blocks.

PET model with 12 detector blocks

The PET model consisting of 12 detector blocks differs from the ®B model in the sense that the crystals

with the same thickness are set in front of each other {tbithick and thinto-thin) as illustrated in figure 1c

and 1d. The motivation behirttle proposal of the PET model with 12 detector blocks {1@R) is that this
configuration cannot be implemented using 10 detector modules as the scanner will not be symmetrical since the
two modules with the same crystal thickness will be placed nezictoother. Disregarding the number of detector
blocks, the physical and technical characteristics of the detectors #hi@2Bre similar to those of the 10B)-

2 model (Table 1). Only the gantry diameters are different due to the different numberaddidielocks used.

Table 1.Physical characteristics of the PET models withdrd 12detector blocks.

10B-models 12B-models
Number of detector blocks 10 12
Crystal type LYSOi Monolithic LYSOT Monolithic
Ring diameter 154 mm 187 mm
Axial field -of-view 50.2 mm 50.2 mm
Acceptance angle o l(IN| omnld
SiPM array 12x12 12x12
SiPM pixel size 3x3 mnt 3x3 mn?
SiPM pixel pitch 4.2x4.2 mmM 4.2x4.2 mm

Similar tothe previous section, to assess the performance of thd@@2Bnodel, the 12letector block models
with a crystal thickness of 2 mm (128, 10 mm (12B10) and 6 mm (128) were also implemented. The rotating
version of this model (12B0-2R) was also imlemented using 15 degrees of rotation. Table 2 summarizes the
specifications of the various models implemented using 10 and 12 detector blocks.

Table 2. The number of detectors and crystal thickness for the different PET scanner models.

Number of

PET model Crystal thickness PET model Number of detectors = Crystal thickness
detectors
10B-10 10 10 mm 12B-10 12 10 mm
10B-2 10 2 mm 12B-2 12 2 mm
10B-6 10 6 mm 12B-6 12 6 mm
5 10 mm 6 10 mm
10B-10-2 12B-10-2
5 2 mm 6 2mm
5 10 mm 6 10 mm
10B-10-2-R 12B-10-2-R
5 2 mm 6 2 mm

Monte Carlo simulations

Monte Carlo simulations of a PET scanner requires accurate modeling of the transport of scintillation photons
traveling towards the photodiodes, the physical interaction of annihilation photons occurring within the crystal,
the scintillation process anddteffect of the readout electronics which convert the light signal into electrical
signal. To this end, the Monte Carlo simulations of the almgetioned PET models was performed using the
GEANT4 (version 4.10.2) cod@9]. Moreover, optical transport was also taken into account for a more realistic
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simulation.

To include optical processes, the following libraries containing the data to track electrons and optical photons
were used in the simulation: G4OpRayleigh, G4OpScintillation, G4OpBoundaryProcess, G40OpAbsorption,

G4MultipleScattering, G4elonisation and G4e®sstrahlung. According to the GEANT4 library protocol, all
processes
to electron interactions. In addition, the following libraries were added tsitihdation to account for photons
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with ionizing energies: G4LowEnergyCompton, G4LowEnergyRayleigh and G4LowEnergyPlectac [31,
32]. The reflection of scintillation photons at the boundaries between the two dielectric materials were accurately
modeled using the UNIFIED model in GEANT33].

It was assumed, in this simulation, that all photons are reflected with a reflectivity of 97% on the surface of
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surfaces interfacing the LYSO crystal and glue as well as glue and SiPMs. Refractive indices of 1.82, 1.42 and
1.6 were used for LYSO crystals, glue and SiPM, respectively. It is worth mentioning that in the Ground model
surface of GEANT4if an optical photon reaches the boundary of two materials composed of different compounds,
it is either refracted or reflected with a certain probability calculated based on refractive indices of the two
materials and the incidence angle of the beamoAting to the characteristics of the LYSO crystal, provided by

the manufacturer, the refractive index of LYSO was set at 1.82 and a light yield of 25000 optical photons per

MeV was considered. The reflectivity and photon detection efficiency of SiPM setréo 20% and 23%

(according to the datasheet), respectively. The optical photons reaching the SiPM pixels were considered to create
the output signal. For energy discrimination, values of 144 pixels are summed up and only events in the full energy
peak ae used for positioning calculation.

Table 3.Physical characteristics and dimensions of the PET scanner used for the validation of the model in GEANTA4.

Image reconstruction
Data processing was performed usingiouse software developed in C++ environment to extract the position of

each event in the monolithic crystal based on the Correlated Signal Enhancement (CSE) positioning algorithms.
More specifically, we calculated the number of optical photons reaching each of the 144 SiPM pixels. For each
scintillation, we summed the number of optical photons reaching the pixels in each row and column separately.

Hence, we were able to report thesjpion of each scintillation insidéhe crystal knowing the two arrays
b Y di

(summation of

Parameter
Number of block rings

Detector blocks per ring
Scintillator material
Crystals per block

Axial FOV

Transaxial FOV

Number of image planes
Coincidence time window
Energy window

Energy resolution
Detector block entrance area
Crystal size (thickness)
Detector ring diameter
Photodetector

Array size

Pixel pitch

Reflector material
Thickness

col umn

Value
1

10

LYSO
24%x24 =576
50 mm

100 mm

109

4.0ns

150 650 keV
11.7%
50x50 mmd
2x2x10 mm
842 mm
SiPM

12x12

4.2 mm
BaSO4

0.1 mm

recti
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arrays provide the highest probable row and column and their neighbours, which can be used for estimation of the
interaction point[36, 37] The following processes were performed to generate output images. First, true
coincidences were recognized based on a time window of 7 ns and an energy windoweé04a@9/. Then,
scintillation photons r eachi n gotfile fér BaEsof tieil44SiIPMd pixgls r e s e
along with the position information along X and Y directions. The CSE algorithm was applied to scintillation

photons distribution to estimate the origin of scintillation events for each detector block. A linssuased

between two scintillation events as a LOR. The LORs were labeled with their corresponding distance and
angulation from the zxis of the scanner. The singdice rebinning algorithm was employed to rebin the LORs

in the oblique planes to direct ple. The acquired LORs were registered in a sinogram and the reconstruction
performed using a 2D filtered back projection (FBP2D) algorithm implememwitath STIR packagg38].

Validation and performance evaluation
The PET models implemented in GEANa#dAd the image reconstruction code were validated against the empirical
data obtained from a prototype small animal PET scanner designed and fabricated if3®yd@pThe details
of the validation procedures are described in our previous §5dyTable 3 shows the technical specifications
of the prototype PET scanner used for Monte Carlo modeling of the proposed PET models.

The performance of the proposed PET models were evaluated using the NEM20QB4tandard30].
Owing to the long computational time of Monte Carlo simulations, we focused mostly on the assessment of key
performance parameters, including the sensitivity, spatial resolution and count rate for the different PET models.
Spatial resolution
The NEMA NU 42008 evaluation procedure of the spatial resolution was applied to calculate the point spread
function (PSF) of the PET models at different positions. The spatial resolution of the different PET models was
estimated using &Na point source (4uCi activity and 1 mm diameter). The point source was fixed inside’a 1 cm
block of acrylic and located at different radial positions along the central axes of the PET ring. The spatial
resolution was reported as full width at hadéximum (FWHM) of intasity profiles followed by Gaussian fitting
acquired from images of the point source. The point source was located at 5 mm, 10 mm, 15 mm and 25 mm
distances from the radial center of the scanner. To examine the impact of parallax error on the spatiiah resol
across the axial FOV, the spatial resolution measurement was repeated at four points (5 mm, 10 mm, 15 mm and
25 mm) along the radial axes.

Sensitivity
The sensitivity of the PET models was assessed along the axial FOV through multiple sé&xa pbat source
(180 kBq) for an acquisition time of 10 minutes. The point source was relocated with a step of 5 mm from one
end of the axial FOV to the other. The point source activity concentration was selected low enough to ensure that
single event couing losses are below 1% and the randoms rate is less than 5% of the true coincidence events rate
[30]. The simulation was run until at least 10000 true coincidences per slice were collected.
Noise equivalent count rate (NECR)
According to the NU €008 protocol, the count rate estimation is carried out using a line source filled-28th F
surrounded by higldensity polyethylene cylinder. Moreover, the protocol recommends three types of cylindrical
phantoms with a height of 60rm 160 mm and 390 mm to mimic animal models of mouse, rat and monkey,
respectively. In this work, the simulation of the rat and monkey phantoms was not considered since these PET
models are intended solely for mice scanning. At each measurement pgietakhef the NECR and the activity
at which the peak NECR occurred were recorded using the default energy window @@®&eV and a timing
window of 4 ns.

Il RESULTS

Validation

The spatial resolution and sensitivity estimated for the PET models implemented within the GEANT4 simulation
platform exhibited good agreement with the experimental measurements performed on the Xtriamisnal|

PET scanner. The difference between theutated and experimental spatial resolution measured at the center of
FOV did not exceed 0.1 mm while the sensitivity was estimated with a maximum 0.2% error. The details of the
validation procedure are presented4].
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Figure 2. Axial (a,b) and radial (c,d) spatial resolution estimated for the different PET scanner models.

Spatial resolution

The spatial resolutions estimated for PET models withah@ 12detector blocks are presented in figure 2. The
spatialresolution was measured at axial (figures 2a and 2c¢) and radial directions (figure 2b and 2d). According to
the NEMA NU-4 protocol, the spatial resolution is measured at the center and % axial transverse distance. In this
work, additional measurements wemrformed along the axial and radial directions with a step of 5 mm.

The radial spatial resolutions measured for the-102 PET model varied between 0.8 mm and 1.5 mm
(FWHM) while the 10B6 model, considered as the main competitor of the 1GR model, led to axial spatial
resolution variation between 0.9 mm and 1.6 mAMHM.

In agreement with the results presented in figures 2a and 2b, th&(d2Bnodel outperformed the 128
model in terms of spatial resolution for all measurement points. Overall, the spatial resolution of the PET models
with 12 detector blocks was improvedmpared to the corresponding models with 10 detector blocks. Moreover,
the rotating PET models (16B)-2-R and 12B10-2-R) led to significant spatial resolution enhancement
compared to the 10B0-2 and 12B10-2 models.

Sensitivity
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Figure 3. Absolute sensitivity measured at different distances from the center of the FOV alonguiteef@ a) PET
models with 10 detector modules and b) PET models with 12 detector modules.
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Figure 4. NECR, scatter, random, true, total count rates for a}l@B and b) 12BL0-2 PET models.

Figures 3a and 3b summarize the absolute sensitivity of the PET models wigmdld2detector blocks,
respectively. The sensitivity was measured across the axial FOV using the default energy windovéad 400
keV. The highessensitivity (up to 4.3% and 3.1%) in both configurations was achieved by thé@8Bd 12B

10 PET models, respectively, owing to the thick scintillator crystals. ThelDdBand 12B10-2 models led to
second highest sensitivity at the center of the FOdhsidering the results obtained from the #®Bnd 12B6
models, the 10B8.0-2 and 12B10-2 PET models led to higher sensitivity at most measurement points.

Noise equivalent count rate (NECR)

The noise equivalent count rate of the different PET models was estimated at the center of the FOV. FThe mouse
sized phantom, filled with activity varying from 0.1 to 16 MBq, was employed to estimate the true, random, scatter
and total count rates. Figurda and 4b present the NECR estimated for the different PET models wiaind.0
12-detector block configurations, respectively. The NECR was found to be around 20 kcps and 16 kcps at an
activity of 13 MBq and 11 MBq for 10B02 and 12RBL0-2 configurationsrespectively.

Moreover, Figures 5a and 5b illustrate the rate of scatter, true, total, random and NECR for10e210®i 12B
10-2 PET models, respectively. The total count rates reached the maximum valiekeps 3and 25 kcps at
around 13.2 MBq activity concentration in both 1082 and 12B10-2 PET models.

V. Discussion

The demand for further improvement of key performance parameters of preclinical PET scanners, such as spatial
resolution and sensitivity, has been one of the main objectives of active groups in academic and corporate settings.
A sub-millimetric spatial reslution is desired for smadinimal imaging experiments. Conversely, a high detection
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sensitivity will lead to shorter scanning time and/or reduced injected activity. In this work, we proposed a novel
PET model equipped with two sets of monolithic scintillators with different thicknesses (2 mm and 10 mm). Thick
crystals are intended to emtt@/maintain the detection efficiency while the thin crystal would compensate the
spatial resolution loss caused by thick crystals. This novel PET model aims to achieve an togdieuedf
between detection efficiency and spatial resolution.

It was demonstrated that using onkyran thick LYSO crystal (10 and12B-2 PET models) would result
in relatively high axial (0.55 mm, 0.35 mm, respectively) and ra@al5 mm, 0.6 mm, respectively) spatial
resolutions for the aboweentioned PET models at the cost of poor sensitivity (1.6% and 2.6%, respectively).
Conversely, using 10 mm crystal thickness would enhance the detection efficiency of the system umaial4.3%
3.1% for 10B10 and 12B10 PET models, respectively. However, the spatial resolution would be limited to 1
mm in the best case. To establish a compreté&tween the spatial resolution and sensitivity, a PET model with
a crystal thickness of 6 mm was investigated. This model achieves a reasonable compromise between the spatial
resolution and sensitivity achieved by the 2 mm and 10 mm PET models. Hottevproposed PET models
(10B-10-2 and 12B10-2) with thin and thick crystals exhibited a performance beyond this compromise, leading
to spatial resolution of 0.9 and 0.6 mm FWHM, respectively, thus outperforming the 46812B6 PET models
with 1.2 to 08 mm FHWM, respectively. In addition, a detection sensitivity of 2.8% was achieved with the 12B
10-2 PET model compared to the IBEBPET model with a sensitivity of 2.45%4sing a combination of thick and
thin crystals reduces the uncertainty on the assigned LOR for one side of paired detectors in configuration #1 and
half of the paired detectors with thin crystals in configuration #2. This resuitgherpositioning accuracy and
hence better spatial resolution.

As discussed earlier, the rotating PET models (10R2-R and 12B10-2-R) were also considered to address
the nonuniform spatial resolution across the radial FOV on the-1082 and 12B10-2 models owing to the nen
symmetrical data acquisition geometrgndge reconstruction algorithms allowing to take into account spatial
resolution degradation could enable these proposed PET models to recover a uniform spatial resolution across the
FOV [41, 42] The nonuniformity of the spatial resolution is expected to be noticeable solely at the boundary of
the FOV (particularly for the 10B0-2 model) since the interplay of the many LORs passing through high and
low resolution detectors would render spategolution uniform at the center of the FOV. At the boundaries of
the FOV, the contribution of a low (or high) resolution LOR might carry greater weight than the others. This
phenomenon is expected to disappear in the rotating PET models owing to the alistabution of the low and
high resolution LORs across the FOV.

The quantitative evaluation demonstrated that the relative differences between the sensitivity of our proposed
configurations (10BL0-2 and 12B10-2) and the conventional configurations (208 and 12B10) were 1% and
0.5%, respectively. However, the ambofhLYSO crystal consumed in the 148 and 12B10 models decreased
from 250 cni and 300 criito 150 cni and 180 criin 10B-10 and 12B10-2 models, respectively. Although the
depth of interaction was not taken into account (which warrants further intastigafuture work), the spatial
resolution achieved by the 10B-2 (0.8 mm) and 12802 (0.6 mm) PET models are comparable with
commercially available as well as prototype sraalimal PET scanners equipped with pixelated deteddodss
mm LYSO detector array fabricated for high resolution PET applications led to an intrinsic spatial resolution of
0.68 mm FWHM][8]. The DigiPET scanner based on monolithic LYSO detector (with a crystal thickness of 2
mm), equipped with sutillimetric DOI precision, achieved a spatial resolution of 0.7 mm FWAHMowever,
the absolute sensitivity did not exceed 0.3% at center of FOV, which is substantially smaller than those of the
10B-10-2 model (3.74%) and particularly the 1-AB-2 model (2.8%]7].

The count rate performance of the proposed PET models was characterized for simealisglindrical
phantom following the NEMA standards. For the 10B2 and 12B10-2 models, the phantom was placed in the
FOV such that the line source resided at theereof the two opposing detectors. The 10B2 and 12B10-2
models achieved a peak NECR of 20 kcps and 16 kcps at 13 MBqg and 11 MBq, respectively. Even though the
NECR performance of the proposed models lagged behind thes 10®l 12B6 models, this perfonance
parameter, do not play a significant role in mouse PET imaging in practice. The peak NECR -fuirthtaxtart
preclinical PET scanners measured using the mouse phantom is commonly attained within thé 228y B§

[21]. However, these values are26 folds greater than the typical activity commonly used in preclinical setting
for mice PET scanning (7.4 MBq). The typical activity injected in mice PET scanning would lead to 75 times
higher activity concentration (~370 kR compared to human PET imaging (~5 kBa/g).
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The NECR curve presents some spikes and discontinuities instead of being smooth. We also observed that the
plot of the sensitivity is slightly asymmetric owing to statistical uncertainties associated with Monte Carlo
simulations. MC simulations were ran fithes for the worst case scenario (configuration two, model 12B_2,
point @ +25 mm) resulting in an average sensitivity of 0.51% and standard deviation of 0.086 [range 0.38%
0.63%].

The rotating PET models (10Bind 12B10-2-R) exhibited similar performance to the X0&hd 12B10-2
models in terms of spatial resolution and sensitivity. The slight decrease observed in the sensitivity of the rotating
PET models is due to rotation timénare the detector acquisition is off. Regarding the rotating PET models, an
attractive acquisition mode could be realized in these models for high resolution imaging. In this acquisition mode,
only 2 mm thick detector blocks are activated while the 10 hiok tdetectors remain inactive. Thus, only the
high resolution LORs (passing through the thin crystals) are utilized for PET image reconstruction. However,
portion of the FOV would not be sufficiently sampled by the high resolution LORs. As such, rofatienPET
detectors is essential in this acquisition mode to complete the sampling of the FOV by the high resolution LORs.
This acquisition mode would potentially lead to similar spatial resolution achieved by the PET models with 2 mm
crystal thickness (IB-2 and 12B2) owing to identical LOR definition in these two models. Undoubtedly, the
sensitivity of this acquisition mode would be half of the equivalent2@Bd 12B2 PET models since half of
the detector blocks are inactive through the acquisitimmse Briefly, the rotating models can be operated with
two acquisition modes: (i) hormal acquisition mode, where all detector blocks are active to achieve an optimal
tradeoff between spatial resolution and detection sensitivity and (ii) high resolutigie, where only the thin
detector blocks are active to enhance the spatial resolution of the scanner (up to those of the PET model with 2
mm crystal thickness) at the cost of halved detection sensitivity.

V. Conclusion

A novel design of small animal PET scanner based on monolithic crystals was proposed to simultaneously enhance
the detection sensitivity and spatial resolution. The underlying idea was to use two sets of monolithic LYSO
crystals with different thicknesse$he thick crystals (10 mm), intrinsically having higher sensitivity, would
retain/enhance the detection efficiency of the scanner. Conversely, the thin crystals (2 mm) enable the scanner to
sample the object with high spatial resolution. This novel desdneved an optimal trae#f between the
sensitivity and spatial resolution, resulting in a spatial resolution of 0.7 mm and a sensitivity of 3.74% at the center
of the FOV.
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Abstract

Introduction :

Organspecific PET scanners have been developed to provide both high spatial resolution and sensitivity, although
the deployment of several dedicated PET scanners at the same center is costly acmhspatieg. ActivePET

is a multifunctional PET scanndesign exploiting the advantages of two different types of detectors modules and
mechanical arms mechanism enabling to reposition the detectors to allow the implementation of different
geometries/configurationgictive-PET can be used for different appglions, including brain, axilla, breast,
prostate, wholdody, preclinical and pediatrics imaging, cell tracking, and image guidance for therapy.

Method:

Monte Carlo techniques were used to simulate a PET scanner with two sets of high resolution and high sensitivity
pixelated Lutetium Oxyorthoscilicate (LSO(Ce)) detector blocks (24 for each group, overall 48 detector modules
for each ring), one with largeixel size (4x4 mrf) and crystal thickness (20 mm), and another one with small
pixel size (2x2 mrf) and thickness (10 mmach row of detector modules is connected to a linear motor that can
displace the detectors forward and backward along the radial axis to achieve variable gantry diameter in order to
image the target subject at the optimal/desired resolution and/or\@gnsiti

Results

At the center of the fieldf-view, the highest sensitivity (15.98 kcps/MBq) was achieved by the scanner with a
small gantry and higlsensitivity detectors while the best spatial resolution was obtained by the scanner with a
small gantry and highesolution detectors (2.2 mm, 2.3 mm, 2.5 mm FWHM for tangential, radial, and axial,
respectively) The configuration with largéore (combination of highesolution and higlsensitivity detectors)
achieved better performance and provided higher image quality cethftathe Biograph mCT as reflected by

the 3D Hoffman brain phantom simulation study.

