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Summary 

 
Achieving excellent image quality and quantitative accuracy using current generation Positron Emission 

Tomography (PET) scanners is mandatory for accurate clinical diagnosis 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 locate potential 

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, which in turn leads to incorrect diagnosis or ineffective treatment plans. This can 

ultimately compromise patient outcomes. To ensure high-quality images, PET scanners must have a high 

spatial resolution and sensitivity. Spatial resolution refers to the ability of the 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 and physiological functions, which can be indicative of early-stage 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 affects the 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 hardware (instrumentation) and software (imaging methodology) 

enhancements. 

A more convenient PET scanning protocol can result in shorter, cost-effective procedures, addressing the 

peculiarities of elderly and pediatric patients. A safer PET scan utilizes a lower injected activity of radiotracer, 

which is particularly beneficial when scanning patients multiple times to monitor treatment response. Finally, 

a high performance PET scanner can generate high-resolution, sensitive images that can detect small changes 

in the body's metabolism and physiology, indicating early-stage diseases. 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 new PET geometry configurations and detector designs. At 

the hardware and software intersection part, we explore novel methods to improve hardware performance, 

such as deep learning (DL)-based event positioning within detectors or leveraging DL to implement time-of-

flight (TOF) capability on non-TOF 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 quantitative image reconstruction through CT/MR-less partial volume 

correction (PVC) and attenuation correction (AC). 

Initially, a comprehensive review of PET scanners developed in academic and corporate settings, including 

organ-specific dedicated designs with irregular geometries, was conducted. Subsequently, we examined 

potential hardware enhancements in PET detectors and scanner geometrical configurations driven by gaps 

identified in previous research. To this end, we designed and simulated various non-conventional geometries 

and conceptual designs of PET scanners, including a novel model featuring both thick and thin monolithic 

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 as Active-PET, 

consists of an evolving PET scanner equipped with two high-resolution and high-sensitivity detector modules 

and mechanical arm mechanisms that enable versatile detector repositioning, making it suitable for various 

imaging applications, including but not limited to brain, axilla, breast, prostate, whole-body, preclinical, and 

pediatric imaging, as well as cell tracking and image-guided therapy. In addition, to improving the 

performance of PET detectors, we proposed utilizing a horizontal Polaroid sheet between the scintillator and 

photodetector 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 developed a DL model 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 scanner without TOF capability to generate images with TOF information in both the image 

and projection domains. This was demonstrated to play a crucial role in the enhancing PETôs spatial 

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 and whole-body static and 

dynamic PET scans. Our results showed that DL-guided methods significantly improved the quality of brain 

PET images, requiring only 5% of the standard injected activity, 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 1/8th of standard acquisition time can be used to generate pseudo standard 

dose/standard acquisition time images, with similar quality and performance in terms of lesion detectability, 

qualitative scores, and quantification bias and variance. Furthermore, we generated standard-dose brain PET 

TOF bins sinogram from their corresponding low-dose 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 initial 13-time frames of clinical dynamic 18F-DOPA brain PET images 

acquired over a period of 90 minutes (26-time 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 non-attenuated 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 robust and generalizable. Finally, we demonstrated that DL 

models can correct partial volume effect directly from PET images without using anatomic information (MRI) 

and generate full-dose PVC images from low-dose non-PVC PET images,
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Résumé 

 

L'obtention d'une excellente qualité d'image et d'une bonne précision quantitative à l'aide des scanners de 

tomographie par émission de positons (TEP) de la génération actuelle est indispensable au diagnostic clinique 

précis et au suivi de diverses affections. La TEP utilise des traceurs radioactifs ou des sondes d'imagerie 

moléculaire pour produire des images représentant la physiologie des organes et tissus internes du corps, 

permettant ainsi aux médecins d'identifier et de localiser les maladies potentielles et les voies moléculaires. La 

qualité des images produites par les scanners TEP est essentielle car elle a un impact direct sur la précision du 

diagnostic clinique et des stratégies thérapeutiques. Une mauvaise qualité d'image peut entraîner des faux 

positifs ou faux négatifs, ce qui conduit à un diagnostic erroné ou à des plans de traitement inefficaces. En fin 

de compte, cela peut compromettre prise en charge des patients. Pour garantir des images de qualité 

diagnostique, les scanners TEP doivent avoir une résolution spatiale et une sensibilité élevées. La résolution 

spatiale fait référence à la capacité du scanner à distinguer deux objets situés à proximité l'un de l'autre, tandis 

que la sensibilité fait référence à sa capacité à détecter de petites quantités de traceur radioactif. Les scanners 

TEP dotés d'une qualité d'image élevée peuvent détecter les moindres changements dans le métabolisme et les 

fonctions physiologiques de l'organisme, qui peuvent être révélateurs d'une maladie à un stade précoce. Cette 

détection précoce peut conduire à une intervention plus rapide et à des résultats thérapeutiques plus probants. 

En résumé, la qualité de l'image est d'une importance capitale en imagerie TEP, car elle affecte directement la 

précision du diagnostic et les résultats du traitement. 

Cette thèse et l'ensemble des travaux publiés ici visent à présenter diverses approches et stratégies conçues 

pour améliorer les procédures d'imagerie TEP en termes de commodité, de sécurité et de précision. Ces 

améliorations sont obtenues grâce à des améliorations matérielles (instrumentation) et logicielles (méthodologie 

d'imagerie). 

Un protocole d'examen TEP plus pratique peut se traduire par des procédures plus courtes et plus rentables, 

répondant aux particularités des patients âgés et pédiatriques. Un examen TEP plus sûr utilise une activité 

injectée de radiotraceur plus faible, ce qui est particulièrement avantageux lorsque les patients sont examinés 

plusieurs fois pour surveiller la réponse au traitement. Enfin, un scanner TEP très performant peut générer des 

images sensibles à haute résolution qui permettent de détecter de petits changements dans le métabolisme et la 

physiologie de l'organisme, indiquant des maladies à un stade précoce. Une détection précoce peut conduire à 

une intervention plus rapide et à des résultats thérapeutiques plus favorables. 

Cette thèse se compose de trois parties différentes, chacune abordant des questions de recherche ouvertes et 

permettant d'améliorer la qualité de l'image TEP et la précision quantitative. Dans la partie consacrée à 

l'instrumentation TEP, nous présentons de nouveaux concepts pour l'amélioration du matériel, y compris de 

nouvelles configurations géométriques TEP et de nouveaux modèles de détecteurs. À l'intersection du matériel 

et du logiciel, nous explorons de nouvelles méthodes pour améliorer les performances du matériel, telles que le 

positionnement des événements dans les détecteurs basé sur l'apprentissage profond ou l'utilisation de 

l'apprentissage profond pour mettre en îuvre la capacit® de temps de vol (TOF) sur les dispositifs TEP non 

TOF. Enfin, dans la dernière partie consacrée à la méthodologie d'imagerie, nous présentons des 

développements algorithmiques visant à améliorer la qualité des images TEP et la précision quantitative en 

réduisant le temps de balayage et/ou l'exposition aux rayonnements, ainsi que la reconstruction quantitative des 

images grâce à la correction du volume partiel (PVC) et à la correction de l'atténuation (AC) sans avoir recours 

à la tomodensitométrie ni ̈  lôimagerie par résonance magnétique. 

Dans un premier temps, nous avons procédé à un examen complet des scanners TEP mis au point dans les 

milieux académiques et industriels, y compris des modèles dédiés à des organes spécifiques et présentant des 

géométries irrégulières. Ensuite, nous avons examiné les améliorations matérielles possibles des détecteurs TEP 

et des configurations géométriques des scanners en fonction des lacunes identifiées dans les recherches 

antérieures. À cette fin, nous avons conçu et simulé diverses géométries non conventionnelles et conceptions 

de scanners TEP, y compris un nouveau modèle comportant des cristaux de scintillation monolithiques épais et 

minces, les cristaux les plus minces visant à améliorer la résolution spatiale, tandis que les plus épais sont 

destinés à améliorer l'efficacité de la détection. Un autre modèle que nous avons évalué, appelé Active-PET, 

consiste en un scanner TEP évolutif équipé de deux modules de détection haute résolution et haute sensibilité 

et de mécanismes de bras mécaniques qui permettent un repositionnement polyvalent du détecteur, ce qui le 

rend adapté à diverses applications d'imagerie, y compris, mais sans s'y limiter, l'imagerie cérébrale, du sein, de 

la prostate, du corps entier, préclinique et pédiatrique, ainsi que le suivi des cellules et la thérapie guidée par 
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l'imagerie. En outre, pour améliorer les performances des détecteurs TEP, nous avons proposé d'utiliser une 

feuille polaroïd horizontale entre le scintillateur et le photodétecteur pour empêcher les photons de scintillation 

réfléchis d'atteindre les photodétecteurs, en tenant compte de l'état de polarisation. 

Afin d'améliorer les aspects matériels et logiciels de l'imagerie TEP, nous avons développé un modèle 

d'apprentissage profond (DL) capable d'estimer avec précision la position 3D des événements dans un cristal 

monolithique, ce qui a permis d'améliorer considérablement la résolution spatiale de la TEP. Dans un autre 

projet, nous avons ajouté artificiellement une capacité TOF aux images produites par un scanner sans capacité 

TOF afin de générer des images avec des informations TOF dans les domaines de l'image et de la projection. Il 

a été démontré que cela jouait un rôle crucial dans l'amélioration de la résolution spatiale de la TEP. 

La suite de notre étude s'est concentrée sur le développement de méthodologies visant à réduire l'activité 

injectée du radiotraceur, le temps de balayage et à améliorer la qualité de l'image. À cette fin, nous avons étudié 

les performances des modèles assistés 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 méthodes 

guidées par DL améliorent de manière significative la qualité des images TEP cérébrales, ne nécessitant que 5 

% de l'activité standard injectée, ce qui permet d'obtenir des images de qualité diagnostique similaires à celles 

générées en clinique avec l'injection d'activités standard. En outre, nous avons démontré que les scanners TEP 

rapides du corps entier avec seulement 1/8e du temps d'acquisition standard peuvent être utilisés pour générer 

des images pseudo-dose standard/temps d'acquisition standard, avec une qualité et des performances similaires 

en termes de détectabilité des lésions, de scores qualitatifs, de biais de quantification et de variance. En outre, 

nous avons généré des sinogrammes de bins TOF de TEP cérébrale à dose standard à partir des sinogrammes 

de bins TOF correspondants à une faible dose et nous avons démontré que les modèles DL fonctionnent mieux 

dans l'espace de projection que dans l'espace d'image. Nous avons également entraîné un réseau neuronal 

récurrent à générer des trames temporelles tardives à partir des 13 trames temporelles initiales d'images TEP 

cérébrales dynamiques au 18F-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 modèle de correction directe de l'atténuation pour générer des images 

TEP cérébrales corrigées de l'atténuation à partir d'images non corrigées de l'atténuation et nous avons proposé 

une méthode d'augmentation analytique, appelée mélange Laplacien, pour augmenter artificiellement la taille 

de l'ensemble de données en combinant des images cérébrales de différents individus de manière réaliste, ce qui 

rend notre modèle DL plus robuste et plus généralisable. Enfin, nous avons démontré que les modèles DL 

peuvent corriger l'effet de volume partiel directement à partir des images PET sans utiliser d'informations 

anatomiques (IRM) et générer des images PVC à pleine dose à partir d'images PET non-PVC à faible dose. 