Conclusion

We introduced the concept of a nstatic PET scanner capable of switching between large and smaibffield

view as well as highesolution and higtsensitivity imaging.
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. Introduction

The bulk of research in Positron Emission Tomography (PET) instrumentation during the last few years focused
on refining the overall performance of PET scanners through improving the hardware and gaftweradeal

PET scanner should simultaneously achieve high sensitivity and high spatial resolution imagingsexhkitiity

PET scanner should enable pinpointing lesions presenting with low contrast resolution artbS\gisé (SNR)

ratio. Furthermorea high sensitivity PET scanner allows decreasing the injected activity and/or scanning time. In
some research applications, such as cell tracking, it is essential to havesarsdgivity scanng2]. The spatial
resolution is a crucial factor dictating the capability of the PET scanner to image small structures and separate two
closely located sources. A highsolution scanner can distinguish the border between healthy and cancer cells and
accuratef localize small abnormalitief8]. The need for high spatial resolution imaging is more prominent in
preclinical studies and scanning of pediatric patiffts

Although the quest for the ideal PET scanner continues to be a goal of the molecular imaging community, the
tradeoff between sensitivity and spatial resolution, along with the remaining insteicisigcal limitations hinder

the realization of simultaneous higknsitivity and highresolution imagingAs a rule of thumb, the sensitivity
improves by (i) increasing the number of detected photons via enlarging the pixel size and thickness of crystal
elements in pixelated scintillators, (ii) decreasing the diameter of the gantry, (iii) increasing the afuringsy,

and (iv) using scintillators with high atomic numb@onversely, the spatial resolution improves by (i) decreasing

the parallax error byeducing the pixel size and thickness of crystal segments in pixelated scintillators and (ii)
decreasing the acollinearity factor by using a small diameter gantry while keeping it large enough to cover the
targeted subject being imaggs]. Acollinearity errors take place when the annihilation photons are not emitted
exactly in opposite directions (i.e. 180 degrees apart) owing to a small amount of initial kinetic energy of positrons
during the annihilation. Conversely, the parallax errorucecwhen the LORs do not enter a detector

perpendicul arl vy, which causes inaccuracy in the esti
increasing the crystal thickness and reducing the gan
A number of studies focused on the i mprovement of PE

hardware components. Orgapecific PET scanners dedicated for brain , bi@hsprostatd7], and smatanimal

[4] imaging have been developed and deployed in clinical and research setting. The design of large -@fial field
view PET scanners to enhance the sensitivity is also well underway and the number of installed systems continues
to increase at a healthy pgd&g.

Deep learning (DL-pased methods aiming at resolution and sensitivity enhancement focused mainly on improving
the overall performance of PET scann§9sl?2]. Some studies improve-btaseBETO6s p
positioning in monolithic crystals, clearly outperforming conventional event positioning algorft8hsTo

optimize the coincidence timing resolution in thokflight (TOF) PET, experimental measurements consisting of
scanning &%Ga point source shifted repetitively with steps of 5 rome( a 15 cm range between the two detector
module3 acr oss t he -BfEigwwasemployeditodrain afconeoluttbnal neural netwWbddf. This
technigue enabled to improve significantly the TOF coincidence time resolution from 527 ps to approximately 185
ps.In another work, Hong et al. used Monte Carlo (MC) simulations and DL models to synthesize images that
could be produced by a scanner with small crystal bin size artificially from a scanner with large cry§tal size

The EndoTOFPEAUS is a scanner consisting of an external detector plate and a PET detector extension to an
endoscopic ultrasound probe designed for prostate and pancreatic cancer ifh&hidgnumber of studies
attempted to i mprove PET scannersd performance by in
instance, Zein et al. proposed a new model of the Siemens Biograph Vision PET scanner with an extended axial
FOV and sparse detectmodule ringg17]. Their model consisted of a natatic PET scanner, wherein the rings

move in the axial direction.

Micro Insert is a fullring small animal PET scanner whose scintillators are connected through optical fibers to
photosensors that provides high spatial resolution within a reduced imaginfLBP¥nother study reported that

a conventional PET scanner equipped with a Silicon detector probe in coincidence with the main scanner can
produce images with higher spatial resolution compared to the scannefl@p@montin PET combines a high
resolution detector with a conventional PET scanner to generatedsglution image$20]. Another novel
configuration was also introduced for plant imaging, which extends with a vertical FOV. In order to make imaging
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Figure 1. The 3D and 2D graphical representations of a) the Biograph mCT and-R&iveonfigurations correspondin
to: b) a large gantry with higresolution and higisensitivity detector modules, c) a small gantry with higéolution
detector modules, and d) athgantry with highsensitivity detector modules. e) The switchable partiey PET scanner
that can change between two different acquisition modes. f) Theshigditivity, and g) higiesolution detector module:
used in ActivePET. The light gey represents the crystal (with different thicknesses) while the dark grey is the photo
(with a similar thickness).

possible for different size plants, they assumed two moveableyafiers that can be separated at a distance up

to 40 mm[21].

A number of novel ideas for hardware development were proposed in the literature, focusing mostly on upgrading
the detector modul eds physical perf ormance. For ins
scintillators through lasdnduced optich barriers used to combine the high resolution and high sensitive
characteristics of pixelated and monolithic crystals has been refp@2led similar technical approach was used

to create a belt of reflector defects inside a monolithic crystal to change the direction of optical photons inside
monolithic crystals toward the photoseng28]. Labella et al. demonstrated that if a prismatoid light guide array

uses intercrystal light sharing could lead to a better depth of interaction estimation and spatial rega#jtion
PolaroidPET is also a recently introduced concept that enhances PET scanner performance through adding a layer
of Polaroid between the scintillator and photosensors to remove the intersiall reflection of optical photons

and enhance the spatialogion[13]. Sanaat et al. proposed a preclinical PET scanner where half of the detector
blocks have thick monolithic crystals while the second half has thin crystal elements. The thick crystals increase
the sensitivity whereas thin crystals improve the spatial wéeol[25]. Huber et al. designed a compact PET
scanner for prostate cancer imaging using a pair of external curved detector arrays placed above and below the
patient[26, 27] The array in the bottom is fixed while the array in the top can move vertically to enable adjusting

to patient size to increase the sensitivity.

The only transformable PET scanner reported in the literature can switch betweeadoteanning mode (83

cm detector ring diameter) and brain scanning mode (54 cm detector ring dig@@}efhe scanner has 12
rectangular detector modules equipped with bismuth germanate (BGO) scintillators with a crystal size of
2.7x2.7x18 mrhiand photomultiplier tubes as photodetectors.
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In this work, we propose ActivBET concept, a novel multiurpose and dynamic configuration of clinical PET
scanners that can mechanically switch between different geometrical modes. Half of the detector modules provide
high-sensitivity (thick crystals vth large pixel size) whereas the second half consists ofreggiution detectors

(thin crystals with small pixel size). Furthermore, the linear translational mechanism behind the detector modules
reposition the detector modules forward and backwardentrinsverse direction to adapt the diameter of the
gantry. This degree of freedom and the two kgghsitivity and highresolution detector modules enable to change

the geometry of the scanner according to the desired characteristics. We assesseférfentr abhfigurations
corresponding to various applications, including (i) large bore with thick and thin detectors for large subjects, (ii)
smalltbore with thick detectors for applications requiring hggmsitivity, such as cell tracking, (iii) small leor

with thin detectors for highesolution imaging to address the needs of preclinical and paediatric imaging, and (iv)
non-cylindrical configuration for prostate and breast scanning and image guidance for therapy planning. The
current study aims at evalirag prospectively the imaging performance of AGtRET to provide guidance prior

to the actual construction of the prototype. The-ngimdrical configuration provide two major advantages,
namely placing the detectors close to the breast and pelvisviegtbe spatial resolution and sensitivity and
makes the device suitable for interventional procedures and treatment planning verification, including online dose
monitoring in ion therapy.

1. Materials and Methods

We first describe the geometry of ACtHRET and its switchable modes along with the specifications of the two
different detector modules used in the simulation study. Then, the details of GATE simulations and image
reconstruction are described. Finallyetvalidation and performance evaluation willdigcussed

Geometrical configuration of Active-PET

Active-PET is intended to be a switchable scanner that
and requirements (see Supplemental vid&ohive-PET has 4 rings, each including two groups of Higgolution

and highsensitivity Lutetium Oxyorthoscilicate (LSO(Ce)) pixelated detector blocks (24 for each group, overall
48 detector modules per ring), one with large pixel pitch (4x&)ramd crystal thickness (20 mm), referred to as
high-sensitivity detector modules (Figure 1f) and another oith small pixel pitch (2x2 mA) and crystal
thickness (10 mm), referred to as higisolution detector modules (Figure 1g). Furthermore, each raw of detector
modules is connected to a linear motor (actuator) that can displace the detectors forward and backward in the
direction of the adial axis and vary the gantry diameter to fit the object to be scanned according to the targeted
application. The diameter of the gantry can change from 150 mm to 842 mm to accommodate various subjects
from mice to humans. Ehdetectors can accommodate circular, oval, and-plmar geometries. In this work,

five configurations were simulated and investigated: Large gantry withrbggiution and higisensitivity
detectors (gantry diameter = 842 mm) (figure 1b), small gamitty high-resolution detectors (gantry diameter =

421 mm) (figure 1c), small gantry with higdensitivity detectors (gantry diameter = 421 mm) (figure 1d),
switchable partial oval shape gantry (Figure 1e) where the scanner shape changes during scespiangjrigy
high-resolution detector modules with high sensitive ones (major axes = 350 mm). To evaluate the concept of
online switchable PET scanner, partial PET was defined to be switchable during scihisiimgplies that during

the first half of the scan, the highsolution detectors are close to the patient whereas during the second half of
the scan, the highensitivity detectors get close. The ROOT files of these two modes get merged and reconstructed
[29]. The detailed specifications of each configuration along with the Biograph mCT PET scanner are summarized
in Table 1.

Active-PET detector modules

The main idea behind the ActhRET concept lies in the use of two detector modules presenting with different
characteristics (highesolution and higlsensitivity) and a dynamic gantry. In ActhRET, thick scintillator
crystals with large pixel size aexploited to maintain/boost the sensitivity, whereas thin scintillator crystals with
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Table 1. Active-PET and Biograph mCT scanner design specifications as implemented in GATE simulations.

Biograph Small gantry Small gantry Large gantry Partial
mCT High-resolution High-sensitive High-resolution ring
High-sensitive

Axial FOV 218 218 218 218 218
Transaxial FOV 700 350 350 700 350
Detector ring diameter 842 421 421 842 421
Crystal pitch 4x4 2x2 4x4 4Ax4 & 2%2 4x40 2x2
Crystal thickness 20 10 20 20 &10 20010
Number of rings 4 4 4 4 4
Detector blocks per ring 48 +0 0+24 24 +0 24 + 24 0+17
(Thick + Thin) 0 17+0
Crystals per block 13x13 = 26x26 = 676 13x13 =169 169 & 676 13x13 =169

169

thinner and small pixel size amgilized to retain/enhance the spatial resolution. The schematics of the detectors
used in these configurations are illustrated in figure 1f and 1g.

Monte Carlo simulations

We employed the GATE (Geant4 application for tomographic emission) simulation pd8k&gan advanced
opensource software developed by the international OpenGAdiE&boration for numerical simulations in
medical imaging and radiotherapy. The toolkit is well tested and widely used for emission tomography simulation.
We used the Hoffman 3D brain phant¢®i] to evaluate the performance of our model with respect to image
quality. The physical characteristics, including time and energy window, crystal material, dead time, and TOF
resolution of all simul at ed s c an nneentg wereekapt constnt anth e d et
similar to those of the Biograph mCT scanner (Tabler'he readout considered for our simulation includes the
energy acceptance window (435 keV to 650 keV), the coincidence time window (4.1 ns), and the detector dead
time (80ns). The gap between each detector was assumed to be similar to that of the Biograph mCT. The
coincidence time resolution was set to 1.0 ns, the energy resolution to 10% at 511keV and the energy window to
435KeV -650KeV.The GATE toolkit output in our simulation was a ROOT file that stored all the interactions
inside the detectors.

Image reconstruction

CASToR[32] was utilized for image reconstruction of cylindrical PET scanner geometries through generating the
geometry file (*. geom) from GATEO®S neabsets fexpécttiona n d t h
maximization (OSEM) with 5 iterations and 21 subsetsgd&ioerate a relevant system matrix for the partieyj

geometry, a loolup table (*.LUT) including the geometrical configuration of the detectors was designed for
ROOT-based file creation suitable for image reconstruction. The system matrix is caldylatezhns of single

ray tracing. The reconstruction parameters (subsets and iterations) were selected to achieve the highest contrast
recovery at minimum background noise following a grid search. For each configuration, PET data were
reconstructed using amge of iteration/subset numbers and then picked those producing the highest image quality.

We used 5 iterations and 21 subsets on the Biograph mCT scanner, whereas we used 5 iterations and 15/18 subsets,
respectively, for the high sensitivity and highakegion scanners.

Validation and performance evaluation

The simulation code was previously validated based on NEMA-I20@7 standard83] and the results described

in detail in previous work34]. In this study, we assessed the performance of the Biograph mCT using the NEMA
NU2-2018 updated version of the NEMA stand@B8] and compared the results with the proposed scanner
configurations as baseline. The performance characteristics of the PET scanner for different scanning modes were
investigated through measuring the spatial resolution, sensitivity, egisealenicount ratio (NECR), countate
performance, and image quality. The reconstruction used in Ghabrial et al. work used iitekegrojection

60



180 180

a)
2 8 8 |
fud 5 o £
§’ 90 290 890
0 0 0 -
-150 -100 0 100 150 -150 -100 O 100 150 -150  -100 0 100 150
Distance (mm) Distance (mm) Distance (mm)
b) 180 3 180

Degree
©
o =]
PR T
Degree
o 8
Degree
<) 8 ]

150 100 0 100 150 -150 -100 0 100 150 -150 -100 0 100 150
Distance (mm) Distance (mm) Distance (mm)

O
N
Degree
© -
(=} <3 x
Degree
© -
o o]
< <)
Degree
© -
o
2 8

-150 -100 0 100 150 -150 -100 0 100 150 -150 -100 0 100 150
Distance (mm) Distance (mm) Distance (mm)

180 4 180
d) 3 180

-150 -100 0 100 150 -150 -100 0 100 150 -150 -100 0 100 150
Distance (mm) Distance (mm) Distance (mm)

) W i 10 /
- N S

-150 -100 O 100 150 -150 -100 0 100 150 -150 -100 0 100 150
Distance (mm) Distance (mm) Distance (mm)

'/‘
@
(=]

Degree
Degree

Figure 2. The simulated sinograms corresponding to the geometry of: a) the Biograph mCT, b) large gantry with high ¢
and high resolution detector modules, c) small gantry with high resolution detectors, d) small gantry with high s
detectors and e)aptialring PET. The first and third columns correspond to a point source with 1 cm and 10 cm offse
the center of the FOV and in thedirection. The second column corresponds to a point source with 10 cm offset fro
center of the FOV ahg the Xaxis.
implemented in STIR36], whereas we used OSEM algorithm implemented in CAS[B&R Nevertheless, the
calculated metrics in both works were in good agreement.
Spatial resolution Based on NEMA NU22018 standards, the spatial resolution was estimated through placing a
22Na point source in two transaxial planes, one in the center of the axial FOV and the other at one eighth of the
axial FOV. In each plane, the spatial resolution was measured at two positions (1 cm and 10 cm) in the transverse
direction.The activity of the point source was chosen sufficiently low (3.9 MBQ) so that the random coincidence
rate does not exceed more than 5% of the total count rate. At the twerabaotiened positions, the axial, radial,
and tangential resolutions were calculated in terms ofwidth-at-half-maximum (FWHM) and fullwidth-at-
tenth maximum (FWTM) of the point spread function (PSF).
Sensitivity The sensitivity is calculated using a phantom consisting of a 70 cm length polyethylene tube (inner
diameter 1 mm, outer diameter 3 mm) filled with 3.9 MB&Bf Five aluminum tube shields with the same length
but different diameters were designed to simulate attenuation media. They cover the line source progoessively
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Figure 3. The calculated sensitivity along theazis at: a) the CFOV and b) 10 cm offset from the CFOV for all geomet
configurations including the Biograph mCT.

increase photon attenuation. The line source was placed in two radial locations, once at the center of the FOV and
one at 10 cm offset from the center of theal FOV. At each position, five simulations were conducted and the
aluminum sleeve was added step by step to increase attenuation. Each simulation continued till 20000 true
coincidences per slice were obtaindthe system sensitivity was then measured using the NEMA-2013

standard.

Count rate and noise equivalent counts ratibo estimate the scatter fraction and cerate performance based

on NEMA NU22018, a scatter phantom consisting of a 70 cm long polyethylene cylinder and 20 cm diameter
was designed. A void cylindrical tube with 6.4 mm diameter and 69 cm length with 4&fsehfrom the axial

axis of the cylinder was considered. A 69 cm long polyethylene plastic tube filled with 45 kBgftRl whs
considered as a line source and placed in the void space of the scattering phantom. The true, random, scatter and
noise equialent count rates (NECR) were calculated accordingly.

Mechanical engineering design aspects

A linear actuator is an electric jack that converts circular motion to linear movements. Actuators can alternate
between forward and backward movement by changing the polarity of the motor. The power and speed of
movement of an actuator depends mainlytemgéarbox. As a rule of tumb, fast speed motors have less power and
less accuracy and vice versa.

The length of the screw and shaft (called stroke) is one of the basic differences between actuators available from
different vendors as it can change from 50 mm to 450 mm. According to our design, an actuator with 350 mm
stroke was adopted. By assuming theight of each detector module to be around 1.5 kg for each array of
detectors, we need an actuator that supports pulling and pushing with 60 Newton for four detector modules.
Electronical engineering design aspects

The frontend electronics should be chosen in a way to minimize the weight and size as much as possible. The
currently available actuators are able to pull and push a the force of 4k to 6k Newtons, which is more than enough
for any kind of PET detector.

Using the flat flexible cable to transmit the photomultiplier signal from the detectpredessors would be ideal

for the suggested scanner. These flat wires are widely used for controlling moveable objects (e.g 3D printers, cuter
plotters, computer numerical control (CNC) machines, é
easy to use and do not need any specific equipment but they can decrease the sigeakatio. To address this

issue, Bieniosek et al. suggested transmitting signals by elgatical fibers, which are less sensitive to noise and

are not as heavy asnventional coaxial cablg¢37].

1. Results

Validation

The performance evaluation of the simulated biograph mCT according to NEMA2RQ2 standard exhibited

good agreement between the measured and simulated spatial resolution, sensitivity, and38]JECRe
sensitivity and spatial resolution bias at the center of the axial FOV were around 0.5% and 13%, respectively.The
NECR plot extracted from GATE followed perfectly the experimentally measured NECR.
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Table 2. Spatial resolution results for three different configurations along with the Biograph mCT scanner. The FWF
FWTM were reported for tangential (T), radial (R), and axial (A) directions (in mm) for a point source located at 1 cm
cm distances frorthe CFOV.
Distance

(mm) Biograph mCT Large gantry High-resolution High-sensitive

FWHM (mm) FWTM (mm) FWHM (mm) FWTM (mm)

Tangential Radial Axial Tangential Radial Axial Tangential Radial Axial Tangential Radial Axial

10 3.7 38 35 7.5 75 | 1.7 33 3.4 3. 7.2 73 75
100 4.2 47 54 8.2 8.6 103 3.9 4. <4 5. 7.8 82 99
Small gantry High-sensitive Small gantry High-resolution
FWHM (mm) FWTM (mm) FWHM (mm) FWTM (mm)

Tangential Radial Axial Tangential Radial Axial Tangential Radial Axial Tangential Radial Axial
10 3.5 36 34 7.3 74 7.6 22 23 25 3.6 38 42

100 4 45 52 8 85 10.1 2.3 2.¢%3. 6.4 6.6 7.3

Active-PET performance evaluation

Figure 2 shows the sinograms of thyesnt sources in the central plane located at 1 mm and 10 mm offcenter
along the Yaxis and 10 mm offcenter along theaXis reflecting the simulation of all PET geometrical
configurations. The sinograms provide ingigkgarding the performance of the different configurations.

The spatial distribution of the underlying signals, intensity, and uniformity of the sinograms are related to the
spatial resolution, sensitivity, and geometrical aspects. The widest and thinnest sinograms are associated with
scanners with small bore anidjh-sensitivity and higfresolution detector modules, respectively. The paritig

PET illustrates a gap/uniformity in the sinogram corresponding to the lack of detector modules on two sides of the
scanner.

The estimated sensitivity for the different configurations at the center of the FOV and at 10-oenteffare
presented in figure 3. For all configurations, the sensitivity reaches its peak at the center of the FOV and starts to
decrease towards the cers of the FOV. At the center of the FOV, the highest sensitivity (15.98 kcps/MBQq) was
achieved by a small gantry and higénsitivity detector, while the configuration with a small gantry and-high
resolution had the smallest sensitivity (6.12 kcps/MBdje Bcanner equipped with higknsitivity and high
resolution detectors has 16% sensitivity less than the Biograph mCT (7.31 &i8sM8Bq).

The tangential, radial, and axial spatial resolution for theriind] cylindrical configurations and partieihg
configuration are reported in Tables 2 and 3, respectively. The results support well the observations from the
sinograms where the scannethwa small gantry and thin crystals (higksolution detectors) showed the smallest
tangential, radial, and axial spatial resolution (2.2 mm, 2.3 mm, 2.5 mm FWHM, respectively). The large gantry
(with high-sensitivity and highresolution blocks) outperfored by 10%, 10%, and 8.5% the Biograph mCT
scanner in terms of tangential, radial, and axial spatial resolution, respectively. The small gantry with high
sensitivity detectors showed a spatial resolution very close to the Biograph mCT at the centexiaf H@\a
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Figure 4. Plots of count rates showing: a) prompts, b) trues, c) randoms, d) scatter for the sin
configurations of PET scanners compared with the Biograph mCT.

(3.5 mm vs. 3.7 mm, 3.6 mm vs. 3.8 mm, and 3.5 mm vs. 3.4 mm FWHM for tangential, radial, and axial
diirections, respectively). The partiahg PET scanner outperformed the mCT scanner in terms of axial spatial
resolution at the center of the FOV (2.9 & mm FWHM).

Figure 4 depicts the plots of prompt, true, random, and scatter counts for the different configurations. Figure 5
shows the NECR carve for the different configurations, supporting the results obtained for the sensitivity.

The reconstructed images of the Hoffman 3D brain phantom for the different configurations are illustrated in figure

6. The configuration with a large gantry (higansitivity and highresolution detector modules) showed better

image quality providing theighest anatomical details preservation relative to the Biograph mCT. As an example,

the Caudate and Putamen regions are more distinguishable from each other and other regions. The scanner with
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Figure 5. NECR performance for the simulated configurations of the Ad¥k& scanner compared to the simulat
mCT PET scanner.
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Table 3. Spatial resolution results for partiahg configurations. The FWHM and FWTM were reported for tangential, rac

and axial directions (in mm) for a point source at 1 cm and 10 cm distance from the CFOV.

Distance (mm) Partialring PET
FWHM (mm) FWTM (mm)
Tangential Radial Axial Tangential Radial Axial
10 3.7 3.7 2.9 7.2 7.3 7.3
100 4.1 4.6 4.8 8.1 8.5 9.5

small gantry and highesolution detector modules show better image quality compared to the one with high

sensitivity detector modules, while it may lead to underestimation of radiotracer uptake (the red arrow in the

occipital lobe).

V. Discussion

High spatial resolution and high sensitivity can minimize the partial volume effect and noise characteristics
especially when scanning small objects and when the scanning time is short or the injected activity small. In the

field of nuclear medicine imagin especially in PET, there is always a desire to have both high sensitivity and

high spatial resolution, while the tradeoff between these two parameters makes the realization of this goal barely
feasible. One of the major reasons of this limitation isfitked configuration of PET scanners from their first
invention time in the 1970s. Furthermore, in recent years, the success of dedicatexpecifEmPET scanners in
providing high sensitivity/high spatial resolution raised the desire of using thesgooaif PET scanners,
although having several scanners in one center is costly andgpaening38, 39] In this study, we attempted

to address the aboveentioned tradeoff/limitation by designing a new PET scanner with variable gantry size and

two types of detector modules that can adapt

ts

geon

PET scanner (ActivePET) can switch between different geometrical modes to provide systems dedicated for brain,
axilla, breast, prostate, whole body, preclinical, cell tracking, and pediatrics imaging, as well as image guidance

for interventions, without ineasing manufacturing cost. ACthRET is able to get the detectors close to objects
to increase the solid angle coverage of the scat@mnallboresize leads to the reduction of the raollinearity

effect whereas using a thin scintillator decreases the parallax error.

Zein et al. reported a spatial resolution degradation of 0.49 mm FWHM in the axial direction at 1-cemtexff

of the transaxial FOV and 1% sensitivity reduction relative to the Biograph Vision PET s¢hnhddsing

detectors with thick (10 mm) and thin (2 mm) monolithic scintillators in a preclinical PET scanaleledto

improve the spatial resolution (0.7 mm FWHM) and absolute sensitivity (3.7%) in comparison with conventional
PET scanners with an average crystal thickness (6 [@5)) The oval shape scanner presented by Huber et al.

x>

e B e
a) b) c)

Figure 6. Reconstructed images of the Hoffman 3D brain phantom corresponding to the geometry of:

Biograph mCT, b) configuration with large gantry include high sensitive and high resolution detectc
configuration with smalbantry and high resolution detectors, d) configuration with small gantry and
sensitivity detectorsThe red arrows indicate two regions presenting different uptake patterns for image ok

on each scanner.
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achieved a pick absolute sensitivity of 25.54 kcps/MBq at the center of the FOV and transverse spatial resolution
of 4 mm FWHM at 1 cnj26, 27] In this scanner, the elliptical shape of the gantry has a 45 cm and 70 cm minor
and major axes, respectively, and a total of 80 detectors. Although this scanner showed better sensitivity than our
partiatring PET, its spatial resolution is around 8% l#smn ActivePET. The comparison between this model

and ActivePET highlights the influence of the distance between the two scintillation detectors array thickness,
and void regions in the scanner.

The noncylindrical configuration with some adjustments provides access to the subject (void areas without the
detectors) from left and right sides. Such PET scanners are required for online ion (proton) therapy verification.
Partial angular coverage PEJs$ems would offer direct access/irradiation of the proton beam to the target subject,
while the proton range could be instantly verified by the PET dete&widently, the beam should not encounter
obstacles (detectors) in its path when entering irgqotitient from the left or right side. This can be achieved by
adding another degree of freedom in thexds (by adding rails parallel to this axis) to extend the axial FOV
virtually.

In Li et al.study, the absolute sensitivity in whddedy mode and brain mode is 4.2% and 9.2% féNa point

source at the center of the FOV. The spatial resolution for the same point source at the center of FOV was found
to be 4 mm and 3.9 mm FWHM for wheltl®dy and brain mode, respectively. In comparison with AdBizg,

the abovementioned scanner doeg have different detector modules and is not able to switch to various
geometrical shapes, such including the oval geometry. Moreover, the transformation time takes 1.5 h, which is
carried out manuallj28].

We assume that ActivBET uses a similar configuration as the Biograph mCT in terms of number of crystals,
photodetectors, electronics, ..etc for imaging, and other mechanical parts for bed motion and other components
(ignoring the lower amount of crystalsed on ActivePET compared to the Biograph mCT, since half of the
detectors have half crystal thickness) . Hence, t he mi
cost would be for linear motors plus the electronics. According to our éstinies cost would be approximately
equivalent to two detector modules with a large crystal. We appreciate that the fabrication cost fePE€tive
would be higher than a conventional scanner. Yet, considering the multipurpose application of thissswhnner
space requirements, the overall cost will be compensated

This work suffers from three main limitations. The first one is the lack of a dedicated reconstruction method for
the switchable partiaiing scanner, wherein we considered the system matrix of the partiakémgitivity

scanner. This would lead to sultiopal image reconstruction since the system matrix would not correctly reflect

the highest resolution that can be achieved. An optimized reconstruction algorithm would further enhance the
performance of this configuration. We simply applied conventioranstruction methods for the cylindrical
geometry with some approximations. The second limitation is theuniormity in reconstructed images for the
scanner with mixed highesolution and higisensitivity detector modules owing to differences in detecto
sensitivity. Although in the Hoffman 3D brain phantom images, we did not observe seveunifoomities, it

could be more visible in the uniform phantom. The last limitation is the lack of experimental evaluation to confirm
the simulation results.

V. Conclusion

We simulated and evaluated a new PET scanner design, referred to asPA&ciwghich unlike conventional PET
scanners contains two typestofih-resolution and higlsensitivity detector modules whose position can change
depending on the application. By using the linear motor behind each array of detector modules, the gantry
size/diameter can be adapted. AGtRET can cover a wide range of #ipgtions, such abrain, axilla, breast,
prostate, wholbdody, preclinical and pediatric imaging, as well as cell tracking, and image guidance for
interventions.
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Abstract

Introduction:

We propose and evaluate the performance of an improved preclinical PET scanner design, referred to as Polaroid
PET, consisting of detector equipped with a layer of horizontal Polaroid to filter scintillation photons with vertical
polarization. This enablde improve the spatial resolution of PET scanners based on monolithic crystals.

Method:

First a detector module based on an LYSO monolithic crystal with 10 mm thickness and Silicon photomultipliers
(SiPM9 was implemented in the GEANT4 Monte Carlo toolkit. Subsequently, a layer of Polaroid was inserted
between the crystal and SiPMs. Two preclinical PET scanners based on 10 detector modules with and without
Polaroid were simulated. The performance of theppsed detector modules and corresponding PET scanner for
the two configurations (with and without Polaroid) was assessed using standard performance parameters, including
spatial resolution, sensitivity, optical photon ratio detected for positioning aagkinuality.

Results:

The detector module fitted with Polaroid led to higher spatial resolution (1.05 mm FWHM) in comparison with a
detector without Polaroid (1.30 mm FHWM) for a point source located at the centre of the detector module. From
100% of optical photons produced fine scintillator crystal, 65% and 66% were used for positioning in the
detectors without and with Polaroid, respectively. PolaRET resulted in higher axial spatial resolution (0.83

mm FWHM) compared to the scanner without Polaroid (1.01 mm FWHM) pairg source at the centre of the
field-of-view (CFOV). The absolute sensitivity at the CFOV was 4.37 % and 4.31 % for regular and Polaroid
PET, respectively. Planar images of a grid phantom demonstrated the potential of the detector with a Polaroid in
distinguishing point sources located in close distances.

Conclusion:

Our results indicated that PolareRET may improve spatial resolution by filtering the reflected optical photons
according to their polarization state, while retaining the high sensitivity expected with monolithic crystal detector
blocks.
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. Introduction

Positron Emission Tomography (PET) is a powerful molecular imaging modality widely used in clinical diagnosis,
staging and restaging, monitoring of treatment response and radiation treatment planning. Despite the tremendous
specificity of the informationtiprovides at the molecular and cellular level in addition to being a quantitative
imaging modality by nature, PET still suffers from the relatively poor spatial resolution and moderate sensitivity.
The former is commonly in the range 663nm in clinicalscanner§l, 2] and 0.8 to 1.3 mm in preclinical scanners

[3, 4]. Despite recent advances in PET instrumentation, the sensitivity of clinical PET scanners is still limited
owing to the limited axial fielebf-view. This has motivated the emergence of the concept ofldothl PET[5]

and a number of approaches to reduce the cost of this désigh The limitations of current generation PET
scanners in terms of spatial resolution and sensitivity is challenging the detectability and reliable characterization
of small structures and lesions in human/rodent imaging.

Despite the impressive progress in PET instrumentation witnessed since the invention of this imaging modality
in the 1970s, there are still plenty of opportunities and -kégh approaches that can improve further the
performance of PET scanng8 9]. One of the most challenging problems in an ideal PET scanner is the inherent
tradeoffs that exist between the power of spatial resolution and system sensit®fityThe tradeoff between
spatial resolution and sensitivity happen by using thick and wide pixel size crystals that lead to good sensitivity
and bad spatial resolution caused by parallax gtddr A number of strategies were devised to mitigate this trade
off by using depth of interaction (DOI) information in the calculation of interaction pogit@pn Furthermore,
the reduction of crystal pixel size (in pixelated modules) and crystal thickness (in monolithic modules) have a
direct correlation with the enhancement of spatial resolution. However, this is achieved at the expense of a
degradation of thecanner sensitivity and the crystal identification accuracy in pixelated crystals (owing to inter
crystal penetration) and an increase of optical photon-iefections in monolithic crystald 3, 14] The above
mentioned challenges lead to a traf between spatial resolution and energy/timing resolufith, 15]
Recently, monolithic crystals have been employed to achieve high spatial resolution thanks to their ability to
support extraction of deptbf-interaction (DOI) features, as well as methodologies for better discriminating
deposited energy and timing infoation[16-18]. Monolithic detector blocks also contain no zero detection zones
unlike pixelated crystals, thus offering a larger volume to interact with the emitted annihilation photons and collect
the resulting optical photon signal generated as a result of the phtdoaction§l9]. Though, these types of
detectors need a complicated calibration process and concern for choosing the optimized thickness to reserve the
sensitivity and spatial resolution at the same {iz@e22].

A number of innovative strategies have been devised to improve the overall performance of PET detector
modules including the development of novel scintillation cryg28% Ramirezet al. showed thathe spatial and
energy resolutions can be improved in human and animal PET scasmggolymer mirror film patterns placed
between the scintillator segments (in pixelated crystals) as reflector and photomdtipliEanisharing
technology[24]. Sabetet al. proposed a detector modulensbining the advantageous characteristics of pixelated
and monolithic crystalf25]. They used a technique called Laser Induced Optical Barriers (LIOB) to create some
defectsinside the crystal that have a different refractive index from the main crysta[28]lland used these
optical barriers as a reflector to convert monolithic crystals to pseudo pixelatedsanasgt al.reported on a
new technique for deflecting the trajectory of scintillation photons passing through a sciffillatéhe proposed
method consists of a reflective belt created from millions of optical barrier points covering the surrounding of the
crystal created by the LIOB method. The monolithic crystal with a belt of reflectors created by laser engraving can
lead toa better spatial resolution and sensitivity. More recent work suggested a high resolution depth encoding
detector using a prismatoid light guide array that employs right triangular prisms to increaseysttdrlight
sharing, thus enhancing both the D®solution and crystal identificatiq@8]. The detector module is capable of
achieving a uniform spatial resolution, a high sensitivity and fine timing and energy resolution.

Light rays are electromagnetic waves produced as a resthlie afcintillation process. They have different
orientation distribution related to the directionality of the electric and magnetic fields called polarization. Polaroid
is a type of synthetic plastic sheet used as a polarizer or polarizingZBfeiPolarizers improve image quality
and contrast by removing glare, haze, and reflec{iddf Two types of polarizers are used in optical systems:
linear polarizers, andircularpolarizersLinear polarizations are more effective and less expensive than circular
ones. In this work, we focus on this type of Polarbithlementing polarization control can be useful in a variety
of imaging applications. Polarization is an important property of light that affects even optical systems that do not
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explicitly measure it. Polarizers are placed over a light source, lens, or both, to eliminate glare from light scattering,
increase contrast, and eliminate hot spots from reflective oljgtsPolarization can be caused by a range of
phenomena, such as scattering, reflection, and transmission through media interiamagsbe altered relative to

the initial statd32, 33] In reality, most scintillation photons are unpolarized light because of the stochastic nature
of the scintillation process. Other phenomena, such as internal reflections and variation of materials change the
polarization of ligh{34].

Optical photons have two states inside the crystal: (i) Unpolarized state, where optical photons are unpolarized
right after the scintillation and are allowed to pass through a horizontal Polaroid and reach the SiPMs. When they
pass through the horizont&olaroid, they will face a horizontal polarization. (ii) Reflection state, when
unpolarized optical photons are reflected by surrounding reflectors, they will face a vertical polarization, which
prevents them from passing through the horizontal Polaraiebich the SIiPME33, 35]

In this work, we introduce the concept of PolarBHT and simulate its performance in a preclinical PET
scanner geometry equipped with a singieled readout and depthcoding detector module that uses a layer of
Polaroid located between the scintillatord Silicon photomultipliers (SiPMs). Our designed detector is easy to
use and costffective to implement, by adding a thin layer of Polaroid between the SiPMs and scintillator. Our
method can be easily extended to clinical PET scanners, where we &xpbtain even better results than in
preclinical PET scanners.

1. Materials and Methods

Geometrical preclinical PET configurations

The main goal of this study is to work a novel detector configuration for a PET scanner aiming at attaining
improved tradeoff between sensitivity and spatial resolutibligh spatial resolution implies that the fine details

of an image can be distinguished, defining more specifically how much two point/line sources can be close to each
other and still be visually distinguishablEhe motivation behind the proposed design concept lies in the use of
monolithic scintillation crystals along with SiPMs and pelaof Polaroid located between the crystal and SiPMs.

The proposed new PET detector module was then implemented into a preclinical PET scanner platform. The
detector based on monolithic scintillators, having relatively higher detection efficiency, ioyeapto
maintain/boost the absolute sensitivity, whereas the Polaroid is exploited to retain/enhance the spatial resolution
of the detector. To assess the role of Polaroid, two preclinical PET configurations were modelled using 10 detector
blocks with andwithout Polaroid. The main reason behind the choice of 10 detector blocks in these two
configurations is to match the geometry of an existing PET scanner to enable further experimental validation in a
similar geometry{36, 37] Figure 1 illustrates the schematic of the detector in the presence of Polaroid from
different angles. Annihilation photons (511 keV) enter the crystal causing the occurrence of the scintillation
processThen optical light is emitted isotropically in random directions. Some go straight to the photodetector
(SiPM) whereas the others may hit the walls and reflect multiple tifrte=se multiple reflections of optical
photons |l ead to inaccurate | ocalizat i ogspatidl resoiuttbre t he
consequently causing glaring and reducing image qudldyprevent this phenomenon, a linear polarizer can be
used to eliminate unwanted light with different polarization states regarded as scattering or reflection.

Preclinical PET detector block

To test the effectiveness of the proposed concept,
detector blocks with and without Polaroid using realistic Monte Carlo simulations. In the regular configuration,
we simulated a detector blockrmisting of a monolithic LYSO scintillator with 50.2 x 50.2 memtrance area

and 10 mm crystal thickness, coupled to a SiPM array with 12 x 12 size and 4.2 mm pixel pitch (Sensl ArrayC
30035144RPCB). A barium sulfate (BaS{psheet with a thickness oflomm was used to warp the crystal as the
crystal reflector. For optical coupling in detector modules equipped with Polaroid, two glue layers, each of 0.05
mm thickness, were employed between the crystal and the Polaroid and between the Polaroid aikthe SiP
Conversely, in the regular detector without Polaroid, only one layer of 0.05 mm of glue was used between the
crystal and the SiPMs. The presence of a Polaroid film layer and an additional glue layer were the only differences
between the PolaroiBET am regular PET configuration.
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Figure 1.a) The 3D schematic of a detector module. b, ¢) The side view of a monolithic detector module equipped to polaroid,
that show optical photons trajectory and their interaction with polaroid and SiPM.

Preclinical PET scanner configuration
To assess and compare the performance of the proposed detector module in a preclinical scanner, two detector
modules with and without Polaroid were considered for simulation.

Monte Carlo simulations

Monte Carlo simulations of nuclear imaging instrumentation regaicarate modelling of the trajectory of optical
photons produced by the scintillation process, considering all physical processes occurring within the scintillator,
optical interactions (e.g. reflection, refraction, and absorption) and the outcome ofretecircuits, which
convert photon intensity into electrical signals. To accomplish the previously stated goal, Monte Carlo simulations
of a single detector module with and without the Polaroid were performed for preclinical PET models (regular and
Polawoid-PET) using the GEANT4 code (version 4.10[28]. Moreover, since optical transport is one of the
important aspects of this study, a realistic simulation model was implemented.