.
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I.  Motivation and background 

PET is a molecular imaging technique enabling the visualization and quantification of metabolic and biochemical 

processes in vivo. It relies on the detection of pairs of annihilation photons emitted indirectly by a positron-

emitting radionuclide, also known as a radiotracer, that is typically injected intravenously as a biologically active 

molecule, such as the equivalent of sugar used for 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 components in the picomolar range (as few as 106 to 107 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 activity of cancer 

cells, which typically have a higher uptake of glucose compared to normal cells. This allows the detection of 

small, early-stage tumors and the evaluation of treatment response. PET imaging is also used in the diagnosis and 

management of neurological disorders, 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 the diagnosis 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 is used to investigate 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 first dual-head PET scanner at Massachusetts General 

Hospital with two detectors and less than 3 cm axial field-of-view (FOV) to recent total-body PET developed at 

the University of California Davis with 564,480 detectors and close to 194 cm axial FOV, PET 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 availability. Overall, 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 and small lesions 

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 safer PET scan provides high-quality 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 follow-up and monitoring of treatment response. Finally, PET 

scannersô availability is another important factor that needs to be considered in PET scannersô design and 

fabrication. According to a report published by the International Atomic Energy Agency (IAEA), among 212 

countries, only 109 have access to PET technology. For low-income countries, for every 1 million people there 

are 0.004 PET scanners while for high-income countries the corresponding value is 3.522 [1]. These statistics 

reveal the need for low-cost 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 modules [2]. A high-resolution and high-sensitive 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 materials, detector configurations, photodetection technologies, and in 

positioning algorithms pushed the performance of PET scanners forward. 

Introducing time-of-flight (TOF) technology on commercial systems in the early 2000 was another important 

hardware development that enhanced PET performance. TOF technology measures the difference in arrival times 

of the two photons produced by the annihilation of a positron with an electron, thus allowing for more accurate 

localization of the positron-emitting source. This can improve spatial resolution and signal-to-noise ratio, thus 

resulting in better image quality. A study by Karp et al. demonstrated the benefits of TOF PET for the detection 

of small lesions, with improved contrast and lesion-to-background ratios compared to non-TOF PET [3]. 

In addition to hardware improvements, there have been significant advancements in computational techniques 

and algorithmic developments for image reconstruction and image quality enhancement [4]. These algorithms 

improve image quality, reduce noise, and enhance the visualization of specific structures or processes within the 

body. 



3 

 
 

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 potentially improve the availability of PET in resource-limited 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 accessibility, and have contributed to the growing importance of PET imaging in 

clinical practice and research. 

II.  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 optimizing hardware design of PET detectors and scanners. In the second part, software 

developments to boost the hardwareôs performance are introduced. Lastly, in the third part, deep learning-based 

methods to enhance PET scanning methodologies to render them more reliable, safer, and convenient will be 

discussed. Figure 1 depicts the skeleton of this thesis. 

 

 
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 main areas, optimization and improvement of the scannerôs 

geometry and detector performance. A number of hardware-related parameters can improve PET scannerôs 

sensitivity. These include: 

1. Increasing scanner spatial coverage using longer axial FOV and smaller gantry diameter on cylindrical 

geometries, larger panels in dual-panel scanners, and reducing the gaps between the modules. 

2. Using crystals with higher stopping power or larger thickness. 

3. Using monolithic scintillators or pixelated crystals with less dead zone. 

4. Using fast detectors with short dead time. 

5. Using scintillator with fast decay time and high light yield. 

 

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

1.  Increasing scanner spatial coverage. 

2.  Decreasing the detector crystal thickness. 

3.  Extracting depth of interaction information by dual-end detectors or monolithic crystals. 

4.  Using detectors with fast rise time and short decay time to achieve high coincidence time resolution [5]. 

5. Using positron-emitting radiotracers with a smaller positron range or minimizing the positron range by 

applying magnetic fields on high-field PET/MRI systems. 

6.  Using a detector with efficient reflectors and scintillatorïphotodetector coupling medium. 

Strategies for improvement of 
PET imaging methodology

Hardware improvements Hardware/Software IntersectionSoftware Improvements

PET Geometry Optimization
(Chapters 1-3)

PET Detector Optimization
(Chapter 4)

improvement of Event Positioning 
(Chapter 5)

Time-of-Flight Enhancement
(Chapter 6)

Scanning Time Reduction 
(Chapters 7-10)

Partial Volume Correction
(Chapters 12-13)

Attenuation Correction
(chapter 11)
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Several studies reported on novel PET geometrical configurations of PET detectors, such as a semi-spherical 

PET scanner (Helmet PET) for brain imaging [6], stadium shape geometry for breast imaging [7, 8], planar and 

oval shape configurations for prostate imaging [9, 10], and D-shape geometry for cardiac PET [11]. Novel 

conceptual designs for whole-body 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 for online monitoring of radiation therapy. One of the top-notch PET scanners is the 

Explorer with an axial FOV of around 194 cm capable of total-body scanning in 30 seconds. Significant research 

and development efforts focused on improving detectors performance using 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 reflected optical photons inside 

monolithic crystals using phoswich detectors [12, 13] equipped with pulse-shape discrimination schemes [14], 

multiple-layered detectors with independent readout of each layer [15], dual-ended readout techniques [16, 17], 

light sharing detectors using a particular arrangement of crystals and reflectors [18-20], detectors with phosphor-

coated crystals [21], using laser to make optical barrier reflectors inside a monolithic crystal to fabricate semi-

pixelated detectors [22, 23], and monolithic crystals coupled with a retroreflector layer [24]. 

 

Part 2: Enhancing the hardware performance using deep learning-based 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 access to high-tech hardware but not the proper software 

and vice versa. For instance, many of the 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 model-based statistical reconstruction which leads to better 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 developments is an often desirable. Recently, a number of studies 

reported on the development of software-based solutions to enhancing PET hardware performance. For example, 

several groups attempted to estimate the 3D position of the annihilation interaction inside the crystal using a deep 

learning model [25]. More accurate estimation of event positioning can lead to more accurate TOF resolution, 

DOI 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 information [26, 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. 

Using artificial intelligence (AI ) 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 the TOI [28, 29]. 

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 pixelated crystals 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 another potential application of AI without the use of 

CT images [30].  

 

Part 3: AI -based algorithmic developments  

One well-established application of AI is image quality enhancement, which has experienced significant growth 

over the past decade in the realm of medical imaging. Numerous AI-based solutions have been proposed for 

denoising [31, 32], attenuation correction [33, 34], scatter correction[35], partial volume correction (PVC) [36-

38], and artifact reduction [39, 40]. For some of these AI applications, there are logical justifications for using AI 

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, the acquired images can yield comparable diagnosis and 

quantitative metrics [41]. This suggests that even with reduced injected activities or expedited scanning, the 

essential information remains present, albeit with a more challenging interpretation than standard-dose images. In 

longitudinal studies and for the pediatric population, there 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. 
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Elevated noise and diminished signal (less activity) results in the degradation of the signal-to-noise ratio (SNR), 

lesion detectability, and quantification error, ultimately leading to inaccurate diagnosis or disease staging. 

Moreover, high noise levels impede PET images from being reconstructed to achieve optimal image quality, 

frequently necessitating post-reconstruction smoothing to diminish the noise. Consequently, reducing image noise 

enables PET images to be reconstructed at a higher spatial resolution, significantly 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 number of investigations 

reported a reduction in the injected activity by up to 99.5%, using anatomical MR images as prior to reconstruct 

standard-dose images [42]. These studies revealed that the generated images have acceptable quality, leading to 

elevated sensitivity and specificity for clinical diagnosis compared to standard-dose images. Some studies 

suggested using projection space rather than image space when training AI models for both denoising and 

attenuation correction [31, 43]. This approach grants the users increased flexibility in selecting the preferred 

reconstruction algorithm and preprocessing techniques. 

Another application of AI that is attracting attention is CT-less attenuation correction [43, 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, CT-based 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 the direct conversion of an MR image into an attenuation map less 

straightforward. To address this issue, a variety of methodologies (AI-based or analytical) have been proposed. 

This includes the generation of pseudo-CT images from MR images based on T1-weighted, 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, these methods learn a mapping between non-attenuation-corrected PET image and its 

corresponding attenuation-corrected image, with this mapping acquired from a substantial dataset of paired 

attenuation-corrected and non-attenuation 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 suboptimal 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 by the surrounding tissues and organs. 

Furthermore, the physical dimensions and contrast of the volume of interest (VOI) relative to adjacent regions 

additionally affects the PVE [46]. 

It is crucial to correct for PVE to ensure reliable quantitative measurements of physiological parameters and 

image-derived metrics, such as the standardized uptake value (SUV) or tumor-to-background ratio (TBR). This 

is particularly pertinent in instances where the pathology itself influences the volume of the target regions, as is 

often the case in neurodegenerative diseases associated with atrophy. PVC techniques have been demonstrated to 

enhance the accuracy of diagnostic tests and SUV quantification, tracer uptake 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, neuroreceptor binding, 

and tumor metabolism [47]. 

Various PVC methods have been developed and implemented with varying degrees of success [48]. PVC 

techniques have been found to improve statistical power in cross-sectional and longitudinal analyses of 

quantitative amyloid imaging, thus eliminating confounding results in studies of aging and brain atrophy effects 

and enhancing clinical classification 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 state-of-the-art developments of dedicated PET scanners with irregular geometries and 

the potential of different aspects of multifunctional PET imaging. First, we discuss advances in non-conventional 

PET detector geometries. Then, we present innovative designs of organ-specific dedicated PET 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 as non-cylindrical and partial angular 

coverage geometries 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 without compromising performance. 

 

Key Words: Dedicated PET, Brain-PET, Prostate-PET, Breast-PET, Cardiac-PET 

 

Abbreviations/Glossary list: 

PET: Positron Emission Tomography, AI: Artificial Intelligence, DOI: Depth of Interaction, TOF: Time-of-

Flight, LOR: Line of response, CTR: Coincidence Time Resolution, FWHM: Full width-at-half-maximum, 

LYSO: Lutetium-Yttrium Oxyorthosilicate, GSO: Gadolinium Orthosilicate, GAGG: Gadolinium Aluminium 

Gallium Garnet, LGSO: Lutetium-Gadolinium Oxyorthosilicate, APD: Avalanche photodiode, PSPMT: Position-

Sensitive Photo Multiplayer Tube, SiPM: Silicon Photomultiplier, Multi -Pixel Photon Counter (MPPC). 
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Introduction  

During the past 70 years or so, since the invention of the first positron-emitting imaging device in Massachusetts 

General Hospital, Boston[1], 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 imaging modality 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 on a recent report by the 

International Atomic Energy Agency (IAEA), among 212 countries, only 109 have access to PET technology[2]. 

The number of PET scanners in high-income 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 than 200 additional PET/CT scanners are necessary to address the main common 

types of cancer, including lung, colorectal, lymphoma, head and neck, melanoma, and esophagus[3]. They 

estimated that approximately 229.3M US$ are needed to equip these 96 countries with 16-slice PET/CT scanners. 