To track scintillation photons and produce el ectrol
interaction (G40OpAbsorption, G40pRayleigh, G4MultipleScattering, G4OpScintillation, G4OpBoundaryProcess,
G40pScintillation, G40pAbsorption, and G4MplgScattering) and electron interactions (G4elonisation and
G4eBremsstrahlung) were added to simulation physics list. Besides, several libraries for adding ionization photons
into the simulation process were considered (G4LowEnergyRayleigh, G4LowEnergig@omand
G4LowEnergyPhotdlectric) [39, 40] Polarization was taken into account using appropriate class of

G4LivermorePolarizedComptonMod@t1]. The interaction of optical photo
boundaries of two different materials was precisely modelled usingestelblished UNIFIED model in GEANT4
[42].

In this simulation workflow, the reflection probability was considered 97%, which means most of the photons
are reflected on the surface of the reflectd43l. and onl
Similarly, for surfaces interfacing the crystfle, gluePolaroid, Polaroiejlue, and gluesi P Ms the 6Grou
model was utilized43, 44] Refractive indices of 1.82, 1.42, 1.91 and 1.6 were used for crystal, glue, polarized
film, and SiPM, respectivehit should be mentioned that in surface models of GEANT4, for each photon that
touches the boundary of two different materials with various refractive indices, there is a unique probability for
reflection or refraction. n t hi s si mul ation, the refractive index of
optical photons per MeV was considered according to the characteristics of tkedry$&al based on datasheet
provided by the manufacturdfurthermore, the reflectivity and photon detection efficiency of SiPM was set to
20% and 23%, respectivellfor event positioning calculation and energy discrimination, light intensity values of
the 144 SiPM pixels were added up and only events in the full energy peak were used.

Positioning algorithm

The extraction of the position of each event in the monolithic crystal was estimated base@Gamelated Signal
Enhancement (CSE) positioning algorithm using an #house software developed in C++ computer chttee
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specifically, in this method we record and calculate the polarization and the number of scintillation photons
absorbed by each of the 144 SiPM pixels (12 rows x 12 columns). In each scintillation process, we record and sum
the number of polarized scintitian photons reaching the pixels in each row and column separately. Then simple
1D center of mass (COM) is applied independently for each direction (X and Y directions of the SiPM array) to
estimate the position of each scintillation point inside the aky46, 46] For attaining an improved spatial
resolution and linearity, a nonlinear correction function was applied on the column and row summation values.
The formulas used to estimate X and Y are as follows:

B@7 #11&@ 3 . -~ . . B3j
8 B 3 h # 3xh #.IIOBBBH P
BU7 211 @ 3 . . . B3j

where i and j denote the rows and columns (varying from 1 to 12), respectivsiyh&number of events recorded
by SiPM in the ! row and " column.@ andU are the coordinates of the center of ifAieow andj™ column

defined based on the geometry of SiB&bmetry (a lookup table contains the coordinates including the centre of
rows and columnsA Gaussian correction function denoted wf that modifies the signal (here the counts/pixel are
linked with the signal 6s [4Thhe furtctionlveay optimizedeardeValuated foru mn
the present detector in our previous stu4gs.

N I )

W W Qw n CT (e)
Wt applies a weighting factor that optimizes weak and strong signals regarding the column (row) summation. Weak
signals lead to poor signtd-noise ratio (SNR) whereas strong signals do not contain valuable information about
the position of interaction pdn. A threshold level of 2% (representing.Sn Equations (1) and (2)) was applied
in the same manner as the conventional COM technique in the considered PET $t8n] This
experimentallydeterminedthreshold led to the criterion adopted in simulation with respect to accepting or
rejecting optical photons. In our positioning algorithm, we assigned zero to pixels of SiPMs far from the hottest
pixel (pixels that have a distance equal to or higher lladfrthe detector's width (25.1 mm) from the hottest pixel).
Second, we assigned zero to pixels having counts less than 2% of the scintillation ratio.
Image reconstruction
Scintillation position extraction of each event in the monolithic crystal was estimated based on the CSE positioning
algorithm using an ihouse software developed C++ computer code. Based on our experimental setup, the energy
and time window of the simulked scanner were set at 1680 keV and 4 ns, respectively. Then, for each event,
the absorbed optical phot ons B59] arfdl ialfeliéd with pixebnerber andie r e
polarization vector. The origin of scintillation events was estimated for each detector block by applying the CSE
algorithm to scintillation photons distribution. A line was connected to two scintillation events asod lin
response (LOR). The LORs were stored and labelled with their corresponding angulation and distance from the
central axes of the scanner. The sirgllee rebinning algorithm was applied for rebinning the LORs from oblique
planes to direct plane. Theosed LORs were projected in the sinogram space followed by image reconstruction
using a 2D filtered backprojection algorithm implemented within the STIR padkaye2D reconstruction was
adopted to stay consistent with the current version of the software used on th&Kiristannemodelledin this
work [36, 37] The energy of each annihilation photon was estimated by summing up all the optical photons reach

st

to SiPM6és pixel after applying positioning threshol d

produced optical photons). Analyticabdellingwas adopted to recover the missing energy (around 35% of energy
was missed because of positioning threshold and Polaroid).

Validation and performance evaluation

The regular scanner model simulated using GEANT4 and the image reconstruction algorithm were validated
[16, 52] against comparison with the experimental results acquired on a prototype preclinical PET scanner
designed and fabricated in our lab (Sajedi et al., 2019; Amirrashedi et al., E&p8)imental validation of the
proposed PolarodET was not possible at this stage since the scanner was not fabricated yet. Table 1 summarizes
the technical specifications of the prototype detector and scanner implemented in Monte Carlo simulations. The
performance of the proposed preclinical PET model was assessed using NlEA42008 standarfb3]. Owing
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to the lengthy computational time of Monte Carlo simulations when evaluating the count rate performance in
previous studies, we focused mostly on the assessment of key performance parameters, including spatial resolution,
sensitivity and optical photon dttion ratio between the regular and Pola#®il models.

Table 1. Physical characteristics and dimensions of the preclinical PET scanner used for the validation of GEANT4 Monte
Carlo simulations.
Parameter Value
Number of block rings 1
Detector blocks per ring 10

Scintillator material LYSO
Crystals per block 24x24 =576
Axial FOV 50 mm
Transaxial FOV 100 mm

Number of image planes 109
Coincidence time window 4.0 ns
Energy window 150 650 keV
Energy resolution 11.7%
Detector blockentrance aree50x50 mmi
Crystal size (thickness) 2x2x10 mm

Detector ring diameter 168 mm
Photodetector SiPM

Array size 12x12

Pixel pitch 4.2 mm

Light guide size 50x50x3 mm
Reflector material BaSQ
Thickness 0.1 mm

Spatial resolution

The spatial resolution for a single detector module and a whole PET scanner was evaluated separately. For a single
detector module, this parameter was calculated by placiiyeapoint source (1 mm diameter and 148 kBq
activity) fixed inside a 1 cfhblock of acrylic at a distance equal to the radius of the gantry (84 mm) and then
moving it with a 5 mm step size on a surface parallel to the detector block in the X and Y directions. The spatial
resolution was obtained by calculating the full width aif maximum (FWHM) of a Gaussian function fitted on

the intensity profile of the point source image. Estimation of the spatial resolution for the whole PET scanner was
based on the NEMA NU-2008 standard. The spatial res@uatof the regular and PolarelET was estimated

using the abowmentioned point source, located at various radial positions along the central axis of the PET
scanner. The point source was moved from the centre to edge of theffieév (FOV) in the rdial and axial
directions with 5 mm step size corresponding to 6 positions in each direction (0, 5, 10, 15, 20 and 25 mm) to survey
the impact of parallax error on the spatial resolution.

Sensitivity

The absolute sensitivity of the regular and Polaf#I scanner was examined along the axial FOV through
eleven scans ofdNa point source (180 kBq) for an acquisition time of 10 min. The point source was moved with

a step size of 5 mm from one side of the axial FOV to the other. Based on the NEMA NU4 protocol, the activity
of the point source was chosen relatively low to gntee that the randoms rate is lower than 5% and single event
counting losses are less than 1% of the true coincidence events rate

Image quality

Since tracking of optical photons is very thoensuming, simulation of a full PET scanner geometry was
impractical owing to limited computational power. Hence, we did not include image quality assessment using the
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NEMA NU4 -2008 phantom. Instead, we assessed performatated metrics for a single detector module
through the simulation of a grid of sources consisting of three 4x4 arrays of spheres fillE wittbedded in a
wateii filled tank (Figure 2). The diameters of the spheres were 0.75, 1.0 and 1.25 mm (correspondifig-center
center distances were 1.5, 2.0 and 2.5 mm).
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Il. RESULTS
Validation

The estimated spatial resolution and sensitivity of the regular preclinical PET scanner simulated using the
GEANT4 simulation toolkit revealed good agreement with the experimental measurements performed on the
Xtrim smallanimal PET scanner. The discrepahetween the simulated and measured spatial resolution at the
centre of FOV (CFOV) did not exceed 5% error while the error on the absolute sensitivity reached a maximum of
8%. The details of the validation procedure are providgtigh
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Figure 3. Spatial resolution of a single module fitted with and without Polaroid.
Quantitative analysis
The spatial resolution in the X and Y directions estimated for a single PET detector module with and without
Polaroid are presented in figure 3. Although the variation of the spatial resolution with distance in the X and Y
direction is small, the differeedetween the detector with and without the Polaroid is remarkable for a preclinical
scanner with near sefillimetric spatial resolution at the center of the FOV.

Based on the NEMA N4 standard, the spatial resolution of the full PET scanner (consisting of 10 detector
modules) with and without the Polaroid should be measured at the center and at ¥4 the axial FOV from center
distance. In this work, additional measuents were performed along the axial and radial directions with a step
size of 5 mm (figure 4). The axial and radial spatial resolution measured without the Polaroid varied between 1.01
mm and 1.6 mm (FWHM) while PolarciéET led to axial spatial resolutiosarying between 0.83 mm and 1.35
mm FWHM. The results indicate a submillimeter axial and radial spatial resolution for P&t&ditbr axial and
radial distances equal to or smaller than 5mm.

Table 2 summarizes the absolute sensitivity of PET models with and without the Polaroid, respectively. The
sensitivity was measured across the axial FOV using the default energy windowi 66Q3@V. The results
indicate that the sensitivity stays relatiy constant when using the Polaroid.

76



25
20

10

Axial distance (mm)

a)

Spatial resolution (mm)
= Without polaroid

= With polaroid

"
L
15
..
.
e

25
20

10

Radial distance (mm)

Spatial resolution (mm)
b) = With polaroid

= Without polaroid

"
..

15 S
I
e —
]

Figure 4.a) Axial and b) radial spatial resolution of the PET scanner containing 10 modules fitted with and without Polaroid.

Table 2. Absolute sensitivity measured at different distances from the center of the FOV aldraxibdor PET models with
and without the Polaroid.
Distance (mm)

PolaroidPET +STD (%)

2.68+0.03
2.97+0.07
3.31+0.1
3.58+0.07
3.92+0.09
4.31+0.08
3.96+0.09
3.56+0.07
3.32+0.08
2.97+0.06
2.67+0.07

* No proof of statistical significance

Figure 5 shows plots of the ratio of the mean number of scintillation photons detected by the SiPMs used to

calculate event position to the total number of scintillation photons detected by all SiPMs pixels in one module
with and without the Polaroid asfanction of the interaction point distance from the SiPM surface and axial
position of the event-rom all optical photons produced in the monolithic crystal (100%) for detector without

Polaroid, 95% of optical photons are detected by SiPMs with 65% wf tised for positioning. In the detector

RegularPET+STD (%)

2.65+0.07
3.04+0.03
3.36+0.08
3.55+0.06
4.02+0.07
4.37+0.04
4.02+0.06
3.54+0.1
3.34+0.07
3.05+0.03
2.64+0.07

P-Value

<0.05
<0.05
0.052*
<0.05
<0.02
<0.05
<0.05
<0.05
<0.05
<0.05
<0.05

with Polaroid, only 75% of all the optical photons are actually absorbed by SiPMs with 66% of them used for
positioning. Hence, the 66% and 65% refer to the percentage of optical photons used for positioninigeout of t
total number of produced optical photons, not out of those detected by the SiPMs.. The rejected photons are those
filtered by
Although the level of detded photons (blue line) for detectors without Polaroid is much higher than the detector

with Polaroid, the ratio of photons used for positioning is approximately the same.
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DOI 6s FWHM as
in Table 3. The role of PolarciET is more evidenced at relatively far distances from SiPMs than close distances.

a function of

t hreshol

sci

d (~5%

ntil

Table 3.Depth of interaction resolution for one module with and without the Polaroid.

Depth (mm)
2
4
6
8

10

Without polaroid (mm)

0.58
0.73
0.94
1.09
1.32

0.49
0.56
0.78
0.91
1.06
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Figure 5. Plots of photon detection ratio based on optical photons detected by SiPMs as a function of axial position (a & c)
and as a function of the distance of the scintillation point from SiPM surface (b & d) for a detector module without and with
the Polaroidrespectively. The photon detection rate results presented in (b & d) correspond to all axial positions. Similarly,
the results presented in (a & ¢) correspond to all distances between scintillation points and SiPMs.

Figures 6 and 7 illustrate images of the grids along with horizontal intensity profiles drawn on the images of
sources for detector modules without and with Polaroid, respectively.
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Figure 6.a) Planar images and b) line profiles of a grid containing 16 sources with different diameters (from left to right: 1.25,
1 and 0.75 mm) and distances (from left to right: 2.5, 2, and 1.5 mm) for a single detector module without the Polaroid.
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Figure 7.a) Planar images and b) line profiles of a grid containing 16 sources with different diameters (from left to right: 1.25,
1 and 0.75 mm) and distances (from left to right: 2.5, 2, and 1.5 mm) for a single detector module with the Polaroid.

V. Discussion
The plea for further enhancement of key performance parameters of both clinical and preclinical PET scanners, in
particular the spatial resolution and sensitivity, is one of the main incentives driving research in PET
instrumentation pursued by a numberre§earch groups in academic and corporate settings. A high spatial
resolution and high sensitivity are among the desired performance characteristics acclaimed by the molecular
imaging community. A high absolute sensitivity enables to shorten the scaimegnd/or lower the injected
activity as well as realizing the intrinsic spatial resolution characteristics of PET. In this work, we proposed a novel
PET detector module equipped with a monolithic scintillator and a thin layer of linear Polaroid. Tolhiwon
crystal is intended to enhance/maintain the detection efficiency while the Polaroid would compensate for the spatial
resolution loss caused by reflection and spread of optical photons. This novel PET detector module aims to achieve
an improved traetoff between detection efficiency and spatial resolution.

Accurate localization of the interaction point inside the crystal is a prerequisite for reliable restitution of the
tracer biodistribution using PET. Straight optical photons originating from exactly the scintillation point carry true
and precise informaih about the event interaction. Conversely, reflected photons originating fraeflgator
were warped towards the crystal, providing false information about to the origin of the scintillation. When these

photons reach the SiPMs, they cause glare arel haz He n c e, in the ideal case, it o:

of reflected photons in positioning and use mostly straight photons. The reflected photon has vertical polarization
that can be blocked by a horizontal Polaroid.

For a single detector module fitted with Polaroid, the spatial resolution (FWHM) varies from 1.07 mm at the
centre to 1.19 mm at the corner of the detector. Conversely, the FWHM for a regular scanner without Polaroid
varies between 18Bmm and 1.39 mm. A possible explanation of the improved spatial resolution at the corner of
the detector is the level of reflection and the poor performance of the positioning algorithm at the corner where the
Gaussian shape of the light distribution maysieverely distorted

Our results demonstrated that adding a thin layer of Polaroid between LYSO crystal and SiPMs in detector
modules improves the spatial resolution by around 18% while the absolute sensitivity decreases slightly (by
~1.4%) in PolaroiePET in comparison withegular PET The results suggest that the change in sensitivity is not
the outcome of using the Polaroid because it only plays a role for optical photons not annihilated photons. The
goal of this study is not to present a PET scanner with comparable er petformance than staté-the-art
commercial scanners but rather to present a method enabling to improve the spatial resolution of an existing PET
scanner equipped with a monolithic crystal without degrading the sensitivity through reasonable noyddicati
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the hardware that can be accommodated by vendors and academic groups (adding a Polaroid).

An important aspect of this PolareRET scanner design is the way scintillation photons transport can be
exploited to gain information about event position in the detector. This is the motivation behind carrying out a
detailed study of the characteristio§ photons transporin the monolithic crystal, it may be possible for
scintillation photons to travel relatively long distances from the scintillation point, potentially making event
positioning difficult. Therefore, we studied the fraction of photons that were not detgdtesl BiPM arrays used
in our position calculationg he results indicated that 88% and 95% of the optical photons are detected by SiPM
at the centre of FOV for the scanner with and without the Polaroid. The residues are not detected mostly due to
thedead one bet ween Si PMés pixels, attenuation in the sci
polarization in by polaroidT he plots shown in Figure 5a and 5c¢ also illustrated that this detection ratio is dependent
on the event position, which decreases at the corner the detected photons for the detector module fitted with the
Polaroid more than for regular detectors. Ttesom for decreasing photon detection ratio at the corners of detector
modules can be attributed to the fact that fontdtation points close to the edge of the crystal, the number of
reflected photons increase leading to change of the polarization and hence blockage by the Polaroid and as a result
of decreasingtheratid.h e wi dt hs of opti cal photon distributions a
that the width of the photon distribution is related to the depth of the event that can be exploited to estimate the
DOI. The DOI resolution for the scanner withdamithout the Polaroid vary from 0.49 mm and O& at 2 mm
far from SiPMés surface and increase to 1.06 and 1. 3¢
pl ace near the SiPM, the number of straight photons
more than the respie number of straight photons reaching the SiPMs for interactions taking place at distances
far from the SiPM surface.

Since using polaroid affects the optical phot onds
resolution, indirectly decreasing the sensitivity. Since the number of optical photons used for positioning and
energy discrimination are relatively equaldeterioration of the aboweentioned parameters is not expected. Yet,
this might be an issue in experiment setting or when a different configuration is considered.

The qualitative assessmelfitistrates the potential advantages of higbolution imaging using PolarclET.

Specifically, the 1.25 mm and 1 mm diameter spheres are discernible from their neighbours on both scanners,
while the 0.75 mm diameter spheres appears to be clearly dideevnly on the PolarodPET and difficult to

depict on the regular PET (figures 6 and 7). These visual assessments are supported by the intensity profiles drawn
on the images.

One of the limitations of this work is the lack of experimental validation of the proposed approach.
Experimental validation requires careful planning and access to instruments and components. Further investigation
along these lines is guaranteed. Anotliveitation was the computational burden associated with the simulation
of optical photon transport, which limited the performance assessment to key performance parameters, hence
discarding assessment of image quality. Moreover, the lack of evaluationrapdrison of energy resolution for
both configurations, a parameter having relevant impact on the rejection of Compton scattered events, is another
limitation of this work.

V. Conclusion

A novel design of a preclinical PET detector module/scanner based on monolithic crystals and Polaroid was
introduced to concurrently improve the spatial resolution and detection sensitivity. The underlying concept
consisted in using a thin layer of polaikfilm between monolithic LYSO crystals and SiPMs. The monolithic
crystal having intrinsically higher sensitivity would retain/enhance the detection efficiency of the scanner.
Conversely, the Polaroid enables the detectors to removenefildtited optichphotons, thus leading to higher
spatial resolution. This novel design may improve the taffibetween the sensitivity and spatial resolution,
resulting in a spatial resolution of 0.83 mm and a sensitivity of 4.31% at the center of the FOV of therednsid
preclinical PET scanner.
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Abstract

Introduction:

The scintillation light distribution produced by photodetectors in positron emission tomography (PET) provides
the depth of interaction (DOI) information required for high resolution imaging. The goal of positioning
techniques is to reverse the photodetestgnals pattern map to the coordinates of the incident photon energy
position. By considering DOI information, monolithic crystals offer good spatial, energy, and timing resolution
along with high sensitivity.