These statistics raise a few important questions; should the medical physics community (mainly instrumentation 

research groups) focus on improving PET scannersô performance or their accessibility? Is it really necessary to 

compete toward developing fancy detector modules or complex PET configurations to improve the spatial 

resolution by a few percent or compete on developing methods for reducing fabrication 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 organ-specific PET scanner may be the answer to the above-mentioned questions. Dedicated PET 

scanners optimized for scanning one specific organ offer both high performance and low manufacturing cost in 

comparison with general-purpose high-end whole-body 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 low-income and middle-income countries and small clinics in high-income 

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 whole-body PET scanners in clinical setting. 

Apart from organ-specific dedicated PET scanners, designing irregular whole-body PET scanners is of great 

significance in the field of PET instrumentation. Improving the design of whole-body PET scanners by 

introducing novel detector concepts and geometrical configurations holds a significant level of enthoutiasm in 

applied research. Novel ideas include extendable axial field-of-view[4], adjustable gantry diameter/shape [5], or 

scanners equipped with thick and thin detectors modules[6], or using plastic scintillators[7] and pseudo pixelated 

crystals[6]. Besides the novelties in PET hardware, software advances, specifically involving the use of Artificial 

Intelligence (AI), might play a crucial role in reducing fabrication costs and improving PET performance. A 

number of preliminary studies have shown that AI have the potential to reduce cost and complexity, for instance, 

by removing the time-of-flight (TOF) hardware [8, 9], CT for attenuation correction [10], or even improving the 

resolution of monolithic and pixelated crystals [11]. 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 provide insights on potential future 

developments. 

I.  Advances in non-conventional 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 sensitivity elevates 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 crystals allows 

higher sensitivity at the cost of reduced depth-of-interaction (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 spatial resolution is achievable with smaller crystal cross-sectional 

size, but this will worsen detector sensitivity due to poor scintillation light collection and crystal 

identification. Accordingly, there is an intrinsic trade-off between key characteristics of the PET  
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Figure 1. Overview of dedicated/irregular PET scanner geometries over the last 70 years. Courtesy of various 

sources, Refs. [1, 5, 55, 58, 68, 69, 118-125]. 

 

detectors making technological advancements challenging [12]. 

The solution to this trade-off is substantiated in two key technologies, namely, DOI determination and TOF 

capability[13]. The DOI information minimizes the parallax error and allows providing a more uniform spatial 

resolution. This is gaining importance in organ-specific imagers with small gantries and/or irregular geometries 

[14]. In addition, when using pixelated crystals with small pixel sizes, which is common in organ-specific scanners 

to achieve high spatial resolution, the DOI can slightly mitigate the effect of annihilation photonsô non-collinearity 

on the spatial resolution [15]. Last but not least, DOI might help improving the energy resolution by generating 

specific photopeaks for different depths of annihilation photonsô detection when the crystals have a rough surface 

finish [16]. Furthermore, TOF information has the potential to significantly increase the signal-to-noise 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 150 pico-seconds (ps) 

full width at half maximum (FWHM) are challenging to obtain, the ultimate goal is 10ps CTR FWHM, since 

theoretically, it would directly give access to a reasonably accurate position of the positron annihilation [18]. This 

information enables to alleviate the difficulties associated with image reconstruction. This is particularly 

important in organ-specific PET scanners owing to the multiple challenges introduced by irregular geometries in 

the reconstruction process. A 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 DOI 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 designs by 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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Figure 2. Brain PET images of humans or 3D Hoffman brain phantom acquired by different simulated or physical 

dedicated, conventional, and irregular PET scanners. Courtesy of various sources, Refs.[5, 50, 55, 56, 111, 119, 

125-133]. 

 

the innovation column. Common techniques include phoswich detectors [19, 20] equipped with pulse-shape 

discrimination schemes [21], multiple-layered detectors with independent readout for each layer [22], dual-ended 

readout techniques [23, 24], light sharing detectors using a particular arrangement of crystals and reflectors [13, 

25, 26], detectors with phosphor-coated crystals [27], sub-surface laser-induced optical barriers [28, 29], 

monolithic crystals coupled with a retroreflector layer [30], and finally machine learning approaches [11, 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. In 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 dual-ended readout with a single-ended design. Pizzichemi et al. developed a TOF-DOI 

PET module containing an array of crystals with 4-to-1 crystal-to-SiPM arrangement at one end, and a uniform 

glass light guide on the opposite side to redirect upgoing photons back into neighboring crystals [25]. By 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 9%[26].  

Another series of light-sharing detectors, known as crosshair light-sharing detectors[13, 33], consist of crystal 

pairs partially coupled with optical windows, attached to two different Multi -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 detectors commonly 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 confront this issue by calibrating the detector using 

analytical [34], simulation-based [35], and experimental [36] approaches.  

Various research groups developed semi-monolithic detectors based on different designs. Sabet et al. [29] 

proposed a semi-monolithic detector using laser-induced 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 crystals. Sanaat et al. suggested a novel concept for deflecting the trajectory of optical photons passing 

through a monolithic scintillator[37]. 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 can lead to better 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 detectors [38-40]. The best performance for both event positioning and 

time stamping resolution have been attained by complex algorithms, such as gradient tree boosting [41], maximum 

likelihood [41], nearest neighbors [42], and neural networks [43] applied on monolithic crystals. 



 

Table 1. Summary of the most important/novel developments of detector modules. * represents simulation studies. 

 

 

Name Year DOI  TOF 

(ps) 

Energy 

Resolution 

Scintillator  Crystal 

Type 

Crystal 

Dimension 

(mm3) 

Readout Innovation 

Phoswich PET 

detector[134] 

1999 86% for 

LSO 80% 

for GSO 

84% for 

BGO 

_ 19% for 

LSO 21% 

for GSO 

40% for 

BGO 

LSO 

GSO 

BGO 

pixelated 2 × 2× 4 single-ended 

PSPMT 

Three layer phoswich PET detector modules 

Dual layer modular 

detector[135] 

2003 - - - BGO pixelated 1.98 × 1.98 

Thickness = 6.5 

and 11.5 

PSPMT they pixelate the crystal from cutting a relatively 

large block into a dual-layer pseudo discrete pattern.  

. 

Four layer DOI 

detector[136] 

2004 - - 11.2% - 

13.7% 

Gd2SiO5 pixelated 1.42×1.42× 4.5 

 

PSPMT special reflector arrangement was used for each 

layer to improve DOI. 

Dual-sided readout 

DOI-PET module[137] 

2013 A: 3mm 

B: 5mm 

_ A: 9.8 ± 

0.8% , B: 

11.8 ± 1.3% 

Ce:GAGG pixelated A: 3×3×3 

B: 0.8×0.8×5 

double-sided 

MPPC 

DOI PET detector based on monolithic crystals and 

dual-ended readout. 

Stacked-crystal PET 

detector[138] 

2015 91%-98% 153ps 

199ps 

_ LaBr3  

CeBr3 

pixelated 1 × 1 × 2 

thickness = 12 

and 15 mm 

PMT 

SiPM 

2 layer detectors based on several configurations of 

LaBr3 scintillators, with different Cerium dopant 

concentrations, read by PMTs and SiPMs 

The stacked scintillator structure reveals a specific 

signal for events in each layer, which is utilized to 

assign the DOI.  

DOI PET module with 

dual-ended readout 

and SSLE 

crystals[139] 

2018 A: 3mm 

B: 1.5 mm 

A:783 

ps 

B: 1.14 

ns 

A: 10.1% 

B: 10.8% 

LFS pixelated A: 3 ×3×20  

(7 depth 

segments), 

B: 1.5 × 1.5 × 

20 (13 depth 

segments) 

dual-ended 

MPPC 

DOI detectors with crystal bars segmented using 

sub surfaced laser engraved (SSLE) techniques and 

dual-ended readout scheme. Anger calculation was 

used to obtain a three-dimensional map of position 

of the detectors 

Light sharing DOI -

TOF PET 

detector[140] 

2019 3mm 157ps 9% LYSO:Ce pixelated 1.53 × 1.53 × 

15 

Single-ended 

SiPM 

extracting DOI info with light sharing technique 

between the crystals with recirculation mechanism, 

with a specific focus on timing performance of the 

detectors 

Polaroid-PET* [141] 2020 0.49-1.06 _ _ LYSO Monolithic 50.2×50.2×10 Single-ended 

SiPM 

polaroid inserted between the crystal and SiPM to 

reduce reflection effect 

Prismatoid light guide 

PET[26] 

2020 2.5mm 254 9% LYSO pixelated 1.4×1.4×20 Single-ended 

SiPM 

single ended readout TOF-DOI PET detector with 

light sharing technique using prisms 

DOI PET detector 

based on quadrisected 

crystals[142] 

2020 _ _ 9.10% GAGG pixelated 1.45×1.45×4.5 Single-ended 

MPPC 

light sharing single-end readout DOI with 

quadrisected crystals in 4-layers using Anger 

calculation, responses of all the crystal elements 



 

were distinguished on a 2D positioning histogram 

map 

TOF-PET 

detector[143] 

2021 _ 107 ± 3 

ps 

10.5%  LSO Pixelated 1.9 × 1.9 × 10 Side readout 

SiPM 

TOF PET detector by coupling two crystals with 

different decay times, and reading them in a side 

readout scheme 

Crosshair Light 

Sharing module with 

GFAG crystal[13] 

2021 4.7mm 402ps 14% GFAG pixelated 1.45 ×1.45×20 Single-ended 

MPPC 

light sharing single-end readout DOI PET detector 

with continues layered crystals 

Crosshair Light 

Sharing module with 

LGSO crystal[33] 

2021 4.7mm 293ps 10% LGSO pixelated 1.45×1.45×15 Single-ended 

MPPC 

light Sharing single-end readout DOI PET detector 

with continues layered crystals 

DOI-TOF semi 

monolithic PET 

detector 

2022 2.12mm 209ps 11.30% LYSO Semi 

Monolithic 

3.9 × 32 × 19  Single-ended 

SiPM 

DOI TOF semi monolithic crystals with the goal of 

combining the advantageous of both pixelated and 

monolithic detectors. 

DOI-TOF PET 

detector[31] 

2022 1.2mm 156 ps _ LYSO Monolithic 25 × 25 × 8 SiPMs monolithic PET detectors with DOI and TOF 

information extracted using AI  
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II.  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 therapy [44, 45]. In Table 2-5, 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 geometrical configuration, 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 development from the first dual-head PET 

scanner designed and developed in 1953 to the most technically complex and expensive total-body PET scanner. 

This figure covers a range of different geometrical designs from the dual-panel to dodecahedral geometry and 

moveable gantries 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 were different. 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 RF-penetrable, also generated blurred images, which can 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, follow-up) considering the high throughput of patients in clinical setting. To 

fulfill the clinical requirements, conventional/multi-purpose PET scanners should provide relatively high 

sensitivity, moderate spatial resolution, at reasonable cost, and last but not least accurate/reproducible image 

quantification (since quantitative imaging is crucial in most clinical indications). The compromise/trade-off 

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 functional-structural imaging [46]. 