Method:

In this work, a supervised deep neural network was used for the approximation of DOI and assess through Monte
Carlo (MC) simulations the performance on a sraalimal PET scanner consisting of ten 50x50x103mm
continuous LYSO crystals and 12x12 SiRdtays. The scintillation position was predicted by a multilayer
perceptron neural network with 256 units and 4 layers whose inputs were the number of fired pixels on the SiPM
plane and the total deposited energy. GEANT4 MC code was used to generiaig araditest datasets by altering
photonsé incident position, energy, and direction,
Results:

The calculated spatial resolutions in theé/plane and along th&-axis were 0.96 and 1.02 mm, respectively Our
results demonstrated that using an Midsed positioning algorithm in the detector modules constituting the PET
scanner enhances the spatial resolution by about 18% while the absolute sensitivity remaimts consta
Conclusion:

The proposed algorithm proved its ability to predict the DOI for depth under 7 mm with an error below 8.7%.
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. Introduction

Each pair of annihilation photons detected by a positron emission tomography (PET) scanner is assigned to a line
of-response (LOR) linking the two scintillation crystals recording the coincidence event. In practice, the
localization of the positroelectran interaction point assumes that both annihilation photons are absorbed by the
two detector elementslowever, in reality the LORs are commonly replaced with voluofegsponse (VORS)
including almost all virtual LORs owing to positioning uncertainty. tRelg a VOR to a LOR was among the
objectives of PET imaging community since few decaBesaccurate estimation of an LOR, the coordinates of

both coincidence photons inside the monolithic crystals should be accurately defined. One of the most important
features of monolithic crystals coupled to a posisensitive photodetectors, includiagalanche photodetectors
(APDs) and Silicon Photomultipliers (SiPMs) is the extraction of 3D position informfitjd2l. Providing the

DOl information or the third dimension of the scintillation position, improves the spatial resolution by decreasing
the parallax error at the corners of the detectors. Accurate determination of the 3D position is cruciat in small
bore PET sanners, including preclinical and orggpecific PET scanners dedicated for brain, prostate, and female
breast imaging3, 4].

In recent years, a numberaimmercial preclinical PET scanners using advanced analytical positioning methods
were designed and fabricatebhe Bruker Albira is a multipurpose preclinical PET scanner equipped with
monolithic crystals and mulinode photomultiplier tubes. The achieved radial and axial spatial resolutions were

1.72 and 2.45 mm, respectively, whereas the maximum absolute\dgnsiis 5.3%45]. The MOLECUBES b
CUBE is a commercial smadinimal PET scanner designed using a monolithic LYSO crystal with 8 mm thickness
attached to 3 mm I 3 mm Silicon photomultipliers. The

is 1 mm and 12.4%espectively, at the center of the F{BY.

A model was fitted to the optical photons distributd.i

monolithic crystal. For each interaction position, the maximum likelihood was estimated based on the optical
photon distribution map as acessfully implemented option following trainifig]. Another study presented a
mathematical framework based on the distribution of pixels intensity values and the attenuation and stopping
power of the scintillation materif8]. In this approach, the DOl was estimated as the ratio of the photons deposited
energy to the maximum local intensi§esides analytical techniques based on pure mathematical approaches,
body of literature is accumulating on the use of machine learning, particularly deep neural networks (DNNs) to
create a lookup table built by irradiating the scintillator crystal [@tle

Recently, Wanget al. introduced an artificial neural network for extracting the 3D interaction position of the
scintillation point inside the crystdll0]. Another group devised a technique that reduces the nonlinear
dimensionality to predict the features of the detector resgahkerhe DOI estimation in monolithic scintillators

come across with several challenges, including computational burden and complicated calibration. Among the
abovementioned approaches, t@adient Tree Boosting algorithrh@wed the best performance for extracting

the scintillation position in continuous crystals, enabling to achieve a spatial resolution of 2.fi2nktore

recently, Hashimotet al.used deep neural networks for 3D interaction position estimation for Cherbaked
detectors through Monte Carlo (MC) simulatigh3].

The core inspiration of the current work is to present a new positioning technique based on a deep learning
algorithm aiming at achieving an enhanced spatial resolution while maintaining the high sensitivity of monolithic
crystals. Previous studies usingffekent deep learning approaches suffer from the lack of comprehensive
evaluation, actually limited to the assessment of a single detector module. Our work evaluates the proposed
positioning algorithm in whole PET scanner geometry to demonstrate thetaglvsrof DOI estimation
(especially at the corners of the FOV). Furthermore, our work provides an assessment of image quality phantom
for a realistic evaluation of the overall impact of the positioning algorithm. This study focused on proposing and
evaluaing a technique for the 3D approximation of the scintillation position in continuous crystals using a
supervised DNN and MC simulations. Most nonlinear interaction processes taking place during the scintillation
process are accounted in detailed MC sinaitest In addition, a DNN was implemented owing to its capability

in modeling complex nonlinear functions. Furthermore, the impact of DOI information on the overall performance
of a smalanimal PET scanner was evaluated. Furthermore, we evaluated andexthpdeasibility of machine
learning for 3D position estimation based on multilayer perceptron (MLP) architecture inside the monolithic
crystal compared to Anger positioning logic.
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1. Materials and Methods

Geometrical configuration of preclinical PET scanner

PET scanners with higépatial resolution are able to resolve {paint/line sources that are very close to each
other and can depict small structur€ke motivation behind the this study lies in the usage of deep learning for
scintillation positioning in a preclinical PET scanner with monolithic scintillation crystals readout by SiPMs.
Monolithic scintillatorbased detectors, having comparatively higtetection efficiency compared to pixelated
crystals, are used to maintain/boost the absolute sensitwitereas machine learnitgised positioning is

utilized to retain/enhance the spatial resolution of the detector/scanner. To assess the potential of machine learning
in event positioning, two sma#inimal PET scanners were simulated with two differesitipming approaches
(conventional Anger login and MLP). For further experimental validation, the number of detector modules and
geometrical configuration were similar to th&im preclinical PET scanner recentlgsigned and developed in

our lab[14, 15]

Preclinical PET detector blocks

To assess the feasibility of the proposed method, we evaluated and compared MLP and Anger logic positioning
schemes on a single detector module of Xtrim PET scanner using realistic MC simulations. In the standard setup,
we modelled a detector module cotisig of 10 mm thick continuous LYSO scintillator with an entrance area of

50.2 x 50.2 mrhcoupled to a SiPM array with 12 x-hixels and 4.2 mm pixel pitch (Sens| Arra3D035144R

PCB). To decrease photon leakage outside the crystal, a sheet of Bdfaie(aS04) with 0.1 mm thickness

was warped around the crystal. For optical coupling of the scintillator and SiPMs surface, a layer of glue with a
thickness of 0.05 mm was used.

Preclinical PET scanner configuration

To assess and compare the performance of the developed positioning algorithm insasnalPET scanner,

both Anger logic and MLP were applied to the output (list mode) data during image reconstruction.

Monte Carlo simulations

One of the most important aspects of our study, having a direct impact on the results, is the extraction of the
distribution of optical photons. To this end, accurate tracking and modelling of scintillation photon interactions
(e.g. reflection, refractiorand absorption) considering all phenomena taking place within the scintillator in our
MC simulations is a prerequisite. To accomplish this goal, the GEANT4 code (version fl&Dw8as used for

MC simulations of a single detector module and a complete preclinical PET scanner.

The interaction of scintillation photons at the boundaries of two materials having different optical properties was
precisely model |l ed bas e ¢stablishedSUNEB-IED thadel of GBWANTAS]. Thg t he  w
required GEANT4 libraries for electron interactions, ionization photons, and optical photon interactions were
added to the simulation physics lj$8, 19] Further details about the validation process are providg@djr21]

Image reconstruction

For each scintillation event taking place, the number of optical photons collected by each of tpex8i®Mas

stored. Hence, for each scintillation, we have 144 lines in our roatrfile where each line is labelled with the

pi xelsd number and the number in each |ine represent :
The energy and time window of the simulated PET scanner were set-66Q3@&V and 4 ns, respectively
according to our experimental setup. The origin of scintillation events in the monolithic crystal was estimated
using Anger logic and MLP positioning methods usingange code written in C++ computer code. A LOR was
connected to two scintillation points and recorded based on their angle and distance from the central axes of the
scanner. The recorded LORs were projected in the projection space followed by imageuettomsisinghe
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Figure 1. The network architecture and schematic diagram of the model used in this work.

Ordered Subsets version of Green's MAP One Step(C&8®8APOSL)algorithmimplemented within the STIR

package (5 iterations and 4 subs§2g).

Neural network architecture

MLP was implemented as a DNNodel for prediction of the scintillation position within the monolithic crystal

(Figure 1). To select appropriate hidden layers/units, we varied the number manually and determined the best
combination. Lastly, 4 hidden layers and 256 hidden units weedutigrchosen based on the minimum position
resolution. In the training phase, data of about 8:stintillations points, including the number of SiPM pixels

(from 1 to 144) activated by scintillation photons, the weight of each pixel (the total numiggticail photons
absorbed by a certain pixel) and the accurate 3D pos
were determined through MC simulations as reference. The DNN model was trained to synthesize the 3D position

of the scintillaton event from the map of optical photons distribution. For this work, a rectified linear unit (Relu)
was used as an activation function and the 144 Si PM0&s
units. The number of epochs was settod50d Adamds opt i mi zer' “wasimdlementedve i g ht
for regularization and optimization purposes.

To obtain the 3D position (X, Y, Z¥imated the final hidden layer is transformed into 3 outputs. For the testing
phase, 1®new interaction data (unseen by the model) were fed into the model. The mean square error (MSE) was
considered as a loss function. Both training and testing carried out on a graphics processing unit (NVIDIA Quadra
K5200 with 8 GB of memory).

Validation and performance evaluation

The validation of our proposed detector/scanner simulation and image reconstruction algorithm were performed
through comparison with the experimental measurements acquired on the Xtrim preclinical PET scanner. The
details of the validation procedure weresdribed in previous studi¢g0, 21, 23] Table 1 summarizes the

technical features of the simulated XtsPPET. Performance evaluation of the proposed model was assessed using

the NEMA NU42008 standard for animal PET scann@e]. Due to the high computational burden associated

with optical photon transport simulations in GEANT4 toolkit when evaluating count rate performance, we focused

on assessing essential performance parameters, including spatial resolution, absolutéysamsitivage quality

for both Anger logic and MLP positioning techniques.

Spatial resolution

To calculate the spatial resolution, the point spread function (PSF) of optical photon distribution corresponding to

a single detector module and a whole PET scanner was evaluated at separate positions based on the NEMA NU
4-2008 standard. The spatial regmn for two positioning methods (Anger logic and MLP) was calculated using

a ?Na point source (148 kBq activity and 1 mm diameter). To calculate the spatial resolution for a detector
module, the point source was kept at a distance equivalent to the odthe scanner ring (77 mm) from a single
detector modulebs surface and was displaced with a 5
to the detector block. The spatial resolution of the whole scanner was estimated by relocatinggheentioned

point source from the centre to edge of the fighdliew (FOV) in the radial and axial directions with the same

step size to survey the impact of parallax error. A Gaussian function was fitted on the intensity profile of point
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source and the full width at hadfiaximum (FWHM) estimated.
Table 1.Physical characteristics and dimensions of the preclinical PET scanner used for the validation of GEANT4 Monte

Carlo simulations.

Sensitivity

Parameter

Number of block rings
Detector blocks perring
Scintillator material
Crystals per block

Axial FOV

Transaxial FOV

Number of image planes
Coincidence time window
Energy window
Energy resolution

Detector block entrance area

Crystal size (thickness)
Detector ring diameter
Photodetector

Array size

Pixel pitch

Light guide size
Reflector material
Thickness

Value

1

10

LYSO
24x24 =576
50 mm

100 mm

109

4.0 ns
1501650 keV
11.7%
50x50 mmd
2x2x10 mm
84.2 mm
SiPM

12x12

4.2 mm
50x50x3 mm
BaSO4

0.1 mm

Although the absolute sensitivity is completely independent of the positioning methods investigated in this study,
this parameter was assessed for the sake of completeness. To this end, we calculated the sensitivity by moving the

22N a

point

sour ce

acquisition time of 10 min.

Image quality

(180

kBq)

from

one

S i

de

to

t he

ot her

Image quality was evaluated through simulations of two phantoms. First a planar grid of sources containing three
4x4 arrays of spheres filled witfNa embedded within a tank of water. The diameters of the spheres were set to
0.75, 1.0, and 1.25 mm (corresponding cetderenter distances were 1.5, 2.0, and 2.5 mm). Second, a cylindrical

phantom (50 mm length and 30 mm diameter) was simulated toa¢ealnger Logic and MLP positioning

algorithms.

. Results

Validation

There was good agreement between the experimental measurements performed on the Xtrim PET scanner and the
simulated results in terms of spatial resolution and sensitivity. The discrepancy between the measured and real
absolute sensitivity did not exceed 8fhile the spatial resolution at the centre of FOV (CFOV) reached a
maximum error of 5%. The validation procedure is provided in detf3h

25
20
15

Distance from cernter (mm)
o 6]

0.6

0.8 1

12

b

1.4 1.6

Spatial resolution (mm)

BRadial-FWHM-Anger

@Radial-FWHM-MLP

1.8

Figure 2. Spatial resolution of one detector module for a point source at six distances from the center of the crystal along the

radial direction.
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Quantitative analysis

For a single preclinical PET detector module, the radial spatial resolution was estimated using Anger logic and

MLP as positioning algorithms (Figure 2). The difference between the two algorithms is substantial for an animal

PET scanner with near suhilli metric spatial resolution.

Figure 3a showhistograms in the XY plane of the estimation err@famXesimateWhereas figure 3b illustrates

histograms of the-axis(DOI) estimation error garZesimaefrom the validation dataset. On tH¥ plane, the

histograms obtained using the MLP approacharealmostmi | ar t o t hose obtained usin;
along the zaxis, the MLP histogram is more symmetric in pick neighborhoods (still asymmetric in tails), different

from the Anger histogram, depicting a visible difference between the proposedrarahtional method.

The scannerdés spatial resolution based on Anger and M
and at onauarter of the axial transverse distance according to the NEMA4 Mtandard. Supplementary
measurements were performed along thelaaxnd radial directions with a step size of 5 mm (Figure 4). The
calcul ated radial spatial resolution based on Anger 6
the MLP algorithm led to a radial spatial resolution varying between 1.21 mm @ thihFWHM.

The absolute sensitivity of the preclinical PET scanner is independent of the positioning algorithm (Figure 5). The
sensitivity wasestimatedacross the axial FOV using the default energy windowi(@50 keV). The estimated

DOl 6s FWHM as a function of the scintillation point 3
The advantage of the MLP algorithm is more evident relé&ivenger logic in distinguishing details in thexis.

The predicted depths (Z) of scintillations taking placeaottetector module and their corresponding bias and

standard deviation (STD) were summarized in Table 3. A scintillation point source was placed at 10 positions
(depths) and then displaced with a 1 mm step size from the surface of the SiPM to the entface@the

detector. The results showed that the error and STDs
When the distance the from SiPMs6é surface increases,
photodetectorsurtae | eads to a decline in model ds accuracy for
1.2 1.2
e 1 Hl
=} c
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Figure 3. Thenormalized histograms ttfie estimation error alore) XY plane and b¥-axis(DOI) from the validation dataset
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Figure 4. a) Radial and) axial spatial resolutions of the PET scanner for a point source at five distances from the center of
the Zaxis calculated using the NEMA N4 protocol.
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Figure 5. Absolute sensitivity measured at different distances from the center of thalb@ythe Zaxis for the simulated

PET scanner.

Table 2.Depth of interaction resolution for one detector module based on Anger logic and MLP positioning algdtighms.

DOl estimation based on Anger logic was calculated virtually by considering two perpendicular virtual SiPMs at the two side
faces of the monolithic crystal.

Depth (mm) Anger (mm) MLP (mm)
2 0.66 0.42
4 0.79 0.53
6 0.98 0.75
8 1.2 0.91
10 1.38 1.02

Table 3. Predicted Z by MLP for different depths of a monolithic deteatodule. The scintillation point was located at

di fferent Z positions as reference. At each depth, we esti|
Reference Z 1 2 3 4 5 6 7 8 9 10
Predicted Z 1.0 2.0 3.1 4.3 5.3 6.4 7.6 8.6 8.5 8.6
STD 0.3 0.3 0.4 0.6 0.6 1.2 1.6 1.7 1.7 1.7
Bias (%) 3.8 -1.7 25 6.4 6.7 6.8 8.7 7.6 -5.8 -14.3

Figure 6 illustrates reconstructed slices of the image quality phantom based on the NEMA NU4 standard produced
by MLP and Anger logic positioning methods during reconstruck@ures 7 and 8 illustrate images of the grids

along with horizontal intensity profiles drawn on images of the spherical sourcé4lforand Anger logic
positioning methodsespectively.

Figure 6. Representative slices through the image quality phantom produced for a PET scanner using: a) Anger positioning
logic and b) MLP algorithm.
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Figure 7.a) Planar images and b) line profiles of a grid containing 16 spherical sources with different diameters (from left to
right: 1.25, 1 and 0.75 mm) and distances (from left to right: 2.5, 2, and 1.5 mm) for detector modules using the MLP
positioning algoritm.
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Figure 8.a) Planar images and b) line profiles of a grid containing 16 spherical sources with different diameters (from left to
right: 1.25, 1 and 0.75 mm) and distances (from left to right: 2.5, 2, and 1.5 mm) for detector modules using the Anger logic
positioningalgorithm.
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V. Discussion

Enhancing the spatial resolution and sensitivity in both preclinical and clinical PET scanners is one of the key
motivations driving research in PET instrumentation in academia and industry. A high spatial resolution and
sensitivity are among the most intpant performance parameters in preclinical PET imaging. A higher absolute
sensitivity enables to reduce the scanning time and the injected activity. Furthermore, higher intrinsic spatial
resolution leads to the detection of smaller structures and reglu@estfication bias by decreasing partial volume
effect. In this work, we proposed a novel deep learhiaged technique for positioning of scintillation events
inside a monolithic scintillator from #tllsgroppgedtdc al
boost the absolute sensitivity while the MLP method used to compensate the loss of spatial resolution caused
using some regular positioning methods, like Anger logic, based on a simple center of gravity method. This new
PET detector modal exploiting the MLP positioning method aims to achieve an optimal-tbHdeetween
detection efficiency and spatial resolution.

For a single detector module using the MLP positioning algorithm, the spatial resolution (FWHM) varies from
0.78 mm at the center to 1.15 mm at the edge of the detector. Conversely, the FWHM for a detector module using
Anger logic positioning varies betwed®.96 mm and 1.6 mm. A possible explanation of the improved spatial
resolution by MLP is the capability of deep learning to extract various types of feature maps from optical photon
distribution map that leads to a better positioning accuracy relatiader logic, which is based on a simple
center of mass calculation algorithm according to the weight of SiPM pixels.

The results proved that the sensitivity is independent from the positioning algorithm because it only plays a role
in the treatment of optical photons not annihilation photons. A recent study reporting on a Chéasdav
detector used deep learning feeat positioning achieved a FWHM of 1.54 mm and 1.59 mm in the XY plane
andZ-axis, respectively13]. The JPET is the sole wholbody PET scanner based on a monolithic crystals, an
axial FOV of 1 m, a spatial resolution of around 3 mm, and a sensitivity of 14.9 cps/kBq at the]Z5FOnhe

main purpose of this work is not to introduce a new precliff@al' scanner with similar or better performance

than stateof-the-art commercial scanners but rather to assess the impact of a deep laasmsted positioning
algorithm in terms of impvement in the spatial resolution of a preclinical PET scanner equipped with a
monolithic scintillation crystal without degrading the sensitivity through minor modification of the image
acquisition software.

An important aspect of the proposed preclinle&8T scanner equipped with MLP positioning is the way the
distribution of scintillation photons reaching the SiPMs can be utilized to gain data about the scintillation position
in the crystal. This is the innéve motivating the evaluation of the characteristics of photon tranJpatmap

of optical photon distributions provides a clue about the distance of the scintillation event from the SiPM surface,
confirming that the width of the distribution of optical photons is linked to the depth of interaction that can be
utilized to appoximate the DOI. The DOI resolution for the detector module positioning with Anger logic and
MLP algorithms varied from 0.66 mm and 0.42 mm at
mm for larger distances (10 mm), respectively. For dcihtat i ons t aking pl ace cl ose
numbers of SiPM pixels are fired and the width of the distribution map is small. However, by moving to a larger
distance, a higher number of SiPM pixels are involved in positioning, thus leadiegr@dation of DOI spatial
resolution. MLP overestimated the DOI, which could be recovered by adding a constant coefficient to shift the
pick of the normalized histogram of the estimation error in thaxi& towards zero. The reason of this
overestimatioris reflected in Table 3 where a positive bias is observed for depths between 0 and 8 mm. When
applying the Anger logic for DOI prediction, few outliers with a high bias (more than 6 mm) were observed but
not reported in figure 3b.

The qualitative assessmeatgmonstrated the potential advantages of-hégolution imaging using a preclinical

PET scanner equipped with the proposed MLP algorithm. Specifically, 1.25 mm and 1 mm diameter spheres are
discernible from their neighbors on both scanners, whereastferdn diameter sphere appears to be clearly
discernible only on the scanner running the MLP positioning algorithm (figures 5 and 6). Note that the visual
assessment is supported by the intensity profiles drawn on the images.

MLP enhances the spatial resolution while avoiding image blurring compared to Anger logic method without DOI

2

p h

t

estimati on. The enhancement near the corners of t he

spatial resolution was calculateddbgh imaging point sources followed by fitting a Gaussian function on image
profiles of each point source. This work bears inherently a number of limitations. MC simulations did not consider
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all physical factors involved in real life, including crdastk, dark noise, after pulsing and photon detection
efficiency. 3D positioning facilitates the calculation of the difference between the position of the scintillation
event and photon detectiog BiPMs. Taking into account the path crossed by the annihilation photons inside the
crystal improves the coincidence time resolution. Accurate estimation ofofifight information from the
variance in pathlength among the scintillation origin positiad the annihilation origin position in each of the
coincident detectors is an avenue that needs to be explored.

V. Conclusion

This work demonstrated the feasibility of extracting the 3D position information of annihilation photons
interaction point within a monolithic scintillator using a DNN. MC simulations proved that our proposed technique
can improve the spatial resolutionngpared to traditional analytical positioning techniques, such as Anger logic
and methods based on center of mass.

Acknowledgments: This work was supported by the Swiss National Science Foundation under grant SNFN
320030176052 and the Eurostars programme of the European commission undé&! gréhi021 ProVision
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Abstract
Introduction :

We aim to synthesizérain time-of-flight (TOF) PET images/sinograms from their corresponding TOR
information in the image space (IS) and sinogram space (SS) to increase thdéosimpisd ratio (SNR) and
contrast of abnormalities, and decrease the bias in tracer uptake iqatotif

Method:

One hundred forty clinical bra#iF-FDG PET/CT scans were collected to generate TOF andri@fmsinograms.

The TOF sinograms were split into seven time bins (0, £1, +2Th&)predicted TOF sinogram was reconstructed
and the performance of both models (IS and SS) compared with reference TOF ardmdide-ranging
guantitative and statistical analysis metrics, including structural similarity index metric (SSIM), root mean square
error (RMSE), as well as 28 radiomic features for 83 brain regions weeetex to evaluate thperformance of

the CycleGAN model

Results

The SSIM and RMSE of 0.99 + 0.03, 0.98 £ 0.02 and 0.12 £ 0.09, 0.16 + 0.04 were achieved for the generated
TOFRPET images inS and SS, respectively. They were 0.97 £ 0.03 and 0.22 + 0.12, respectively,-fo®DRon

PET images.The Bland & Altman analysis revealed that the lowest tracer uptake value-®i@28%) and
minimum variance (95% C10.17%, +0.21%) were achieved for T®ET images generated in For malignant

lesions, the contrast in the test dataset was enhanced from 3.22+2.51T@Rom 3.34+041 and 3.65+3.10 for

TOF PET in SS and IS, respectively.

Conclusiorn

The implementec€ycleGAN is capable of generating TOF from Ab@F PET images to achieve better image
quality.
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. Introduction

Positron emission tomography (PET) provides a solid foundation for nuclear medicine and molecularimaging
based examination fdn vivo measurement of the metabolic activity or receptor density at the cellular level.
Significant advances in hardware and software developments enabled the translation of quantitative PET imaging
capabilities in clinical diagnosis, prognosis, and for outcprmadiction[1]. However, the accuracy of PET image
quality and quantitative accuracy is affected by several degrading factors, including the technological limitation
of detection modules (spatial/temporal resolution), annihilation photons interaction (attenuatioatterthgr
within the patientsd body, and f2he i mperfections of r

The potential advantages of TiroéFlight (TOF) were realized during the early stages of PET instrumentation
development. Yet, the limited performance of available scintillators in terms of decay time of the scintillating light
di dndt e n a b | natiori [3) d]i Hypothetigally,ddmed TOF information enables localization of the
annihilation position along the Line of Response (LOR) without the need for image reconstfhctidnin
commercially available TOF PET scanners, arrival time differences between detected coincident photons are
measured to estimate the localization information, hence enabling the reduction of noise propfdgahermain
advantage of TOF PET imaging lies in the sensitivity gain, which is defined as the total count ratio of TOF PET
versus nofiTOF PET when random noise is simi[8}. It has been demonstrated that TOF improved the quality
of PET images depending on scanner 049, 10]cAnanber df®BTc e t i mi
scanners using detector modules based on slow decay time scintillators (e.g. Bismuth Gerfa@a@@atare still
being used in the clinic and there is an interest to use these relatively inexpensive crystals compared to
Lutetium(Lu)-based scintillators, such BSOand LYSO on new generation PET scanners, provided they can
provide similar image quality without TOF capability. As such, the capability of generating TOF freRETon
images is of paramount importance to realize the full potential of this imaging mrodalit

The introduction of machine/deep learning algorithms in recent years has revolutionized medical imaging
research, particularly in areas linked to human interpretation/intervention (e.g. segmentation, diagnostic,
prognostic, radiomics, etc.) as well as othechnical areas, including optimization of image acquisition,
reconstruction, quantification, motion correction and image dendisigo].

Reader et al. reviewed the potential of deep learning algorithms in PET image recons2d¢tidmumber
of studies focused on resolution recovery of PET images using various convolutional neural network architectures
[22, 23] Arabi and Zaidi[24] proposed a novel method to predict attenuation correction factors from TOF
information using a deep learning method. In another work Sanaat et al. used a similar approach for generating
full-dose TOF information from losdose TOF images/sinograf#b].

In this work, we introduce the concept of PET signal recovery through estimating TOF information from non
TOF PET signal in both the image space (IS) and sinogram space (SS) domains. Thereby, a deep learning
algorithm was developed to predict TOF PET images/sinograms from@&rsignals fot®F-FDG brain PET/CT
images. The same approach could be expanded for applications in cardiovascular-tmogdh&&T imaging.

Il. Material and Methods
The current study was applied on a dataset consisting of¥E4DG brain PET/CT images acquired between
June 2017 and May 2019 at Geneva University Hospital, Switzerland. The dataset contained 67 males (73 + 9 yrs)
and 73 females (72 21 yrs) all with cognitive symptoms and possible neurodegenerative disease. Table 1
summari zes the demographic information of the datase
ethics committee and all patients gave written informed canBil/CT imaging wa performed on a Biograph
mCT scanner (Siemens Healthcare, Erlangen, Germany) using the routine clinical protocol consisting of 20 min
PET acquisition 35 min pogtjection of 205 + 10 MBq of®F-FDG. An ultralow dose CT scan (120 kVp, 20
mAs) was applied for attenuation correction. The data were acquiredind format. Then, the TOF sinogram
was histogrammed using the-®bls (Siemens Healthcare) toolkit. The Biograph mCT PET scanner has a
coincidence time resolution of ~530[26] and its generated TOF sinogram contains 13 time bins (0, £1, +2, 3,

N4, N5, N6) in a large matrix of 4007116816211 13. 1In
of the fieldof-view (FOV). However, some patients with -@inter head pasbning were used to evaluate the
performance of the model. By considering the average

bins (0, £1, +2, +3) were selected for the training and reconstruction (to avoid unnecessary processkagrtime).
nonTOF PET reconstruction, a sinogram containing the summation of the entire seven bins was generated.
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Figure 1. Schematic diagram of TOF PET data generation models. In the first strategy (projection space), seven CycleGAN
models were trained separately to generate the different TOF bin sinogBar@s-(, 0, 1, 2, 3) from nofTOF sinograms.

In the second strategy (image space), a CycleGAN model was trained to directly generate TOF imagesT@mR®Bh
images. In thedwer panel, the generator and discriminator of the deep learning model is presented.

The reduced TOF bin sinograms were reconstructed in TOF arti@Bmode using the aboweentioned toolkit
with a Poisson ordered subsetgpectation (ORDSEM) and point spread function modeling with 5 iterations and
21 subsets. Gaussian postonstructia filtering with 2 mm FWHM was applied as in the clinical protocol. The
reconstructed images have a matrix size of 200x200x109 and 2.03x2.03x2v@xehsize.

Following two scenarios, the performance of a cycle generative adversarial network (CycleGAN) for
synthesizing the TOF information from ndi®F data in the image and projection space (Figure 1) was
investigated. In the image space implementation, we ttair@ycleGAN to estimate TOF directly from nd@F
PET images whereas implementation in the projection space involved the use of seven CycleGANs independently
trained to generate different time bins from fiIG@F sinogram. The estimated TOF sinograms wecernstructed
and evaluated versus the reference TOF PET images.

Table 1.Demographics of patients included in this study.

Training Test
Number 120 20
Male/Female 57/63 10/10
Age (Mean £ SD) 72+8 6919
Indication/Diagnosis Cognitive symptoms of possible neurodegenerative a etiology
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Table 2. Summary of the 28 radiomic features belonging to the 6 main categories estimated for the 83 brain regions.
Radiomic Feature Category Radiomic feature names

Conventional Indices SUVmean
SUVstd
SUVmax
SUV Q1
SUV Q2
SUV Q3
TLG (mL)

First Order Features - Histogram Kurtosis
Entropy_log10
Entropy_log2

First Order Features - Shape SHAPE_Volume(ml)
SHAPE_Volume(# Voxel)

Grey-Level Zone Length Matrix ShortZone Emphasis(SZE)

(GLZLM) Long-Zone Emphasis(LZE)

ShortZone Low Graylevel Emphasis(SZLGE)
ShortZone High Graylevel Emphasi¢SZHGLE)
Long-Zone Low Graylevel Emphasis(LZLGLE)
Long-Zone High Graylevel Emphasis(LZHGLE)
Zone Percentage(ZP)

Grey-Level Run Length Matrix ShortRun Emphasis(SRE)

(GLRLM) Long-Run Emphasis(LRE)
ShortRun Low Graylevel Emphasis (SRLGLE)
ShortRun High Graylevel Emphasis(SRHGLE)
Run Length NorJniformity(RLNU)
Run Percentage(RP)

Grey Level Co-occurrence Matrix Homogeneity
(GLCM) Energy
Dissimilarity

CycleGAN model
Style transformation is one of the attractive features in the field of deep leassised medical image analysis.
The purpose of style transfer is mapping an image belonging to déttaianother image belonging to domain
Y. CycleGAN is one of the webstablished architectures to translate dormxato Y while maintaining image
consistency. The translated images should be similar to the original ones with some stylistic variation applied.
Our optimized CycleGAN included a generator for learning a map fromT@dh images/sinograms to TOF
images/sinogramad a discriminator to evaluate the generated TOF images/sinograms. Sint®@kRamd TOF
in both image and sinogram domains have almost similar structures, it is essential to consider a residual network
as the generator of CycleGAN to learn based on rakithages. This emphasizes the variance betweefT @én
and TOF images/sinograms, rather than the global image patterns. Overall, the goal of the generator is to
synthesize a very precise representation of TOF images/sinograms (decrease the error petinteEnand
actual images) to fool the discriminator network (increase the discriminator judgment error) by generating
synthetic or cycle image/sinogram that are indistinguishable from the input images. The generator and
discriminator networks were traidearefully to reach the plateau of loss error training. In this work, the number
of convolution layers in discriminator architecture is 9, where 8 layers are followed by batch normalization, the
last layer is followed by a sigmoid function. The flowcharthis architecture is presented in Figure 1. The details
of our models are as follows: Batch size =20, Learning ratexs1@ % Linear decay from initial value to 10
number of epoch = 288, lambda = 10.0, beta_1 = 0.5 and beta_2 = 0.999 for Adaineoptiss function of
discriminator and generator = Mean Absolute Error, L1 Loss.

A number of predeveloped CycleGAN models are implemented in different libraries, such as PyTorch and
Keras and Tensorflowbackend. Inspired by the work [#7], we consider all of these libraries, and
devel oped/ optimized a new code on Keras. Suppl ement al

99



ol iy R P
13 SUV S S ok = % 45%
2 A% T8 G
vy S PN =
b) £y t- < e) g
c) f)
) SRR =
d) g) p! Liis _.k‘_,

-5%

Figure 2. Representativé®F-FDG brain PET images of a 4@arold male patient. a) The reference TOF image and the
corresponding b) NefOF image and predicted TOF images in c¢) the image space (IS) and d) sinogram space (SS) are
presented. The SUV bias maps for e)i@F, f) IS anl g) SS PET images with respect to the reference TOF PET image are
also shown.
both generator and discriminator. The model and hyperparameter tuaiagne of the main challenges in this
study. Both were optimized based on our previous judgment/expef3jc&he model accuracy was evaluated
and listed for each set of hyperparameters and then the sets with the lowest error were selected.
Image normalization
Since retaining the quantitative aspect of PET images when using deep learning models is one of the most critical
parts in model development, our model was trained to estimate the standardized uptake valuebg&dVs)
images. For image normalization, wenverted the intensity values to SUV, and then the patient with maximum
SUV among all patients was found and all images divided by this number. After model training and testing on
unseen datasets, the images were multiplied by the constant normaliaaetard recover the original SUVs.

Model training and evaluation was performed on a NVIDIA 2080Ti GPU with 11 GB memory running under
windows 10 operating system. We did not use cradislation because the training process was time consuming
and the sinogram matrix size very large.

Quantitative Analysis

The performance of our developed models was assessed through quantitative analysis alateséesiVell
established quantitative metrics, including the root mean squared error (RMSE), peakosignisé ratio
(PSNR), and structural similarity index metrics (SSIM) were calculated fofT@i and predicted TOF PET
images in IS and SS with resg to reference TOF PET images.

In image to image translation tasks, when the goal is to improve image quality, it is important to have an
insight into the differences between loand highquality images. Hence, the mentioned parameters were
calculated for nosTOF PET images to set adwine regarding the extent of the model capability in improving
signal properties and spatial resolution.

To assess the performance of our models for lesion detectability, the SNR, contrast and noise were estimated
for reference TOF, nefOF, and predicted TOF in IS, and SS. The SNR is defined as thee.gldifference
between volumes of interest (VOIs) drawn on lesionsgipots (VOhotspo) and background (VQ4ckground divided
by the noise in the backgrounth this definition, the noise is regarded as the standard deviation (SD) of
VOl packground@Nd VObackgroundWas defined in a uniform area outside lué tesion/background
6/ ) 6/) (1)

3%6/ )

Contrast resolution is crucial ibrain PET imaging because it can help in distinguishing different brain
structures, those correlated with the presence of neurodegenerative disease and healthy membranes from cancer
cells. The contrast was calculated using the following formula to a$eesapact of TOF PET capability.

YO 'Y
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The statistical noise inherently present in PET images degrades image quality and might lead to wrong clinical
decisions. TOF PET imaging could enhance image quality by reducing the noise. The noise was estimated to
assess the performance of our modelgims of noise reduction.

3 $6 /) ()
“6l)

Finding a reasonably homogeneous region close to lesiesglodfor background VOI is not straightforward
and could be considered as one of the limitations of our wvidr&refore, we selected the center of the brain
(ventricle region) as background where the uptake is mostly uniform.

Twenty-eight radiomic features were calculated for 83 brain regions to assess the agreement of radiotracer
uptake between predicted 1S, SS, and TOF PET images. The PMOD medical image analysis software (PMOD
Technologies LLC) was used to normalize and tegi§OF, norTOF, IS, and SS to a standadf-FDG brain
template. Subsequently, the LIFEx analysis toolkit was used to quantify 28 radiometric features, including seven
conventional indices, five firatrder features, six gragvel runlength matrix feaires, three grailevel co
occurrence matrix features, and seven deagl zone length matrix features (Table 2). The heat map of the
relative error was produced based on Equation 1 fofTi@R, IS, and SS by considering TOF PET image as
reference.

i EO

|1
7 b T— T
In Equation 4] andf denote the actual and predicted value of a specific radiomic feature calculated in a
brain region, respectively. A pairwisedst was calculated for statistical analysis of PSNR, RMSE, and SSIM
using the MedCalc softwaf8]. The significance level was set at-a&ue less than 0.05 for all comparisons.

. Results

The qualitative visual inspection of the results demonstrated the acceptable performance of the deep learning
model for generating artifadtee, highquality TOF from noATOF PET images both in image and projection
space. Figure 2 shows transverse, cdraral sagittal views of reference and predicted brain PET images along
with their corresponding bias maps. Although the predicted images (IS and SS) exhibited good image quality,
overestimation of tracer uptake (positive bias) was observed between ISSacoimpared to TOF PET. The
qualitative assessment was supported by quantitative evaluation through calculating RMSE, PSNR, and SSIM
(Table 3). The signal enhancement, noise reduction, and quality improvement are higher for implementation in
image space copared to the one in projection space.

Table 3.Comparison of the results obtained from image quality assessment-iFQ#oand predicted TOF images in image
(IS) and sinogram (SS) space for the validation dataset. SSIM: structural similarity index metrics, PSNR: peak sigmal to nois
ratio, RMSE: rootnean squared error.

Dataset SSIM PSNR RMSE
nonTOF 0.97+0.03 72.10+£2.82 0.22+0.12
Predicted TOF PET in Image Space (IS) 0.99+0.03 84.25+£3.75 0.12+0.09
Predicted TOF PET in Sinogram Space (SS) 0.98+0.02 81.30+3.92 0.16+0.04
P-value (IS vs. SS) <0.05 <0.02 <0.05
P-value (IS vs. noiTOF) <0.02 <0.01 <0.01
P-value (SS vs. neiiOF) <0.02 <0.02 <0.02
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Figure 3. A representative clinical study showing a¥arold male patient displaying the patterns of detailed anatomical
structures revealed by: a) TOF and b) 1@F, and the predicted TOF PET images for ¢) IS and d) SS models. The images
exhibited promising pormance to capture/reveal detailed brain structures.

Figure 3 illustrates an example of the beneficial impact of TOF PET imaging, where the hotspots/lesions can
be overlooked completely or partially in ndi©F PETimages. Both predicted TOF images (IS and SS) were
successful in extracting the information missed or hidden among the noise TORORET images.

Since TOF information has a direct influence on led@mbackground ratio, both predicted TOF PET images
(IS and SS) showed a larger putantetbackground ratio compared to rRd®OF image (Figure 4), with IS
providing slightly higher contrast. Figure 5 detp the correlation betweéfi~-FDG tracer uptake in nefiOF,

IS, and SS vs. TOF PET images based on pixelwise linear regression analysis. The data points scatter distribution
decreased from nefiOF to SS and then IS and the correlation and error lewelreed for SS (R= 0.98, MSE
= 0.025) compared to neMOF (R = 0.96, MSE = 0.048). The predicted image in image space achieved the

highest correlational and lowest deviation from the identity line<®.99, MSE = 0.014). The bias and
variance of nofTOF and predicted TOF PET images in the 83 brain regions were evaluated by Bland & Altman
analysis (Figure 6). Each single black point denotes a brain region for each patient. The range of varialige gradua
decreases from nehOF (95% CI:-0.58%, +0.42) to TOF PET SS (95% @:37%, +0.28%) and IS (95% Cl:

0.21%, +0.17%), perfectly supporting the joint histogram analysis resultsvTegaa ge br ai n r egi onds
bias follows the same trend and decreased f0658% for noATOF t0-0.043% for SS, andd.026% for IS.

The SNR, contrast, and noise sheubstantialmprovement in reference TOF and predicted IS and SS TOF
PET compared to nemMOF PET images (Table 4). In particular, the reference TOF, IS, and SS improved the SNR
by about 10%, 7%, and 3%, while they reduced the noise by 22%, 16%, and 7%, respdttesebyntrast was
enhanced by 15%, 13%, and 4% for TOF, IS, and SS respectively.

7

6.5

5.5

4.5

4

Non-TOF TOF IS SS
Figure 4. Plots of average Putaménrbackground ratio calculated across the entire test dataset.
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Figure 5. The joint histogram analysis for ndrOF (left), IS (midfle), and SS (right) brain PET images versus TOF PET
images.