This trade-off would be highly skewed in dedicated PET scanners since one of these key factors may have central 

importance in organ- and/or application-specific PET scanners [47]. For instance, in dynamic whole-body PET 

imaging, sensitivity is the key factor for low-noise estimation of time-activity curves (or parametric maps). Hence 

the tendency would be toward extended FOV PET scanners (through adding more detector rings) at the cost of 

increased product price [48] or having axial gaps and covering a larger AFOV with the same number of detectors 

as demonstrated on the PennPET Explorer[49]. On the other hand, in brain PET imaging, a higher spatial 

resolution would be appreciated to register underlying signals from fine brain structures and neuro-connections. 

Hence, the tendency is toward exploiting/designing high resolution PET detectors (finely pixelated, thin 

monolithic crystals, DOI capability, advanced electronic read-outs) [50]. 

Organ-specific 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 degrading the spatial resolution uniformity. To alleviate this issue, detectors with 

discrete or continuous DOI capability are frequently considered (see [51, 52] 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 multi-layer LYSO crystal arrangements to improve 

spatial resolution uniformity and count-rate performance of a compact MR-compatible PET insert were reported 

[53]. 

In this review, we attempted to cover all PET scanners belonging to the following categories: 

1. Organ-specific dedicated PET scanners (e.g. brain, breast, prostate, é). 

2. PET scanners with non-cylindrical ñasymmetricalò geometries (e.g. planar, partial-ring, oval shape, 

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.  



 

Table 2. Summary of dedicated/irregular brain PET scanners. SR: Spatial resolution, AFOV: Axial FOV, TFOV: Transaxial FOV. * represents simulation studies. 

 

 

Name Year SR Peak 

NECR 

(kcps) 

Sensitivity AFOV 

(mm) 

TFOV 

(mm) 

Scintillator  Sensor Crystal size 

(mm3) 

Geometry Details 

G-PET[127] 2003 4.2 60 4.79 % 256 300 GSO PMT 4×4×10 Cylindrical _ 

jPET-D4[144] 2006 3.1 82 19.3 

cps/kBq 

312 260 4 layers 

GSO 

PS-

PMT 

2.9×2.9×7.5 Cylindrical four layered DOI detectors 

ECAT 

HRRT[128] 

2007 2.6 45 2.5% 230 320 2 layers 

LSO/ 

LYSO 

PMT 2×2×10 & 10 Cylindrical _ 

HOTPET [117] 

(brain mode) 

2007 2.7 _ 9.20% 210 530 BGO PMT 2.68 × 2.68 × 18 Cylindrical axial and transaxial FOV change mechanically. 

can be transformed from whole-body mode to 

brain/breast mode 

SBPET[145] 2009 2.7 8 1.14% 250 _ Liquid 

Xenon 

_ 32×50×100 Spherical spherical brain PET system with liquid xenon as 

scintillator 

PET-Hat[129] 2011 4 0.82 0.72% 48 180 2 layers 

GSO 

PF-

PMT 

4.9×4.9×7 & 8 Cylindrical moveable ring allowing subject freedom of motion 

scanning can be performed in sitting posture 

the subject can move freely during PET data acquisition 

Brain 

Insert[146] 

2012 1.8 30.7 7.2% 191 320 LSO APD 2.5×2.5×20 Cylindrical insert inside the MRI 

GAPD-

PET[147] 

2013 3.1 43.3 0.80% 60 390 LYSO GAPD 3×3×20 Cylindrical _ 

Rainbow 

VHD[148] 

2013 1.4 _ _ 119 300 LYSO:Ce PMT 2.88×2.88×18 Cylindrical _ 

NeuroPET[59] 2016 3.2 22.7 11.6 

cps/kBq 

220 250 LYSO:Ce SiPM 2.3×2.3×10 Cylindrical _ 

HelmetPET[149

] 

2016 2.8  0.70% 48 185 LYSO:Ce MPPC 1.5×1.5×10 Cylindrical 3 kg in weight 

 A ring with exterior weight support and an interior 

mechanism that could be fitted to the head 

Neuro-PET[130] 2016 3.1 43.3 0.80% 60  LYSO SiPM 3×3×20 Cylindrical _ 

CerePET/ˊPET[

150] 

2016 2.1  _ 85 220 LYSO PMT 2.0×2.0×13.0 Cylindrical _ 

wearable Brain 

PET 

(BET)*[151] 

2016 1.2 _ _ _ _ LSO _ 1×1×3 Cylindrical  lightweight and low-cost wearable helmet-shaped Brain 

PET. 

 Based on thin-film digital Geiger Avalanche 

Photodiodes 



 

 Subject moves and acts freely and responding to 

environment 

BrainPET-

DOI[131] 

2017 1.8 44.7 21.4 

cps/kBq 

201 330 4 layer 

LYSO 

MPPC 1.2×1.2×3, 4, 5 & 

8 

Cylindrical four layer DOI detector 

MindView[152] 2017 1 _ 2,7% 154 220 LYSO SiPM 50×50×20 Cylindrical PET/MRI Brain PET Insert 

RF-penetrable 

PET insert[132] 

2018 _  1.70% 280 320 LYSO SiPM 3.2×3.2×20 Cylindrical radiofrequency field-penetrable PET insert for 

simultaneous PET/MRI 

dodecahedral 

scanner*[58] 

2018 1.98 _ 6.15% _ _ LYSO _ 2 × 2 × 20 Dodecahedral  

_ 

helmet-chin 

PET[56]. 

2019 3  4% ~253 ~253 4 layers 

GSO Zr-

doped 

PMT 2.8 Ĭ2.8 Ĭ 7.5 Hemispheric Include 3 types on add-on detectors: chin detector, neck 

detector, or ear detectors 

CareMiBrain[12

5] 

2019 2.34 49 11 cps/kBq 154 240 monolithic 

LYSO 

SiPM 50×50×12 Cylindrical monolithic LYSO crystals 

SAVANT[153] 2019 1.3 13 3.50% 235  LYSO:Ce APD 1.12 x 1.12 x 12 Cylindrical The basic detector consists of a dual-layer phoswich 

array made of LGSO and LYSO scintillators 

UHR*[153] 2019 1.3 16.4 3.40% ~235 271 LYSO APD 1.12×1.1 2 ×12 Cylindrical _ 

MINDView[154

] 

2019 1.7 _ 7% 154 240 monolithic 

LYSO 

SiPM 50 mm × 50 mm 

× 20 mm 

Cylindrical hybrid molecular and anatomical imaging devices. 

brain PET insert, within a 3T MRI 

BPET[155] 2020 4 ~2.4 2.9 cps/kBq 128 ~242 LYSO SiPM 4.1 mm x 4.1 mm 

x 10 mm 

Cylindrical _ 

brain PET[156] 2020 ~4 63.1 ~1.5% ~230 ~236 LFS MPPC 4.14 × 4.14 × 10 Hemispheric include a hemispherical part and a neck part 

NeuroEXPLOR

ER[157] 

2021 1.6 _ _ 500 _ LYSO _ _ Cylindrical high sensitivity by increasing the coincidence 

acceptance angle, and high TOF resolution 

good spatial resolution by reduction of detector elements 

size, DOI readout, and corrections for inter-crystal 

scatter. 

continuous motion tracking and correction 

 

TOF brain 

PET[80]  

2022 2.7 38.0 22.4 

cps/(Bq/mL

) 

360 230 lutetium 

fine silicate 

(LFS) 

MPPC 3.14×3.14×20 Cylindrical motion correction using system-based optical motion 

tracking 

 into the brain-dedicated TOF PET scanner 

TOF-DOI 

Prism-PET[82] 

2022 1.53 _ 1.20% 25.5  LYSO SiPM 1.5×1.5×20 Decagon/Oval SiPM pixels on one end and to a prismatoid light guide 

array on the opposite end 

 

SIAT 

bPET[158] 

2022 1.1 _ 14.30% 329 240 LYSO SiPM 1.4 mm×1.4 

mm×20 

Cylindrical dual-modality PET/MRI 

MRI compatible human brain PET insert  

 

4D-PET[159] 

2022 1.6 _ 16.20% ~200 ~280 semi-

monolithic 

SiPM 20×1.6×25.7 Cylindrical 4D-PET with a detector design based on semi-

monolithic crystal. 

 Includes photon DOI measurement 

 

 

VRAIN[133] 

2022 2.2 144 25 

kcps/MBq 

224 224 lutetium 

fine silicate 

(LFS) 

SiPM 4.1 × 4.1 × 10 Hemispherical includes a hemispherical part, and a half-ring behind the 

neck to cover the whole cerebellum.  



 

The gantry can be tilted so as to align its axis with the 

orbitomeatal line 

TRIMAGE*[16

0] 

2022 1.9 129.9 7.61% 164 260 LYSO:Ce SiPM 3.3 × 3.3 × 8 & 

12 

Cylindrical brain-dedicated PET/MRI/EEG 

BresTomeÊ 

(Dedicated brain 

and breast 

PET)[161] 

2022 2.5 35.2 7.18 

cps/kBq 

162 _ LGSO SiPM 2.1Ĭ 2.1 Ĭ 15 Cylindrical dedicated brain and breast PET system designed to 

switch between head scan and breast mode positions 

HNC PET[162] 2022 _ _ _ _ _ CZT _ 4 × 4 × 0.5 Dual panel two-panel head-and-neck dedicated PET based on CZT 

detectors 

The total system weight is less than 180 kg. 

Voxel Helmet 

Brain PET[162] 

2023 1.02 104.6 8 cps/kBq 154 133 CdTe _ 1×1×2 Cylindrical seamless geometry based on trapezoidal-shaped modules 

 equipped with semiconductor CdTe detectors. 

Active PET 

Brain mode* 

(small gantry)[5] 

2022 2.3 135 15.98 

kcps/MBq 

218 350 LYSO SiPM 2 × 2 × 10 

4 × 4 × 20 

Cylindrical  multifunctional PET scanner consisting of two different 

types of detectors (thick and thin) 

includes mechanical arms for repositioning of the 

detectors to produce various geometries/configurations 

 

 

 

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

 

Name Year SR Peak 

NECR 

(kcps) 

Sensitivity AFOV 

(mm) 

TFOV 

(mm) 

Scintillator  Sensor Crystal size 

(mm3) 

Geometry  Details 

BPET/CT[75] 2022 _ _ _ _ _ LYSO PSPMT 2×2×15 Dual panel PET component of the system consists of a rotating pair of 
96×72 arrays of scintillator elements 

Total-

breastPET*[163] 

2021 _ _ 60.96 

cps/kBq 

_ _ LSO _ 3.2×3.2×20  

 1.6 × 1.6 × 6 

Stadium 

shape ring 

A 'stadium' (a rectangle with two semi-circles on opposite 
sides) shaped ring that includes both breasts, mediastinum 

and axilla 

BPET-DBT[164] 2021 2 _ _ _ _ LYSO _ 1.5x1.5x15 Dual panel TOF capable breast PET scanner integrated with a digital 
breast tomosynthesis unit in a common gantry to provide 

co-registered PET-DBT images 

PEM[165] 2002 4. _ 0.07%(10°) 

1.35%(40°) 

150 200 LGSO PSPMT 3×3×10 Dual panel non-fully tomographic imaging system 

Dual round-edge 

detector[166] 

2021 _ _ _ _ _ GFAG SiPM 1.45×1.45×15 Dual panel dual round-edge detector arrangement, in which the 
detector blocks at both edge positions were tilted toward 

the center of the FOV 

DH-Mammo 

PET[167] 

2022 2.6

0 

162.6 3.37% 120 216 LYSO SiPM 1.89 × 1.89 × 13.