Figure 7 and supplemental figures 1 and 2 depict the relative error (%) heat map of 28 radiomic features
calculated for 44 brain regions (the symmetric left and right sides of the 83 regions were merged for better
illustration) belong to the test dataset foedicted images in image and sinogram space, and @&n The mean
relative errors of all the radiomic features calculated across all brain regions were less than 16.6%, 13.7%, and
11.8% for noATOF, SS, and IS, respectively. The large radiomics bias m@stly observed in regions with
relatively large distances from the center of the brain where the effect of TOF information is more visible. This
pattern was observed in other predicted TOF images. For instance.esabis for medial and lateral orbital
gyrus was around 1% and 7.7% for AbBF and 0.5% and 5.5% for IS, respectively. Other regions close to the
center of the brain with low bias (under 5% for ADQF) were straight gyrus, Subcellular area, Parietal gyrus,
Caudate, etc. The high bias regions (> 8%) are Temporal lobe, Cerebellum, frontal Horn, etc. The highest of the
homogeneity radiomic feature belonging to the geasel cooccurrence matrix category was 10.6%, 13.7%, and
13.9% for IS, SS, and nenOF, repectively. The mean of all radiomic features is 3.6%, 5%, and 6.2% for IS, SS,
and noRTOF, respectively. The heat map also confirmed the overestimation of tracer uptake by the proposed
model.

Table 4. The SNR, contrast, and noise calculated for malignant lesions across the entire test group.

Parameter non-TOF TOF IS SS
SNR 32.34 £29.21 35.67+37.18 34.76x31.74 33.55+25.11
Contrast 3.22+2.51 3.71+3.26 3.65+3.10 3.34+0.41
Noise 0.31+0.12 0.24+0.27 0.26+0.1 0.29+0.33

The average SUV bias calculated across 83 brain regions confirmed the higher systematic overestimation bias
for nonTOF, SS, and IS respectively. The results indicated that our developed models are capable of improving
the average SUM:-anbias from 9.32.21% for noATOF to 6.9+0.08% and 6.2+0.91% for predicted images in SS

and IS, respectively.

0 5 10 15 20 25 30 0 5 10 15 20 25 30 -0.8

Mean of TOF and non-TOF Mean of TOF and IS 0 5 10
Mean of TOF and SS

15 20 25 30

Figure 6.Bland & Altman plots of SUV differences in the 83 brain regions calculated fefr@gn(left), IS (middle) and SS
(right) PET images with respect to the reference TOF PET images in the test dataset. The dashed blue and solid red lines
denote the mean ar®%% confidence interval (Cl) of the SUV differences, respectively.
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Figure 7. Heat map of the relative error of the 28 radiomic features calculated across 83 brain regions for predicted IS TOF
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®|®|Hplojo|jo|F|T | T|T|B|B[(0/0/®|/0]|0!d ® | Dlo/dO|/O/O/D|OD|D
Middlle frontal gyrus 55 58 66 26 57 45 34 64 72 77 92 45 61 73 47 6.7 49 7l.7 29 ’.1 69 69 54 31 82 44
Precentral gyrus 32 54 45 30 58 23 32 -06 38 34 21 58 16 45 39 24 58 30 36 34 45 06 68 26 01
Straight gyrus 12 23 01 12 09 37 25 38 08 04 24 11 21 23 03 38 40 05 44
Anterior orbital gyrus 23 31 29 30 18 15 43 18 05 27 29 07 18 38 29 06 -15 52 03
Inferior frontal gyrus 82 47 80 80 58 80 63 78 87 74 80 66 44 79 79 9.0
Superior frontal gyrus 26 02 46 29 22 52 07 22 50 16 15 14 37 26 05 40
Medial orbital gyrus 05 26 08 19 -07 12 - 30 07 37 12 08 36 -26 08 -0.3 07 42 01 24
Lateral orbital gyrus 58 74 39 85 69 51 65 57 72 70 51 62 40 89 75 7.6 53 57 76 30
Posterior orbital gyrus 35 46 43 02 28 37 34 39 71 26 48 40 64 43 69 73 33 61 23 51 10 46 41 74 50 23 02 56
Subgenual frontal cortex 45 25 22 05 31 55 26 27 28 63 40 39 71 83 45 53 80
Subcallosal area 02 05 20 21 -09 -2.3. 16 19 10 18 39 33 03 28 08 0.7
Subgenual frontal 45 32 49 32 34 28 38 52 88 78 58 57 51 67 27 55 13
Hippocampus 02 47 35 51 21 3.0 0.0
Amygdala 33 14 54 24 29 04 21 24 25 21 13 05 02 09 -21 18 39 53
Temporal lobe, medial 70 64 78 61 82 53 73
Temporal lobe, lateral . 36 54 33 45 72
Parahippocampal 05 44 14 01 48 75 40
Superior temporal gyrus 37 47 43 61 26 61 65 15 61 55 7.7 67 38 38 10 75 49 741
Mid & Inf temporal gyrus 75 58 62 44 56 53 62 75 56 35 92 66 59 37 60 82 72 57
Fusiform 40 33 51 64 19 34 32 35 41 05 45 20 57 43 20 63 59 01
Posterior temporal lobe 58
Sup Temporal Gyrus 39
anterior 20
Superior parietal gyrus 13 48 02 12 09 16 13 18 20 31 -11 08 15 05 34 61 14 07 09 09 -13 31 02 18 05 11 35 15
Inf parietal lobe 42 49 38 67 51 42 63 83 17 54 39 53 17 45 36 65 18 52 26 25 37 54 59 41 70 44 47 11
lat occipital lobe 52 45 73 60 73 40 72 69 50 22 14 42 12 42 50 29 37 86 57 10 57 42 36 81 21 31 56 68
Lingual gyrus 25 08 16 35 30 38 58 35 -02 25 02 60 37 03 36 46 38 01 16 14 23 39 -18 24 16 54 26 08
Cuneus 40 15 49 21 24 47 33 19 16 41 27 60 63 56 08 08 47 25 74 37 34 05 55 51 40 51 42 39
Caudate nucleus 27 40 51 04 24 36 17 52 19 05 25 21 22 12 05 49 12 18 26 01 60 31 -13 11 12 31 42 39
Nucleus accumbens 12 27 11 06 24 20 16 32 13 33 -09 26 34 39 16 02 30 13 12 10 15 01 33 58 . 17 35 13
Putamen 21 27 23 27 01 58 64 46 04 19 13 05 08 08 09 61 20 09 13 17 41 21 52 15 67 27 52 03
Thalamus 18 18 58 01 -05 22 14 12 37 417 35 16 17 04 48 50 44 23 62 26 -08 57 59 11 22 02 08 15
Pallidum 21 15 37 42 16 09 13 44 10 33 24 41 21 41 03 04 61 55 21 05 24 15 05 44 28 18 58 0.8
Corp_Callosum 08 45 01 03 38 -03 25 01 07 23 25 02 39 31 19 05 01 -16 19 15 48 21 06
Substantia nigra 12 10 16 54 -02 19 0. | 46 04 01 57 36 24 31 16 33 03 09 20 02 06 -15 22 11
Insula 08 22 17 26 12 24 53 29 09 07 07 05 26 10 29 24 04 18 27 08 37 01 31 03 14 37 03 -
Cingulate gyrus, ant 09 08 37 13 15 26 22 23 36 ” 13 13 03 13 07 32 13 14 28 02 27 15 26 20 43 18 02 14
Cingulate gyrus, pos 6.2 - 79 33 65 64 89 28 49 49 23 53 50 5 32 67
Cerebellum 74 86 85 47 . 62 59 67 61 76 ‘i.i’- 57 81 74 65
Brainstem 43 45 51 51 42 37 59 33 19 42 40 23 74 51 31
FrontalHorn 49 37 37 26 79 32 60 06 34 57 50 17 64 86 03 28 49 64 54 54 30 56 67
TemporaHorn 0.6 0.0 09 01 07 32 06 18 26 26 15 21 20 19 09 10 10 -14 05 11
ThirdVentricl 46 39 50 37 68 15 53 38 06 21 29 30 74 34 60 46 39 45 45 55
White_matter 81 56 51 57 56 u 55 65 59 73 86 26 30 32 82 65 73 45

PET images with respect to reference TOF PET images.

V.

Discussion

The TOF information boost the informative signals relative to statistical noise in PET images. A number of studies
comparing TOF and nefOF PET reported thatOF information improves the spatial resolution and SNR, and
enhances contrast recovery for malignant lesibtence, improvement of SNR opens the implementation of
additional options, such as reduction of the injected dose and scannifjgQjme

Although the impact of TOF is more visible in regions residing far from the center of the FOV and could be
more relevant in wholeody PET imaging, its influence is still noticeable in brain imaging, especially in the
presence of artifacts or misalignmdmttween anatomical and functional images. Yoshida et al. reported a
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significant improvement in image quality for a braized phantom (Hoffman phantom) in TOF relative to-non

TOF imaging[29]. It is noteworthy to point out that the test dataset used in this study was carefully selected to
encompass images with relatively large misalignments from the center of the FOV to highlight the relevant impact

of TOF information. The heat map revealedtthrain regions with a large distance from the axis of the scanner

had a larger bias compared to regions located close toth&ddxis.s e r esul ts are in good ag|!
rule which expresses the relation between uptake position and impmvef®NR[8]. According to this rule,

the SNR gain is related to whereD is the diameter of the positramitting distribution in cm (in our

Yy 8
case, the diameter of thehead) ¥ s t he scanner 6s coincidence timing re
mCT BiographscanneBy assuming an adultdéds head di ameter about
of about a factor of 1.58 for the Biograph mCT having a TOF resolution of 530 ps and a gain factor of 2.51 for the
Biograph Vision with a TOF resolution of 210 [39].

In this work, we suggested a model for improving fT@»F PET image quality by incorporating TOF
information artificially. Our model was trained in b
outcome flexible as it leaves open the choicenafge reconstruction protocol. To the best of our knowledge, there
is no similar work enabling to generate TOF sinograms froraTi®@R sinograms that we can compare our results
with. Recently a commercially available deep learning model, referred to asfElEl , was employed on nen
TOF8F-FDG PET images with 33% less injected activity on an analog PET/CT scanner without TOF capability
to generate equivalent standard dose Ti®f PET imagef31]. Another study reported promising results for fast
TOF and noATOF PET scanning with 75% scanning time reduc{i®2]. More recently, Mehranian et al.
independently reported a n@iOF to TOF PET conversion of wheledy images implemented in image space,
demonstrating promising results in to improve noise degradation, image sharpness, and diagndSt3. vethiee
work did not consider the specificity of brain PET scanning and the developed model was limited to image space
implementation, which prevents the possibility to use the desired image reconstruction protocol.

Detailed visual assessment of our test dataset revealed that in some cases (8 from 20) the hotspots/lesions can
be missed/overlooked partially or completely on i@F PET images while they were depicted on TOF PET
images. Both IS and SS models successfidpicted the missed lesions/hotspots. Furthermore, the anatomical
structures, such as the pattern of the gyrus, were better portrayed in the predicted TOF relative compared to
corresponding noefOF PET images.

The BlandAltman analysis supported the scatter plot results where the model trained in the image space led
to better correlation, lowest bias, and variance relative to the model trained in the sinogram space. The lower
performance of the model in the peofion space can be attributed to the number of trained models where the
summation of all model errors and more importantly the inherent difference between the input (sifig@non
sinogram) and the output (several TOF bin sinograms) and the uncertasg@sated with synthesizing the
corner 6s bin whi c hTOF sinogreor(sgnthests of seven isaparateiT ©F bme froAT O6i).

In other words, in sinogram space, our model was trained to projed®@Brsinogram to a number of TOF bin
singgrams and since the eéenter TOF bins are different from the ABOF sinogram, it can lead to large errors
during training. It is worth highlighting that in previous work, we trained 7 DNN models for synthesizing full
dose TOF bin sinograms from theirrcesponding lowdose TOF bin sinograms, and compared its performance
with a similar DNN model generating fedlose PET images from ledose PET imag€25]. In this work, each

model was trained with a specific sinogram ({dese TOF bins 0, 1, 2, 3 to full dose TOF bins 0, 1, 2, 3). The
results achieved by model implementation in the projection space were superior to the implementation in the image
domain.

In dedicated brain PET scanners, the parallax error plays a significant role in spatial resolution degradation
owing to because of the small diameter of the gantry. Hence, there has always been a desire to have both depth of
interaction (DOI) and TOF capéilies, although the tradeoff between DOI capability and TOF power makes this
task more complicated. Detector modules using light sharing can lead to a degradation in TOF performance.

Artifact reduction is one of the sidelong advantages of TOF capd3dity which proved useful in brain and
whole-body imaging. Voert et al. reported that PET image artifacts can significantly reduce with consideration of
TOF information. The role of TOF was observed predominantly in patients with dental[f85hg

The main difference between TOF information in the image and projection domains is the way they represent
the additional information. In the TOF sinogram, we have access to the spatial bins. For instance, in our study the
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TOF sinogram of the Biograph mCT (~530 ps TOF resolution) contained 7 time bins (0, £1, £2, +3), meaning
that we have access to 7 separate spatial bins along the line of response with a size of about 5.38 cm. When the
TOF sinogram is reconstructed, theamhation of all 7 TOF bins will be merged to generate the final image and

the initial TOF information lost. The TOF information in the projection domain is reflected through assigning the
coincidence events to the different TOF bins, which represent pexamate spatial location/origin of the events.
Conversely, the TOF information in the image domain would be reflected in higherigrase ratio, reduced

noise levels, better convergence, and robustness to inconsistent data. In this regard, we hypothesized that we
would achieve better performanbg training seven separate models to generate the TOF bins fromTaOfon
sinogram compared with training a single model to generate TOF images fronOfoimages. Yet, the model

trained in image space oaffformed the one trained in projection space. A plausible explanation for this
observation is that the problem (mapping T@dF data to TOF information) is much easier to solve in the image
domain than in the projection space since there is aémore (imageto-image) correspondence in the image
domain. We believe that when we train 7 models, each producing a certain magnitude of error, the final error
resulting from summing up the errors of all models is higher than a single model in the image space.

Furthermore, generating the different time bins from a-TOfr sinogram might wrongly propagate the
information of a certain region to another ofbe results are better for implementation in image space, but the
sinogram space provides the freedom of reconstructing the generated TOF sinograms with any desired
reconstruction algorithm, which compensates for the slight difference in results. Tagbefbr strategies can be
useful depending on the targeted application.

The extraction of TOF data from ndrOF data would not be achievable for high TOF resolution data since a
single noRTOF sinogram should be translated into many TOF bin sinogfaonsnstance, for a TOF resolution
of 240 ps, 23 sinogram bins should be generated from a singld®@Bndata, which is memory and
computationally demandingdowever, in the image domain, owing to the -@o®ne correspondence, nGIOF
PET images could be translated into a corresponding image reconstructed with extremely higisol@ien.

There is no limit to the implementation of extremely high TOF resolution models in the image domain. Another
avenue to explore would be deep learAaged PET reconstruction using for instance the model developed by
Whiteley et al[36] wherein the nofTOF PET data (in the sinogram domain) couldilvectly translated into the

image space. In this regard, ideally reconstructed PET images (for instance using extremely high TOF resolution)
could be considered as target for model training. Owing to the fixed size of the input data in the forsit©fFnon

data and the small size of the output image (ideally reconstructed PET image), there is no memory or computational
limitations for this solution.

Among the limitations of this study is that the model was evaluated on brain PET images while TOF capability
is more relevant in wholbody PET imaging. This limitation is challenging to address because access to whole
body TOF bin sinograms is demandinging to their large size in wholeody imaging. Future work will address
this limitation in the image space.

Our method can be applied on any PET scanner without TOF technology, such as analog PET scanners and
BGO-based scanners and even PET scanners with low TOF time resolution. The availability of this technique
might revive the interest in commercial deploytneiow-cost standalone BGOased PET scanners, particularly
in developing countries. Furthermore, this study opened the way toward TOF or high time resolution TOF
enhancement through deep learning in both image and projection space. For instance gegWwithdow TOF
time resolution can be generated through simulations and used as input to train a deep learning model to generate
high TOF time resolution PET images from the low resolution TOF PET images corresponding to currently
available TOF resolutio PET scanners. Among the limitations of this study is that the model was evaluated on
brain PET images while TOF capability is more relevant in wholdy PET imaging. This limitation is
challenging to address because access and handling of-adthleTOFbin sinograms is computationally and
memory demanding owing to their large size. Future work might address this limitation in image space.

It should be noted that for the implementation in the image domain, the improvement of the SNR, contrast and
noise of noATOF images was achieved by training the network on-Bi§R TOF imagesyet, there is a lack of
specific metrics enabling to demonstrate that the model fully "recovered"” valid TOF information. For example,
the SNR performance could come from denoising features of machine learning methods and even conventional
techniques.The metrics evaluated in this study (in the image domain) are ately sdependent on TOF
information.Other factor, such as image reconstruction algorithm, hyperparameters, aretpastruction filters
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might have an impact.

V. Conclusion

We developed a CycleGARNodel capable of learning a ntinear transformation to generate TOF from non

TOF PET images, hence improving image quality and spatial resolution in addition to enhancing lesion
detectability of PET images acquired on conventional inexpensivel@nPE scanners. In this regard, a
technological gap in conventional PET scanners can be addressed through enabling the prediction TOF PET
images from nofTOF scanners to achieve a higher image quality without hardware upgrades. Our developed
model is able toransform noATOF PET sinograms to seven TOF bins allowing the reconstruction of the
synthesized sinograms using any desired reconstruction as well asmureposteconstruction filtering.
Quantitative evaluation revealed the slightly better performahtteeanodel in the image space compared to the
projection space. Nevertheless, the TOF model in the projection space would be useful for applications where
different reconstruction algorithms, image correction modeling (such as point spread functiomgiodaeli
attenuation/scatter correction are required to be implemented.
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Abstract

Introduction :

To assess the performancduwf dose (FD) positron emission tomography (PET) image synthesis in both image
and projection space from ledose (LD) PET images/sinograms without sacrifiadragnostic quality using deep
learning techniques.

Methods:

Clinical brain PET/CT studies of 140 patients were retrospectively employed for LD to FD PET conversion. 5%
of the events were randomly decimated from the Fbnlistle PET data to simulate a realistic LD acquisition. A
modified 3D UNet model was implemead to predict FD sinograms in the projectgpace (PSS) and FD images

in imagespace (PIS) from their corresponding LD sinograms/images, respectively. The quality of the predicted
PET images was assessed by two nuclear medicine specialists usingairfivgrading scheme. Quantitative
analysis using established metrics including the peak sighadise ratio (PSNR), structural similarity index

metric (SSIM), regiorwise standardized uptake value (SUV) bias, as well as Bestondand highorder textire

radiomic features in 83 brain regions for the test and evaluation dataset was also performed.

Results:

All PSS images were scored 4 or higher (good to excellent) by the nuclear medicine specialists. PSNR and SSIM
values of 0.96 + 0.03, 0.97 £ 0.02 and 31.70 = 0.75, 37.30 £ 0.71 were obtained for PIS and PSS, respectively.
The average SUV bias calculated pa# brain regions was 0.24 £+ 0.96% and 1.05 + 1.44% for PSS and PIS,
respectively. The Blandltman plots reported the lowest SUV bias (0.02) and variance (95%9.0R, +0.84)

for PSS compared with the reference FD imagks.r€lative error of the homgeneity radiomic feature belonging

to theGrey Level Ceoccurrence Matrixategory wasl.07 £ 1.77 and 0.28 £ 1.4 for PIS and PSS, respectively
Conclusion:

The qualitative assessment and quantitative analysis demonstrated that the FD PET prediction in projection space
led to superior performance, resulting in higher image quality and lower SUV bias and variance compared to FD
PET prediction in the image domai
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I Introduction
Molecular neuroimaging using RET is ideally suited for monitoring cell/molecular events early in the course of
a neurodegenerative disease as well as during pharmacologic tfigta§ T is a molecular imaging technique
that produces a thredimensional (3D) radiotracer distribution map representing properties of biological tissues,
such as metabolic activity or receptor availabilRET images suffer from relatively high noise level dictated by
the Poisson nature of annihilation photons emission and detection. Apart from the technical aspects, PET image
quality depends on the amount of injected radiotracer and/or acquisition time areiqproportional to the
statistics of the detected events. The main argumentinfavbur a r educti on of the inject
is linked to thepotential risks of ionizing radiatiof2]. Albeit low, this risk increase motivates precaution,
particularly inpaediatric patients, healthy volunteers or in case of multiple scanning for f@fiaw monitoring
the response to treatment using different traddrerefore, there has always been a desire to moderate the injected
activity to minimize thepotential health hazardé reduced acquisition time could have a positive impact on

patientdéds comfort and on scanneré6s throughput. Howeve
inevitably leading to lower sign#b-noise ratio (SNR), thus hampering the quantitative and diagnostic value of
PET imaging.