00 

Dual panel simultaneous positron emission tomography-Optical 
(OPET) breast imaging dual-head PET 



 

DP-PET[77] 2021 2.5 _ 3.60% 100 160 LYSO SiPM 15.5 × 2.76×2.76 Dual panel MR-compatible portable PET insert prototype. 
Acquires simultaneous PET/MR imaging 

BiPlanar Breast 

PET[168] 

2020 1.5 319 _ _ _ _ _ _ _ includes two movable paddles that can be placed in 
different  

configurations to allow imaging of the breast and pectoral 
wall 

EstatiraPET[94] 2020 2 21.8 1.42% 50 190 LYSO SiPM 2×2×10 Cylindrical _ 

PEM-

FLEXSoloII[169] 

2009 2.4 _ 18% 164 240 LYSO PMT 2×2×13 Dual panel non-fully tomographic imaging system 

PEMsystem[170] 2010 1.2 42 11.50% 120 200 LYSO PMT 1.5×1.5×10 Dual panel non-fully tomographic imaging system 

C-shaped breast 

PET[171] 

2009 0.7 

1.2 

~180 6.90% 105 216 LGSO PMT 1.44×1.44×4.5 C-shaped "C" shape configuration allows positioning around the 
breast 

effectively increasing both resolution and sensitivity 

PET[172] 2006 1.9 13.5 5% 50 82 LSO PMT+S

iPD,DO

I 

3×3×10 Rectangular four planar detectors covering the breast. 
The rectangular arrangement using thick crystals enhances 

the sensitivity 
 The parallax error is corrected by measuring DOI. 

ClearPEM[173] 2011 1.3 _ 4.30% 145 165 LSO PMT 3×3×20 Dual panel 

geometry 
_ 

Dual panel 

PET/CT[174] 

2009 2.7 19.3 1.46% 119 119 LSO PMT 3×3×20 Dual panel 

geometry 
The PET heads rotate in step and shoot mode. 
 ¢ƘŜ Ǌƻǘŀǘƛƻƴŀƭ ǎǘŜǇǎ ǿŜǊŜ ŀŎǉǳƛǊŜŘ ƻǾŜǊ мул Φ  

BreastPET 

insert[175] 

2009 2 _ _ 18 100 LYSO APD 2.2×2.2×15 Cylindrical  MR-compatible 

Dedicated Breast 

PET [176] 

2014 1.6 373.8 11.20% 155.5 183 LGSO PMT 1.44×1.44×4.5 Cylindrical _ 

DbPET2.1/CT[17

7] 

2015 1.6 _ 0.50% 50 175 LYSO PMT 1.27×1.27×20 Dual curved 

panel 

geometry 

two curved heads in coincidence, spanning exactly 90°. 
Vertical stages are used to position the PET curved head 

close to the chest wall and to cover the breast. 
The whole PET/CT gantry rotates to acquire fully 

tomographic data. 

PEMi[177] 2015 1.5 110 6.88% 128 110 LYSO PMT 1.9×1.9×15 Polygon 

structure 
_ 

MAMMI -

PET[178] 

2016 2 125 2.00% 40 170 LYSO, 

Monolithic 

PMT 40×40×10 Dodecagon 

Shape 
The patient lies down in prone position during the scan. 
This position enables better tumor delineation, 
differentiation, and localization than in supine position, 
A vertical elevator move the entire ring detector in a step 
and shoot mode to increase the axial FOV. 

PET/X[179] 2017 _ _ _ 160 240 LYSO SiPM 2×2×10 _ _ 

PEM/PET/CT[18

0] 

2018 2.2 24.6 1.36% 150 150 LYSO PMT 2×2×15 Dual panel _ 



 

Circular shape 

breast PET[181] 

2018 2.1 26 2% 50 260 LGSO SiPM 1.5 x 1.9 x 15 Cylindrical _ 

PET* (Ring 

mode, 19mm 

crystal 

thickness)[182] 

1997 ~4 _ 4.89 

kCts/Ci 

~200 ~172 NaI(Tl) _ _ Cylindrical the first design is a cylindrical scanner surrounding the 
breast 

 The second design consists of two planar detectors placed 
on opposite sides of the breast. 

HOTPET (In 

breast mode 

configuration)[11

7] 

2007 2.7 _ 9.20% 210 540 BGO PMT 2.68 × 2.68 × 18 Cylindrical axial and transaxial FOV change mechanically. 
Can be transformed from whole-body mode to 

brain/breast mode. 

PEMI[183] 2000 2.8 _ 3% 72 72 BGO PMT 1.9×1.9×6.5 Dual panel _ 

Pisa[184] 2011 _ _ _ 100 100 LYSO PSPMT 1.9×1.9×16 Dual panel _ 

maxPET[185] 2001 4 _ 0.57% 150 150 LSO PSPMT 3×3×20 Dual panel _ 

Stanford Breast 

PET[186] 

2016 0.9 _ _ 100 160 LYSO PSAPD 0.9×0.9×1 Dual panel _ 

Active PET 

breast mode*[5] 

2022 2.9 40 6.82 

kcps/MBq 

218 350 LYSO SiPM 2 × 2 × 10 

4 × 4 × 20 

Oval shape _ 

Radialis[187] 2022 2.3 17.8 3.5% 170 220 LYSO SiPM 2.3 × 2.3 × 13 Dual panel 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. * represents simulation studies. 

 

Name Year SR Peak 

NECR 

(kcps) 

Sensitivity AFOV 

(mm) 

TFOV 

(mm) 

Scintillator  Sensor Crystal size 

(mm3) 

Geometry Details 

Compact PET*[188] 2001 4 _ _ _ _ BGO PMT 4.5 × 4.5 × 30 
Dual curved 

panel 

the lower detector module is fixed below the patient bed. 

The top module is adjustable vertically. 

Planar PET[189] 2004 ~3 _ _ _ _ LGSO PS-PMT 3 × 3 × 10 Dual panel _ 

Dual-Modality 

PET/Ultrasound[68] 
2006 4 _ 

946 

cps/µCi 

(2.6%) 

_ _ BGO PMT 4.4× 4.1 ×30 Dual panel 

includes a pair of curved detector modules 

The two modules form an incomplete elliptical ring 

which reduces the distance between the detectors and 

patient. 

The distance between detector modules and patient is 

adjustable 

Intra-Operative PET 

imaging Probe*[190] 
2007 _ _ _   

LSO & 

BGO 
PMT 

2× 2 ×3 

5× 5 ×30 
Unusual 

 includes a curved detector placed back of the patient and 

a small PET imaging probe. 

 The coincidence events between the curved detector and 

the small imaging probe are collected. 



 

 

 

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

 

Name Year SR Peak 

NECR 

(kcps) 

Sensitivity AFOV 

(mm) 

TFOV 

(mm) 

Scintillator  Sensor Crystal size 

(mm3) 

Geometry Details 

AttriusPET[194] 2010 5.8 _ _ 124 166 BGO PMTs 8.5×9.8×30 cylindrical 
detectors operate in 2D mode 

 Increase sampling using ówobbleô technology 

Cardiac TOF-PET 

System*[195] 
2020 3.82 _ 

3.87 

cps/kBq 
280 280 LYSO _ 50 × 50 ×15  

4 Planar 

detectors 

asymmetric open geometry 

Two detector panels back and front of the chest. 

Two detector panels left and right of the patient. 

Cardiac TOF-PET 

System*[195] 
2020 4.01 _ 

2.17 

cps/kBq 
280 280 LYSO _ 50 × 50 ×15  

Arc and planar 

detectors 

arc of detectors back of the patient. 

Three planar detectors front left and right. 

 The PET imaging probe is equipped with a position 

tracker which leenablest the clinicians to survey 

suspicious regions by moving the probe during the 

imaging process.  

internal PET 

probe*[190] 
2007 1 _ _ _ _ 

LSO & 

BGO 
APD 

1 × 1 × 3 

4.2 × 4.2 ×30 

Cylindrical 

with internal 

probe 

the internal detector probe operates in coincidence with a 

ring of detectors. 

mobile prostate 

PET[191] 
2010 _ _ _ _ _ _ _ _ Dual panel _ 

stereotactic PET[192] 2011 1 _ _ 100  LYSO MPPCs 
1.5×1.5×10 

 4.2 × 4.2 ×30 

Dual panel 

geometry 

with internal 

probe 

includes an endorectal PET probe and two PET panel 

imaging modules 

 provides two instant reconstruction (aluminography) 

and simultaneous stereotactic views of the prostate 

region.  

TOPEM[61] 2013 1.5 _ _ _ _ LYSO SiPM 25×50×13 

Carved 

detector  

with internal 

probe 

an endorectal PET-TOF MRI probe 

EndoTOFPET-US[193] 2015 1 _ _ _ _ LYSO SiPM 0.71×0.71×15 _ 

internal probe can be in coincidence with external plane. 

A multimodal device for Ultrasound Endoscopy and 

PET. 

Using TOF information. 

In endoscopic procedure, the PET detector is mounted on 

the transrectal ultrasound endoscope. 

PROSPET*[113] 2019 _ _ _ _ _ 
monolithic 

LYSO 
SiPM 5 × 50 × 15 Dual panel Open geometries, include TOF 

ProsPET[69] 2020 2 16 1.46% 46 300 
monolithic 

LYSO 
SiPM 50 × 50 × 15 Cylindrical 

the system has two movable parts that open and close 

from left to right. 



 

Compact ellipse 

cardiac TOF 

PET*[196] 

2021 2.4 425 16.60% 210 ~400 LYSO SiPM 4.0×4.0×20 Elliptical 
elliptical geometry with 30 cm and 40 cm short and long 

diameters 

Compact D-shape 

cardiac TOF 

PET*[196] 

2021 2.5 422 14.50% 210 ~400 LYSO SiPM 4.0×4.0×20 D-shape 
D-shape arrangement of detectors,  

flat part is back, curved part is in front 
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III.  Challenges of PET Image Reconstruction 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 normalization factors [54]. Nonetheless, organ-specific 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 achieved by the helmet PET scanner 

with an added row of detectors along the chin [55, 56]. The proposed helmet-chin scanner achieved 40% higher 

peak noise equivalent count rate (NECR) compared to a cylindrical PET scanner with the same number of 

detectors [57]. A similar dodecahedral design benefiting from an almost 4ˊ coverage was suggested by [58]. 

While such designs boost detection efficiency of an organ-dedicated PET scanner, their asymmetrical geometry 

adds complexity to the normalization and correction of PET data.  