To address this issue, a number of approaches have been proposed in the literature to produce standard/full
dose (FD) PET images from corresponding-dese/count (LD) imagel8]. Formerly, iterative reconstruction
algorithms with accurate statistical modellif] and posiprocessing/filtering[5, 6] were the two common
methods. However, these approaches tend to reduce spatial resolution, quantitative accuracy by producing over
smooth structuref, 8]. In the past years, deep learning algorithms have witnessed notable growth in the fields
of computer vision and medical image analy8isl0]. Contrary to other denoising approaches which are applied
directly on LD PET images, deep learning algorithms are capable of learningdinaariransformation to predict
standaredose images from lowlose inputs. In particular, convolutional neuralwak (CNN) models have
demonstrated outstanding performance in erosdality image synthesis, such as MRI to CT convergidn
12], joint PET attenuation and scatter correction in irrsggecd13, 14]as well as synthesis of FD PET images
from LD imageg15-21]. Xiang et al. suggested a deep attontext CNNarchitecture that estimates FD PET
images based on local patches in LD PET im§t@ks A major limitation of this work is that 2D transaxial slices
were extracted from PET images and used for 2D training of the CNN ndauieher group claimed that reliable
FD PET could be estimated from a #aD images using a residuak-Net architecturg22]. Other work from
the same group utilized 2D slices of L#F-Florbetaben PET images along with various MR sequences, such as
T1, T2 and DWI, to predict FD images using @t architecturgl5]. Haggstronet al.[23] developed a deep
encoderdecoder network for direct reconstruction of PET images from sinograms whereastHahn{24]
proposed aatadriven, singleimage superesolution technique for sinograms using a deep residual CNN to
i mprove PETO6s spatial resolution and noise properties

A more recent work reported on the use of al3iet along with anatomical information from-cegistered
MRI to improve PET6s SNR without wusi n[@5.ICuiethlg26] SNR PE
presented an unsupervised model for PET denoising whe
images and the noisy PET image itself was used as the training label. As such, this approach does not need any
paired dataset for training. Fuetmore,Lu et al.[27] investigated theffect of different network architectures
and other parameters pertaining to both noise reduction and quantitative perfoffhanmgtimized fully 3D U
Net architecture is capable of reducing the noise in LD PET images while minimizing the quantification bias for
lung nodules characterization.

Previous studies relied on deep learnAiraged approaches to establish anterehd pipeline to synthesize
FD PET in imagespacdg15-21]. As such, these approaches are optimized for a specific protocol, such as image
reconstruction algorithm or pestconstruction filter. Therefore, adoption to a different reconstruction technique
requires retraining the CNN. Conversely, the predictioRDfPET images in the projectiapace allows the
selection of any reconstruction and/or prstonstruction filter without the need for retraining the CNN.
Furthermore, projectiospace provides more comprehensive data representation thanspzage effetively
containing detailed information about count statistics and spatial and temporal distributions.

To take advantage of this fact, a-BMet was trained to predict a FD sinograms from LD sinograms in atoend
end fashion. Thereafter, tisgnthesizedinogram can be reconstructed using any reconstruction algorithm.

112



Two Separate Input Two Separate Result

Input 1:LD Imie Result 1: FD Image

Input 2: LD Sinogram Result 2: FD Sinogram

" 'y

- = =

—

3x3x3 Convolution 3D, BN + RelU

2x2x2 Pooling

2x2x2 Up sampling

Input | Low Dose PET Image/Sinogram)
Output | Standard Dose PET Image/Sinogram)

' . Concatenate Connection
32 64 128

Figure 1. Schematic diagram of the modified 3Bridt, consisting of an encodéecoder convolutional neural network. The

tensors are indicated by the boxes whereas the arrows denote the computational operations. BN = batch normalization, ReLU
= rectified linear uit activation. The number of channels is indicated beneath each box in the bottom left panel. The input and
output of this network are LD and FD image PET pairs either in image or sinogram space.

The results achieved using the proposed framework are compared to the image domain implementation using the same
3D-Unet architecture.
Il. Materials and Methods

PET/CT data acquisition

The present study was conducted%RFDG brain PET/CT studies collected between June 2017 and May 2019

at Geneva university Hospital. The database consisted of 140 patients presenting with cognitive symptoms of
possible neurodegenerative disease (73 + 8 yrs), 66 males and 74 femalegr&8mld2 + 11 yrs, respectively).
Detailed demographic information of the patients is summarized in Table 1. The study protocol was approved by
the institutionbs ethics committee and all pad i ent s ¢
performed on a Biograph mCT scanner (Siemens Healthcare, Erlangen, Germany) about 35 minrutes post
injection. A low-dose CT scan (120 kVp, 20 mAs) was performed for PET attenuation corrddt®patients
underwent a 20nin brain PET/CT scan after injection of 205 + 10 MB4%%FDG. PET data were acquired in
list-mode format and reconstructed using e7 tool (an offline reconstruction toolkit provided by Siemens
Healthcare) to produce FD PET sinograms/images. Subsequently, a subset of PET data ce¥ttaifithg total

events was extracted randomly from thefigide data to produce LD sinograms (400x168x621 matrix) using a
validated code [28]. Both FD and LD PET images were reconstructed into a 200x200x109 image matrix
(2.03%x2.03x2.2 mrhvoxel size) using an ordinary Poisson ordered sulgsetsctation maximization (GP
OSEM) algorithm (5 iterations, 21 subsets). PET images underwentggosistruction Gaussian filtering with 2

mm FWHM similar to the clinical protocol.

Table 1.Demographics of patients included in this study.

Training Test Validation
Number 100 20 20
Male/Female 45/55 11/9 8/12
Age (Mean + SD) 7348 68+18 73+4.5
Weight(Mean + SD) 7013 67+12 71+11
Indication/Diagnosis Cognitive symptoms of possible neurodegenerative a etiology
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U-Net architecture
A modified 3D UNet based on the model proposed28] was developed to predict FD images/sinograms
(PIS/PSS) from their corresponding LD images/sinograms. Figure 1 shows the structure of the modified 3D U
Net, which consists of an encoedecoder module. In the encoder part, each layer contains two 3D gtonsl|
[30] followed by a rectified linear unit (ReLu) activation function and a 3D maxpooling with stride size of 2. In
the decoder part, each layer consists of 3Bammpling with stride of 2 followed by two 3D convolutions and a
RelLu. The size of all convolutionka¢rnels is 3x3 x3 voxels in each convolutional layer. The shortcut connections
between the outputs of each layer in the encoder network and the corresponding layer in the decoder network
aimed at addressing the gradient vanishing problem that occurmplecodeep learning models. In CNN, the
bottleneck is a layer which contains less neurons compared to its neighbouring3aj.efe avoid this issue,
the number of channels was doubled before maxpooling and before each ReLu function. The networks input are
either a 101 x 101 x 71 matrix (after cropping) in the image domain or 400x168x62 matrix in the projection
(sinogram) domain.

The modified 3D Unet architecture also includes a series of pooling options, dilated convolutional layers and
16 convolutional layers. The Adam optimizer with a learning rate of 0.001 was used to minimize the loss function.
A dataset of paired LD and FBhages/sinograms of 100 subjects were used to train the network using the adaptive
moment estimation implemented in Keras ogenrce packag@2, 33] which computes adaptive learning rates
for each parameter and saves an exponentially decaying average of past gradients using Eqgs. 1 and 2:

0 10 p 1 Q p
O 1o p i Q C

wherel andw indicate the estimation of the mean and the uncentered variance of the gradients, respéctively.
denotes the gradient at subsequent timedseuli andi are exponential decay rates withi N [0, 1).

The model was implemented on NVIDIA 2080Ti GPU with 8 GB memory running under windows 10
operating system. The training was performed using-batch size of 5 for 250 epochs.
Data augmentation
To increase the size of the training dataset while avoiding overfitting, three types of data augmentation methods
were implemented. This included rotations, transformations, and zooming, which were randomly applied to the
training data set. Hence, the mbe#as trained using the 300 augmented along with the 100 original images.
Applying such aigid deformation to the training dataset assisted the network to learn features that are invariant
to these transformatiorfi34].
Training, validation, and testing
The training andhyperparameter finguning of the model were performed on 100 patients. Twenty patients were
used for model evaluation whereas a separateen dataset of 20 patients served as test dataset. The mean
squared error (MSE) loss function was used for the training of the model.

Evaluation strategy

Clinical qualitative assessment

The predicted PSS and PIS FD PET images along with their corresponding reference FD and LD PET images
were anonymized and randomly enumerated for qualitative evaluation by two nuclear medicine physicians.
total, 80 PET images were evaluated, including 20 reference FD, 20 LD, 20 PIS and 20 PSS PET images belonging
to the test data set. Thpiality of PET images was assessed using afoiat grading scheme, namely 1:
uninterpretable, 2: poor, 3: adequate, 4: good and 5: excellent.

Quantitativeanalysis

The accuracy of the predicted FD images from LD PET data were evaluated using three gquantitative metrics,
including the root mean squared error (RMSE), peak sigaabise ratio (PSNR), and structural similarity index
metrics (SSIM) (Egs. -8, respectival). Moreover, these metrics were also calculated for the LD images to
provide an insight about the noise levels and significant signal in the LD images.
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Figure 2. Representative FDG brain PET image of ay6&r oldmale patient. The reference fulbse and the corresponding
low-dose and predicted FD images in the image and sinogram space are presented. SUV bias maps for LD, PIS and PSS PET
images with respect to the reference FD PET image are shown in the lowler pane
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Table 2. Summary of the 28 radiomic features belonging to the 6 main categories estimated for the 83 brain regions.
Radiomic feature category Radiomic feature

Conventional indices SUVmean
SUVstd
SUVmax
SUV Q1
SUV Q2
SUV Q3
TLG (mL)

First-order features- Histogram Kurtosis
Entropy_log10
Entropy_log2

First-order features- Shape SHAPE_Volume (ml)
SHAPE_Volume (# Voxel)
Grey-Level Zone Length Matrix (GLZLM) ShortZone Emphasis (SZE)

Long-Zone Emphasis (LZE)

ShortZone LowGray-level Emphasis (SZLGE)
ShortZone High Graylevel Emphasis (SZHGLE)
Long-Zone Low Graylevel Emphasis (LZLGLE)
Long-Zone High Graylevel Emphasis (LZHGLE)
Zone Percentage (ZP)

Grey-Level Run Length Matrix (GLRLM) ShortRun Emphasis (SRE)
Long-Run Emphasis (LRE)
ShortRun Low Graylevel Emphasis (SRLGLE)
ShortRun High Graylevel Emphasis( SRHGLE)
Run Length NorUniformity (RLNU)
Run Percentage (RP)

Grey Level Co-occurrence Matrix (GLCM) Homogeneity
Energy
Dissimilarity
N R B & &
YO YO B — o
OYOO cmaégQ " T
nYnYu: oY e U

In Eq. (3),0is the total number of voxels in the head regioms the reference image (FD), adds the
predicted FD image. In Eqg. (8) ® o indicates the maximum intensity valued®br &, whereasMSEis the
mean squared errof. anda in Eq. (5) denote the mean value of the ima@emd®, respectively,,
indicates the covariance pf and, , which in turn represent the variancesidnd®images, respectively. The
constant parametecs ando (@ T8t @0 @ T8T ¢ wereused to avoid a division by very small numbers.

Regionbased analysis was also performed to assess the agreement of the tracer uptakechathitfeatures between
predicted and grountfuth images. Using the PMOD medical image analysis software (PMOD Technologies LLC,

Switzerland) and the Hammers N30R83 brain atlas, 83 brain regions were delineated on thérggtodid PET images.
Then the delingad volumes regions were mapped to LD, PIS and PSS PET
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Table 3.Comparison of the results obtained from analysis of image quality in LD PET images and predicted images in image
(PIS) and sinogram (PSS) space for the validation dataset. SSIM: structural similarity index metrics, PSNR: peak signal to
noise ratio, RMSEroot mean squared error.

Validation dataset SSIM PSNR RMSE
PIS 0.97+0.02 34.60+1.08 0.18+0.02
PSS 0.98+0.01 38.25+0.66 0.15+0.03
LD 0.84+0.04 29.00+£0.92 0.40+0.03
P-value (PIS vs. PSS) 0.022 0.019 0.016
P-value (PIS vs. LD) 0.037 0.021 0.036
P-value (PSS vs. LD) 0.042 0.025 0.030
Test dataset SSIM PSNR RMSE
PIS 0.96+0.03 31.70+0.75 0.18+0.04
PSS 0.97+0.02 37.30+0.71 0.17+0.01
LD 0.82+0.15 29.92+0.71 0.41+0.04
P-value (PIS vs. PSS) 0.031 0.024 0.018
P-value (PIS vs. LD) 0.040 0.036 0.041
P-value (PSS vs. LD) 0.041 0.031 0.031

images to quantify 28 radiometric featutesing the LIFEx analysis tof85]. Moreover the regioawise standardized

uptake value (SUWias and standard deviation (STD) were calculated for the 83 brain regions on the predicted as well as

LD PET images with the FD PET images serving as referénj@int histogram analysis was also carried out to depict

the voxelwise correlation of the activity concentration between PIS and PSS and reference FD PET images.
Overall, 28 radiomic features were extracted for each brain regions including seven conventional indices, five

first-order features, seven Grégvel Zone Length Matrix (GLZLM), six Grelevel Run Length Matrix

(GLRLM) and three Grey Level Goccurrence Mtix (GLCM) features. The list of these radiomic features is

shown in Table 2. The relative error (RE%) was also calculated for the radiomic features using Eq. 6.

YO B pmmh (0]

In Eqg. (6) ,"Qdenotes the value of a specific radiomic feature calculated in a brain r@gierMedCalc
software[36] was employed for the calculation of the pairwigedt for statistical analysis of RMSE, SSIM and
PSNR between LD, PSS, PIS and reference FD PET images. The significance level wasalketeat 0.05 for
all comparisons.

[l Results
The predicted images in both image and projection space exhibited notable enhancement in image quality
compared to LD images, providing almost similar appearance with respect to reference FD PET images. Figure 2
displays representative transverse, corandlsagittal views showing reference FD, LD, PIS and PSS PET images
along with their corresponding bias maps. The visual inspection revealed that the images derived from training in
the sinogram space better reflected the underlying FDG uptake patterasadachy than those obtained from
implementation in image space. The image quality scores assigned by the two physicians to FD, LD, PIS, PSS
images are shown in Figure 3. The mean scores for each group are indicated at the top of each bar. The PIS images
were scored as poor (score = 2) or better. The FD and PSS images exhibited comparable quality with score of 4.9
and 4.55 (good) or higher, respectively.
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Figure 3. Result of image quality assessment by the two nuoiedicine specialists for LD, PIS, PSS, and FD PET images.
Mean scores are presented on the top of the bar plots. 1 = uninterpretable, 2 = poor, 3 = adequate, 4 = good, 5 = excellent.

Table 3 summarizes the PSNR, SSIM and RMSE calculated separately on the validation and test dataset for
PIS, PSS and LD PET images. Overall, the predicted images in the profgution showed improved image
quality and better noise properties and highearditative accuracy (Table 4) with statistically significant
differences with respect to the implementation in imsgace

Table 4. Average and absolute average SUV bias + STD calculated across the 83 brain regions for LD, PIS, and PSS PET

images.

Average SUV bias (%)

Absolute average SUV bias (%)

PSS PIS LD
0.24+0.96 1.05+1.44 0.10+1.47
0.69+0.70 1.35+1.15 1.12+0.93

Figure 4 illustrates linear regression plots depicting the correlation between tracer uptake for,ldndPIS
PSS with respect to FD. The scatter and linear regression plots shbvgber correlation between PSS and FD
(R>= 0.99, RMSE = 0.28) compared to PIS €R0.98, RMSE = 0.33). A relatively higher RMSE (0.42) was
obtained for LD PET images.

« 8
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Figure 4. Joint histogram analysis of the LD PET images (left), predicted FD images in sinogram space (middle) and image
space (right) versus FD PHages.
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Figure 5. Bland & Altmanplots of SUV differences in the 83 brain regions calculated for LD (left), PIS (middle) and PSS
(right) PET images with respect to the reference FD PET images in the test dataset. The solid blue and dashed lirees denote th

mean and 95% confidence interg@ll) of the SUV differences, respectively

were observed for PSS images (figure 5). Though the SUV bias is extremely low for LD images, increased
variance compared with FD images was observed (95%9,312), reflecting their poor image quality.

Figure 6 depicts the regiemise quantitative accuracy of the tracer uptake for LD, PSS and PIS images. The
standard deviatioof tracer uptake in all brain regionSUV bias and its standard deviation within each brain
region were calculated using Hammersdé N3OR83 brain
the SUV bias was below 4% for PSS, PIS and LD images with LD exhibiting a relatively Highd®npared to
PIS and PSS. The PSS approach led to the lowest absolute average SUVEBiasqQQ@%) across all brain
regions, while PIS and LD resulted in absolute average SUV bias of 1.35 + 1.15% and 1.12 + 0.93%, respectively
(Table 4). Even though a very low SUV bias was observed in LD images, a remarkably increased STD was seen,
reflecting the high noise level in LD images. Symmetrical left and right sides of the brain regions were merged
reporting a single value to reduce the number of regions. Hence, the 83 brain regions were reduced to 44 in figure
6. The higher standard deviation of 8llias was observed in LD images, reflecting the noisy nature of low count
images. Lower standard deviations were observed in PSS compared to PIS.

Figures 7 and 8 show the relative error (%) of 28 radiomic features calculated on PSS and PIS images across the 83 brain
regions for the 20 subjects in the test dataset. The mean 88\4feancalculated across all brain regions Wa24 + 0.96%

and 1.05 £ 1.44% for PSS and PIS, respectivEhe largest SUMeanbias between PSS and PIS images with
respect to reference FD images were observed in the brainstem (4.04%gltaspm (3.8%), pallidum (3.08%),

caudate nucleus (1.6%) and superior frontal gyrus (3.38%).nad a mean RE of 1.18 + 1.5% and 0.81 +
0.51% for PIS and PSS, respectively. The mean RE of the homogeneity radiomic feature belonging to GLCM
category wasl1.07 £ 1.77%, 0.28 £ 1.4% for PIS and PSS, respectively. Only 12 and 5 regions had a RE greater
than 2% for PIS and PSS, respectively. Thedte frontal gyrus, medial orbital gyrusndposterior orbital gyrus
displayed substantial variances for dissimilarity radiomic feature of both PIS and PSS (3.68% vs: U 8%%,

vs. 2.91% and1.7% vs. 2.9%).
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Figure 6. Plots of SUV standard deviation in the different brain regitefs panel), neanSUV bias (%)middle panel) and
its standard deviatiofright panel) for LD, PIS, and PSS PET images. The left and right regions were merged, thus reducing
the number of brain regions to 44.
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Figure 7.Heat map of the relative error of 28 radiomics features calculated across 83 brain regions for PIS PET images with
respect to reference FD PET images.

V. Discussion
Table 5 summarizes the study design and outcomes of previous works reporting on the prediction of FD PET images from LD

images based using deep learning approdadhe®1]. In this work, we aimed to generate diagnostic quality FDG brain

PET images from LD PET data in the image or projection domains corresponding to only just 5% of injected
activity compared to the regular FD scan. The training of the neural network wasmeetfesing a scalled 2.5

D scheme, considering a batch of image slices as input, since there is a dependence of tracer distribution along
the zaxis. Hence, by including the neighbouring slices, the model would be able to capture the underlying
morpholaic information. In contrast to previous studies, we aimed to train the network in projection and image
domains to evaluate the performance of both approaches for estimation of FD PET images. It was shown that the
synthesized FD images predicted from LBogjrams had a superior image quality and lower regional SUV bias

and variance compared with both LD and FD images predicted in ispsge.
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