Regarding PET data correction, some organ-specific dedicated PET scanners use concurrently acquired 

anatomical images from CT or MRI scanner. For instance, NeuroPET [59] includes a CT scanner. Likewise, MR-

compatible PET inserts [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 estimate motion vectors to correct for patient head 

motion in PET/MR neuroimaging applications [62]. However, the absence of an anatomical imaging modality on 

most organ-dedicated scanners brings new challenges to PET attenuation and scatter correction which might 

consequently compromise PETôs quantitative accuracy. In the case of brain imaging, atlas-based u-maps 

generation was extensively studied [63, 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 scanners [65, 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 on MR-compatible PET inserts [67].  

A prostate PET scanner was designed [68] with the unique feature that it can be tilted to minimize photon 

attenuation effects [69]. Existing CT images from a separate scan can be co-registered 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 data might be missing 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 (DL)-based approaches [70] [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 removed/added detector modules, Flat-Panel, Spherical/Pseudo-spherical and 

Irregular configuration) and target organ. The potential challenges and drawbacks for each configuration as well 

as the strategies for addressing them were listed. Furthermore, the calibration and correction method used in these 

scanners were briefly mentioned. 

 



 

Table 6. Summary of the unique challenges and features of some dedicated/irregular PET scanners from a reconstruction point-of-view. 

 

 

 

Geometry Scanner 

name 

Target 

organ 

Reported potential challenges for 

reconstruction 

Added features to address the challenges Reported data calibration/correction methods 

C
y
li
n

d
ri
c
a

l 

ECAT 

HRRT[197] 

Brain 1. Parallax error 
2. Image artifacts due to 1.7-cm gaps 

between panel detectors 

1. 2-layer DOI detector 

2.Application of 3D iterative reconstruction or an 

initial reconstruction followed by forward 

projecting the image in the gaps into the 

sinograms to create the missing data for 

FOREð2D-OSEM 

- Random correction using delayed coincidence window 

- Attenuation correction using a 137Cs transmission 
point source 

G-PET[127] Brain 1. Conversion of u-values from 662 keV 
(137Cs) to 511 keV 

2. Emission contamination in transmission 
energy window 

1. Approximation by linear scaling 
2. Subtraction of a mock scan without 137Cs 

source from the transmission data or 
contamination estimation from singles rate 

- Normalization 

- Randoms subtraction using a delayed coincidence 

window 

- Attenuation correction based on the singles method 

using a 137Cs transmission point source 

- Scatter correction using a background tail-fitting 
algorithm like or a model-based scatter correction 

jPET-

D4[144, 198] 

 1. Parallax error 
2. Sampling errors due to irregular sampling 

of the DOI detectors 
3. Reconstruction computation cost due to 

4-layer DOI detectors 
4. Dark bands on some regions of images of 

uniform background due to normalization 
mismatch 

1. 4-layer DOI detector 
2. Using a new histogramming method [Hagiwara 

2003] based on detector response functions 
3. Application of DOI compression before 

reconstruction 
4. Not reported 

- Normalization using rotation of 3 68Ge-68Ga line 

sources 

- Random correction using delayed coincidence window 

HOTPET (in 

brain/breast 

mode) [117] 

Brain or 

Breast or 

Axilla  

1. Parallax error 
2. Potential image artifacts due to limited 

spatial sampling 

1. An iterative DOI reduction technique in the 

sinogram domain with model-based PSF using 

Monte Carlo 

2. 30° rotation of gantry in 1°-steps 

- Random, attenuation, geometric and detector pair 

efficiency corrections: methods not reported 

- No scatter correction 

PET-

Hat[129] 

Brain 1. Parallax error 

2. Low image quality of Hofmann brain 
phantom due to the system low 
sensitivity, small axial FOV (44 mm), short 
scintillators depth, low NECR, and use of 
FBP reconstruction 

1. 2-layer DOI detector 

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

- Normalization 

- Random correction using subtraction of delayed 

window 

- Attenuation correction using analytical correction 

- Scatter correction based on single value subtraction  

Rainbow 

VHD[148] 

Brain and 

Head 
1. Motion-induced image blurring 1. Fixed patient table while moving the detector 

ring 

- Attenuation correction using external CT/MR image or 
estimated attenuation based on obtained boundary 
from the PET image 



 

And 

Neck 

A Dedicated 

breast PET 

scanner[176] 

Breast 1. Parallax error 
2. High noise with the enhanced-resolution 

mode reconstruction 

1. 4-layer DOI detector 
2. Propagation of noise from projection data to 

the final image could be controlled by 
adjusting the dynamic relaxation parameter of 
3D list-mode DRAMA  

- Attenuation correction using external CT image 
- Scatter correction using convolution subtraction 

method with kernels obtained by background tail-
fitting 

Helmet_PET

[149] 

 1. Low resolution of patient images due to 

prototype nature of the study 

2. Non ideal normalization method 

3. Need to blur images due to noise 

presence owing to lack of scatter and 

random corrections 

4. Remaining portions of the brain cortex 

out of FOV 

5. Loss of spatial resolution toward the FOV 
edge 

1. Not reported in the study 

2. Sophisticated normalization with modeling of 

detector response in the next generation of 

the scanner 

3. Implementation of basic corrections in the 

next generations 

4. Increasing the scanner diameter in the next 

generations 

5. DOI correction could mitigate it partially if 
implemented 

- Normalization 

- Attenuation correction assuming the whole volume 

inside the imager is water 

- No random and scatter corrections in the study 

Central-

Research-

Laboratory 

Brain PET 

[131] 

Brain 1. Parallax error 
2. Reconstruction computation cost 

1. 4-layer MPPC DOI detectors 
2. Introduction of high-resolution and high-

sensitivity modes using different crystal 
segments 

- Component-based normalization (CBN) 

- Dead-time correction based on an empirical relation 

between the total single count rate and the true 

coincidence count rate 

- Random correction by subtracting delayed 

coincidence events 

- Emission segmented attenuation correction (E-SAC) 

attenuation correction using segmented attenuation 

map generated from emission data 

- Scatter correction using Single-scatter simulation 

NeuroPET/C

T[59] 

Brain 1. Parallax error 1. 2-layer DOI detectors (DOI not applied in the 
study) 

- Normalization 
- Dead-time correction using a paralyzable dead-time 

model at the block level based on block singles rates 
- Randoms correction using subtraction of smoothed 

delayed data 
- Integrated-CT-based attenuation correction using 

bilinear scaling to convert CT images to µ-values 
- Scatter correction using single-scatter simulation 
- Decay correction per-frame 

neuro-

PET[130] 

Brain 1. Parallax error 1. Applying iterative reconstruction using system 
matrix in future works 

 



 

2. Low sensitivity and peak NECR due to 
short axial extent (60 mm) and system 
dead-time 

2. Extending axial FOV, better shielding of out-of-
FOV activity, and optimization of acquisition 
signal processing in future works 

Siemens PET 

Insert for 

MR[146] 

Brain 

(PET 

insert for 

MR) 

1. Additional scatter and attenuation from 
RF coil in the PET FOV 

2. MR-based attenuation correction 

1. Scatter and attenuation correction for RF coil 
2. Pseudo-CT image generation from MR images 

[Hofmann 2008] 

- Normalization using a count rate-dependent method 

- Partial pile-up rejection by the front-end firmware 
- Dead-time correction using a global scaling factor in 

image space 
- MRI-based attenuation correction 
- Scatter correction 

MINDVIEW

[152] 

Brain 

(PET 

insert for 

MR) 

1. Parallax error 1. Monolithic crystal with DOI determination - Random correction 

- No attenuation correction 

- Scatter correction 

RF-

penetrable 

PET[132] 

Brain 

(PET 

insert for 

MR) 

1. Low SNR of images due to low sensitivity 
of 2.8-cm axial FOV 

2. Artifactual hot regions in Hofmann 
phantom image (perhaps) due to using a 
cylindrical source for normalization and 
attenuation correction 

1. Extending axial FOV or improving timing 

resolution to enable TOF acquisition can 

resolve the issue in future 

2. Using an annulus source for normalization and 
scatter correction might mitigate this issue 

- Normalization 

- Random correction by subtracting a delayed window 

- No scatter correction  

CareMiBrain

[125] 

Brain 1. Parallax error 1. High-resolution (1 mm) DOI determination in 
the monolithic crystal 

- Direct normalization method 

- Random correction using the singles rate method 

- Attenuation correction by segmentation of the 

emission image 

- Scatter correction based on the dual-energy window 
method 

BPET[155] Brain Not reported Not reported - Random correction using singles method 

- Attenuation correction using homogeneous u-maps 
estimated from segmentations of the emission data 

HIAS-

29000[80] 

Brain 1. Parallax error 
2. Image degradation from patient motion 
3. 16-mm gap between 2 of the detector 

rings for placement of motion capture 
system 

1. Accepted 

2. Motion capture using an optical tracking 

system and motion correction 

3. Will investigate the gap effect on clinical 
images in their future studies 

- Component-based normalization 

- Random correction by subtracting delayed 

coincidence events 

- Attenuation correction using segmentation of the 

emission image 

- Scatter correction based on a single-scatter simulation 
method 

4D-

PET[159] 

Brain 1. Parallax error 1. 3D photon impact positioning in crystal-slab 
detectors using a neural network 

- Simulation study: no data correction 

Trimage[160

] 

Brain 

(PET/M

R/EEG) 

1. Parallax error 1. 2-layer DOI detector with staggered structure 
for better sampling of FOV 

- Simulation study 



 

- Method for normalization and attenuation 

corrections: not reported 

- Image space modeling of spatial resolution in 
reconstruction 

BresTome[1

61] 

Brain and 

Breast 
1. Parallax error No adverse effect was foreseen for clinical 

images using iterative reconstruction with TOF 
data 

- Random corrections using delayed events 

- Count loss correction 

- Attenuation correction with a modified maximum-

likelihood attenuation correction factor[108] 

- Scatter correction using single-scatter simulation 

C
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a
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w

it
h

 r
e
m

o
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 d
e
te

c
to

r 
m

o
d

u
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ProsPET[69] Prostate 1. Imaging-guided prostate biopsy 
2. Parallax error 
3. Low sensitivity for prostate imaging 
4. High random and scatter contribution 

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. 

- Normalization using data from an annulus phantom 
- Attenuation correction using CT images from a 

separate scanner or segmentation for phantoms 

Intraoperativ

e PET 

probe[190] 

Intra-

operative 
1. Low sensitivity 
2. Flexible position of imaging probe  

1. Probe can get very close to tumor 
2. Use of a position tracking device 

- Simulation study 
- Normalization through solid-angle calculations using 

vector notations 

C-Shaped 

PET[171] 

Breast 1. Parallax error and sensitivity 
2. Image artifacts due to limited angular 

coverage 

1. 4-layer DOI detector 
2. Work ongoing on optimizing a reconstruction 

algorithm 

- Not reported 

Active-

PET[5] 

Multifun

ctional 
1. Mechanical and electrical issues due to 

varying geometry 
2. Varying sensitivity  

1. Use of flat flexible cables, actuators and 

electro-optical fibers. 

2. Sensitivity map for each geometry found 
through GATE 

- Simulation study 
- Normalization: Geometrical components modeled by 

CASToR 

NeuroEXPL

ORER[199] 

Brain 1. Sensitivity 
2. Resolution and resolution uniformity 
3. Low SNR 
4. Head motion 

1. Extended axial FOV brain (~50 cm) PET w/ 
potentially a partial detector ring to 
accommodate shoulders. Sensitivity of > 10-
folder higher than HRRT 

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

3. TOF resolution of < 250 ps 
4. Use of a real-time stereovision system 

- Simulation study 
- Attenuation correction using a clinical CT 

F
la

t-
P

a
n

e
l 

PEM Flex 

Solo II[200] 

Breast 1. Parallax error 
2. Worse cross-plane spatial resolution 

compared to in-plane resolution due to 
limited angular coverage 

1. Limiting LOR angular range to reduce DOI 
effects 

2. Not reported 

- No corrections for randoms and scatters 
- No attenuation correction 

Prostate PET 

w/ 

Transrectal 

tube[191] 

Prostate 3. Low sensitivity due to small probe size 
4. Slow response due to the use of probe 

during surgical operations 

3. External detectors will create images with 

moderate sensitivity 

4. Recon using fast LM-based methods 

- Not reported 



 

TOPEM[61] Prostate 1. Sensitivity 
2. Low SNR 

1. Use of an endorectal probe 
2. Potential addition of more external detector 

panels 

- Simulation study 
 

stereotactic 

PET[192] 

Prostate 1. Parallax 
2. Spatial resolution 

1. DOI (~1 mm FWHM) 
2. Use of an endorectal PET probe and two PET 

panel modules 

- Motion tracking for the probe using a MicroBird EM 
tracking system 

HNC add-on 

PET[201] 

Head and 

neck 
1. Sensitivity 1. Add-on dedicated head and neck scanner to 

complement whole-body PET 
- Simulation study 

BPET-

DBT[164] 

Breast 1. Limited-angle image artifacts 1. TOF-capable detector ς still additional blurring 
along y-axis 

- Not reported in detail ς ongoing 

DP-PET 

(insert for 

MR)[77] 

Breast 1. Worse spatial resolution along the axis 
perpendicular to the detector panels due 
to limited angular coverage 

1. Not reported - Normalization using a plane source 
- Random correction using a delayed window 
- Attenuation correction using segmentation of MRI 

images (3D Dixon in-phase/out-phase imaging 
sequence) 

- Scatter correction based on a single-scatter simulation 
with L1-norm tail fitting 

S
p

h
e
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c
a

l/
P

s
e
u

d
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s
p
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e
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SBPET[145] Brain 1. Sensitivity 1. Spherical design and the use of thick liquid 
scintillators (liquid xenon) 

- Simulation study 

TOF-DOI 

Prism-

PET[82] 

Brain 1. Limited spatial resolution and parallax 
error 

1. DOI-enabled highly pixelated crystals  

Helmet and 

Helmet-

chin,[57] 

Brain 1. Parallax error 
2. Sensitivity 

1. 4-layer DOI detector 
2. A helmet PET with an added series of 7 chin 

detectors 

- Simulation study 
- Attenuation correction using a separate CT is 

suggested (not implemented) 

Polyhedron 

brain 

PET[58, 

202] 

Brain 1. Sensitivity 
2. Retrofitting detectors to spherical 

surfaces 

1. Maximize sensitivity by maximizing covered 
solid angle 

2. Use of a polyhedron 

- Simulation study 

VRAIN[133] Brain 1. Parallax error 

2. Sensitivity 

3. Low SNR 

1. Limiting crystal length to only 10 mm 

2. Hemispherical design w/ one-to-one couple 

LFS scintillators 

3. Avoid compromising TOF by not using DOI 

- Normalization and time calibration using a hollow-
dome phantom 

- Randoms correction using a delayed window method 
- Attenuation correction requires external CT or MR for 

attenuation maps  

Ir
re

g
u

la
r

 Conceptual 

PET for 

prostate[68, 

188] 

Prostate 1. Parallax error 
2. Sensitivity 
3. Random and scatter events 
4. Irregular and incomplete sampling due to 

detector side gaps 

1. Angled detector modules toward the scanner 
center near the prostate; DOI capability 
reported as not necessary 

2. Moving upper detector arc to reach maximum 
sensitivity 

- Simulation study 
- Attenuation correction considering uniform 

attenuating media in the nody 



 

3. Extended interplane septa to reduce randoms 
and scatters 

4. Nearly artifact-free images using iterative 
reconstruction 

PET for 

prostate[68, 

188] 

Prostate 1. Sensitivity 1. Adjustable detectors arranged in an elliptical 
shape 

- Randoms correction using a delayed window method 
- Attenuation estimated for phantom 

LBNL 

PEM[172] 

Breast 1. Parallax error 
2. 64-fold increase in the number of LORs 

makes it inefficient to process the data in 
histogram format 

3. Irregular radial and angular sampling in 
this rectangular geometry 

1. 8-layer DOI detector 
2-3. Development of a list-mode maximum-

likelihood algorithm explicitly modeling the 

DOI and rectangular geometry 

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

EndoTOFPE

T-US[193] 

Prostate 1. Anato-functional imaging of prostate 1. PET head extension attached to an US 
transducer with an external PET detector plate 

 

AGPET[203

] 

Adjustab

le ï 

Multipur

pose 

1. Parallax error due to square-shape gantry 
2. Sensitivity 

1. DOI using DLO geometry and reflector pattern 
2. Adjustable gantry to adapt FOV 

- Simulation study 
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IV.  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 the future of this field of research. We asked experts in the field to give a score 

between 1-10 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 questionnaire was 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 photodetectors 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 that they will replace whole-body PET scanners. 

The results also supported the argument that there is a large space for AI to play role in data acquisition, event 

positioning and quantitative image reconstruction and that future research should focus more on improving the 

coincidence time resolution, depth of interaction and optimal geometrical configurations. 

The major motivation behind the design and manufacturing of organ-specific PET scanners is to reduce the cost 

of end products compared to conventional cylindrical multi-ring PET scanners without scarifying key image 

quality factors relevant in clinical applications.  Yet, the aim of dedicated scanners is not to replace existing 

clinical whole-body PET systems. In this regard, many efforts have been spent towards the design and building 

of compact PET scanners dedicated for specific organs with remarkably decreased manufacturing costs by 

reducing the complexity of PET systems design (e.g. using flat panel detectors), reducing the number of detectors, 

and using cost-effective PET detectors, such as monolithic scintillation crystals [74-76]. 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 

developing/underdeveloped countries [75] [77]. A 2-meter long total-body PET scanner with plastic scintillators, 

referred to as J-PET [7], is one example of attempts to reduce the cost of a total-body PET scanner. Plastic 

scintillators used in J-PET have a density of about 1 g/cm3 (whereas LSO and BGO have a density of 7.1 to 7.4 

g/cm3, respectively) but can provide decent time resolution (about 220 ps CTR) at the cost of reduced sensitivity 

[7, 78]. To reduce fabrication cost, a number of groups considered rearranging and reducing the number of 

detectors while relying on DOI and TOF to compensate for the missing sections (see for instance Ref. [79]). 

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 high-resolution dedicated PET scanners are designed for brain imaging, wherein quantitative and 

high-resolution imaging of brain-specific radiotracers in small structures and neuro connections is highly desirable 

[80] .To this end, high-resolution pixelated detectors improved DOI and TOF capability, whereas high-speed 

electronic read-out technologies are employed on dedicated brain PET scanners [81, 82]. Furthermore, owing to 

the small FOV required in brain PET imaging, high-sensitivity imaging could be easily achieved by covering the 

whole head area, as used on the helmet PET scanner [56]. 

In addition to achieving low-cost (for prevalent PET scans, such as prostate imaging) and high-resolution (for 

dedicated brain studies) PET imaging, the motivation behind designing dedicated PET scanners targets specific 

applications that cannot be accomplished 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 deliver the maximum radiation dose to the target volumes 

and spare healthy/normal tissues [83, 84]. Online (in-beam) PET imaging in heavy ion radiation treatment requires 

an open gantry PET design for direct access of radiation beams to the patients [84]. A two-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 human-scale single-ring 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 heavy-ion therapy[87]. 

In addition, simultaneous imaging of the target areas is crucial to achieve accurate whole-body dynamic and 

parametric PET imaging. This would also obviate the need for blood plasma sampling (input function) provided  
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Figure 3. Outcome 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 imaging [88]. In this regard, extended FOV or total-body PET 

systems gain attention for enabling fully parametric imaging as well as very low-dose or ultra-fast PET scans [49, 

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 required PET 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 extension [90-92]. 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 non-invasive image-guided input function estimation (SynchroPET ArterialPETTM scanner (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. Low-cost, ease of use, and high spatial resolution and 

sensitivity for input function estimation is the incentive 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 applications [93]. However, in some conceptual designs, manufacturing cost 

is ignored and sometimes the improvements brought by complex designs are marginal[94]. A major challenge or 

drawback in most dedicated PET scanners is the lack of transmission scanning and/or structural imaging. Apart 

from the benefits of synergistic anatomical-functional imaging to realize the full potential of quantitative PET 

imaging, anatomical imaging is commonly required [95]. To address this challenge, maximum likelihood activity 

and attenuation (MLAA) algorithms [96], attenuation map generation using background radiation [97], and 

template-based attenuation map estimation approaches were designed [98]. In 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 scanners [99, 100]. 

It should be noted that owing to the astonishing performance of artificial intelligence-based algorithms, in 

particular deep learning methods, novel approaches for performing attenuation and scatter correction (ASC) on 

PET data without using anatomical images have been developed [101-103]. These include ASC in the image 

domain [104], attenuation correction factor estimation in the sinogram domain [104], hybrid MLAA and deep 

learning methods [105], and attenuation map estimation from non-ASC PET images [106]. Moreover, deep 

learning algorithms are employed for accurate event positioning, calibration, post-reconstruction processing, and 

image quality enhancement. These techniques not only boost the overall quantitative accuracy and image quality 

of PET scans, but could also reduce manufacturing costs [9, 107]. A recently developed maximum-likelihood 

attenuation correction factor (MLACF) algorithm was adapted to a dedicated brain TOF PET scanner and 

implemented in the commercialized system[108]. 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 reconstruction-less capability. Nonetheless, more precision in TOF data leads to higher image SNR and better 

mitigation of limited-angle tomography. 

Fortunately, in the presence of TOF, heavily compressed sinograms with axial rebinning and significant azimuthal 

mashing can be used without resolution loss [110]. Nevertheless, list-mode reconstruction remains a top choice 

for many researchers and even on commercial total-body [111, 112] and non-cylindrical PET scanners (e.g., Ref. 

[47]). With list-mode iterative reconstruction, an accurate physics model of the scanner, including the exact 

positioning of each LOR, DOI, shift-varying PSF, and TOF can be incorporated in the system matrix. Image 

artifacts that can be caused by asymmetrical geometries of some organ-specific dedicated PET scanners were 

elegantly discussed in Ref. [113], also highlighting how incorporation of a TOF can minimize such artifacts. 

A new trend in high resolution PET instrumentation includes dedicated specimen systems for intra-operative 

assessment of surgical samples for the assessment of lesions heterogeneity and surgical margins in three 

dimensions [114, 115] and organs-on-chips (OOCs) microdevices mimicking in vivo organs [116], which are 

finding promising applications in disease modeling and drug discovery. These developments are expected to grow 

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

Itôs gratifying to see in perspective all innovative developments in PET instrumentation, from fully 3D imaging 

without septa to TOF, resolution recovery reconstruction, digital SiPM-based photodetectors, and more recently 

long axial field-of-view designs. Advances in PET instrumentation and associated image reconstruction and 

quantification 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 novel scintillators 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 market readiness, service/maintenance cost, patient discomfort, suboptimal 

real-world performance, and difficulties associated with translating developments from academic to corporate 

settings. Total-body PET scanners or scanners with high temporal TOF resolution are usually expensive at the 

present time, which makes them less affordable in the clinic, particularly in low GDP countries[49],107. The 
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extendable FOV PET design concept or compensation of the low TOF resolution through deep learning-based 

image quality enhancement might address this limitation[4] ,[8, 9]. Maintenance cost is another significant hurdle, 

especially for PET scanners with moveable detector configurations. 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 anxiety[5]. Hence, 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 claustrophobia[58]. 

Likewise, scanners with dynamic gantries could potentially cause anxiety when the detectors approach the 

patient[5, 117]. While these issues can be mitigated through the use of virtual reality headsets or anxiety-reducing 

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 designs in real-world 

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 scanners also face significant hurdles. Despite the potential for point-of-care application, the need 

for radiation shielding, stringent regulatory requirements, and the difficulty of miniaturizing the necessary 

technology all contribute to the non-viability of these designs. 
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Abstract 

Introduction : 

We propose a small-animal 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 small-animal 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 the second 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 in a full-ring polygonal 

geometry in such a way that detector blocks with the same thickness were sitting opposite 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, sensitivity and noise 

equivalent count rate.  

Results: 

Comparison was made with conventional PET models with crystal thicknesses of 2 mm, 6 mm and 10 mm. PET 

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 trade-off between 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 optimal trade-off between the sensitivity and spatial 

resolution by combining two sets of monolithic crystals. 
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I.  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 points, which 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 with sufficient quantitative and statistical 

accuracy. The potential of radiotracer-based molecular imaging offered by PET has rendered this modality a 

powerful and indispensable tool in preclinical research [1]. 

There is an increasing demand for higher spatial resolution and sensitivity in small animal PET scanners to 

properly track and quantify physiologic processes [2]. 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 domain [3, 4]. However, joints or gaps (dead areas) existing between the detector components and/or 

modules reduce the sensitivity and, in some cases, produce artifacts [5, 6]. 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 procedure, the detector elementsô size in pixelated PET 

detectors has been reduced down to 0.5 mm compared to early designs using 1-2 mm [7, 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 sensitivity is achieved by the uniform detection medium without dead joints between 

adjacent detector components [9, 10]. In addition to lower production cost and easier accessibility to the end-

users, monolithic scintillator detectors potentially offer the unique capability of depth-of-interaction (DOI) 

estimation, thereby improving the spatial resolution. The shape of the light 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 DOI [11]. These properties of monolithic crystals have made them an attractive 

option for use on commercial animal PET scanners [12]. 

There is predominantly a trade-off between spatial resolution and detection sensitivity imposed by the 

thickness of the detector elements. Thicker detector elements provide improved detection sensitivity as itôs less 

likely that photons pass through the crystals 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 influence the accuracy of the estimated position 

of interaction owing to increased parallax effect [13]. 

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 scanner as hence 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 total-body EXPLORER PET scanner with an axial coverage of ~2 meters [14]. This scanner achieved 

increased detection sensitivity up to 40 times compared to conventional PET scanners [15]. Moreover, 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 scanner design provided 30% increase in detection sensitivity as well as 12% decrease in the number 

of required detector elements relative to regular ring shape scanners [16]. Likewise, 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 scanner [17]. 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 surround the entire head 

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 up to 4-fold compared with conventional PET 

scanners [18]. 

Most dedicated small-animal 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, sub-millimetric spatial resolution has been achieved [19, 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 scanner varies from 0.61% 

to 2.8% [21], going up to 7.4 % [22] and 9.3% [23] for more recent PET scanners with pixelated crystal-based 

designs. 

As opposed to pixelated detector arrays, monolithic scintillators allow achieving high sensitivity at the cost of 

spatial resolution loss. Few small-animal PET scanners designed based on monolithic crystals achieved 

competitive performance with respect to pixelated designs [24-26]. For instance, the DigiPET scanner equipped 

with 2 mm thickness scintillator crystal achieved a spatial resolution of 0.5 mm [9]. To the best of our knowledge, 

there is no brain PET scanner based on monolithic scintillator. The only whole-body PET scanner equipped with 

a continuous crystal is the J-PET with an axial coverage of 1 m, a spatial resolution of about 3 mm and a sensitivity 

of 14.9  cps/kBq at the center of the FOV [27]. The ɼͅCUBE is a compact preclinical PET scanner for total-body 

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, respectively [28]. Despite 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 scintillators are an 

attractive option owing to their high sensitivity and cost effectiveness. 

In this work, we investigated the key performance parameters of a number of small-animal PET models 

designed based on monolithic scintillator crystals. The major distinction between the different models is in the 

thickness of the monolithic crystal as well as 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 resolution-sensitivity 

trade-off. These models are designed using 10 and 12 detector blocks of monolithic Lutetium-Yttrium 

Oxyorthosilicate doped with cerium (LYSO:Ce) crystals. For each of the 10- and 12-detector block PET models, 

different crystal thicknesses were simulated to study the trade-off between spatial resolution and detection 

sensitivity. 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. The rationale 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). To simulate 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 arranged face-to-

face in the full-ring polygonal geometry. Contrariwise, in the second model, detector blocks with the same crystal 

thickness were placed face-to-face (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 with angular 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 NEMA NU4-2008 protocols 

[30]. 

II.  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 trade-off between spatial resolution and sensitivity scanning. 

The motivation behind the proposed design 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 sensitivity, whereas thin scintillators are exploited to 

retain/enhance the spatial resolution of the scanner. In this regard, two principal configurations can be conceived 

depending how the thin and thick detectors are arranged: (i) the detector blocks with the same crystal thickness 

are set face-to-face, and (ii) the detector blocks are arranged such that the detectors with different thicknesses face 

each other. These 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 (10B-10-2) and b) the corresponding 3D visualization. c) PET model with 12 thin 

(2mm) and thick (10 mm) detector blocks (12B-10-2) and d) the corresponding 3D visualization. e) 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 the scanner 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 configuration is intended 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 domain through equally sampling by the thin 

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

PET model with 10 detector blocks 

In this model, referred to as 10B-10-2, 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 pair of 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 used in this model, which consisted of monolithic LYSO crystals with 

50.2×50.2 mm2 entrance area, coupled to a Silicon photomultiplayer SiPM (Sensl ArrayC-30035-144P-PCB) with 

12×12 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 configuration. The PET model with 10 detector blocks and 2 mm crystal 

thickness, referred to as 10B-2, 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 (10B-10) is expected to have the highest sensitivity 

at the cost of degraded spatial resolution. The PET model with a crystal thickness of 6 mm (10B-6) is expected to 

exhibit an intermediate performance compared to 10B-10 and 10B-2 models in terms of resolution/sensitivity 

trade-off. In addition to these models, the rotating version of 10B-10-2 was implemented (10B-10-2-R) where the 

gantry undergoes a rotation of 18 degrees in the middle of acquisition to render 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 sampling with thick 

crystals. To tackle this issue, the 10B-10-2-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 10B-10-2 model in the sense that the crystals 

with the same thickness are set in front of each other (thick-to-thick and thin-to-thin) as illustrated in figure 1c 

and 1d. The motivation behind the proposal of the PET model with 12 detector blocks (12B-10-2) 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 next to each other. Disregarding the number of detector 

blocks, the physical and technical characteristics of the detectors in 12B-10-2 are similar to those of the 10B-10-

2 model (Table 1). Only the gantry diameters are different due to the different number of detector blocks used. 

 

Table 1. Physical characteristics of the PET models with 10- and 12-detector blocks. 

 10B-models 12B-models 

Number of detector blocks 10 12 

Crystal type LYSO ï Monolithic LYSO ï Monolithic 

Ring diameter 154 mm 187 mm 

Axial field -of-view 50.2 mm 50.2 mm 

Acceptance angle σφЈ σπЈ 

SiPM array  12×12 12×12 

SiPM pixel size 3×3 mm2 3×3 mm2 

SiPM pixel pitch 4.2×4.2 mm2 4.2×4.2 mm2 

 

Similar to the previous section, to assess the performance of the 12B-10-2 model, the 12-detector block models 

with a crystal thickness of 2 mm (12B-2), 10 mm (12B-10) and 6 mm (12B-6) were also implemented. The rotating 

version of this model (12B-10-2R) was also implemented 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. 

 

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 and the effect of the readout electronics which convert the light signal into electrical 

signal. To this end, the Monte Carlo simulations of the above-mentioned PET models was performed using the 

GEANT4 (version 4.10.2) code [29]. Moreover, optical transport was also taken into account for a more realistic 

PET model 
Number of 

detectors 
Crystal thickness PET model Number of detectors Crystal thickness 

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 

10B-10-2 
5 

5 

10 mm 

2 mm 
12B-10-2 

6 

6 

10 mm 

2 mm 

10B-10-2-R 
5 

5 

10 mm 

2 mm 
12B-10-2-R 

6 

6 

10 mm 

2 mm 
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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, G4OpAbsorption, 

G4MultipleScattering, G4eIonisation and G4eBremsstrahlung. According to the GEANT4 library protocol, all 

processes starting with óG4Opô deal with optical photon interactions whereas those starting with óG4eô correspond 

to electron interactions. In addition, the following libraries were added to the simulation to account for photons 

with ionizing energies: G4LowEnergyCompton, G4LowEnergyRayleigh and G4LowEnergyPhoto-Electric [31, 

32]. The reflection of scintillation photons at the boundaries between the two dielectric materials were accurately 

modeled using the UNIFIED model in GEANT4 [33]. 

It was assumed, in this simulation, that all photons are reflected with a reflectivity of 97% on the surface of 

the reflector based on the employed óPaintô model [34]. Similarly, the óGroundô model [34, 35] was utilized for 

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 GEANT4, if 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 beam. According 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 were set to 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 are used for positioning calculation. 

Table 3. Physical characteristics and dimensions of the PET scanner used for the validation of the model in GEANT4. 

Parameter Value 

Number of block rings 1 

Detector blocks per ring 10 

Scintillator material  LYSO 

Crystals per block 24×24 = 576 

Axial FOV 50 mm 

Transaxial FOV 100 mm 

Number of image planes 109 

Coincidence time window 4.0 ns 

Energy window 150ï650 keV 

Energy resolution 11.7% 

Detector block entrance area 50×50 mm2 

Crystal size (thickness) 2×2×10 mm3 

Detector ring diameter 842 mm 

Photodetector SiPM 

Array size 12×12 

Pixel pitch 4.2 mm 

Reflector material BaSO4 

Thickness 0.1 mm 

 

 Image reconstruction 

Data processing was performed using in-house 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 the position of each scintillation inside the crystal knowing the two arrays 

(summation of column Ƅ Y direction of the SiPM array) and row Ƅ X direction of SiPM array)). These two 1D 
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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 window of 400ï650 keV. Then, 

scintillation photons reaching SiPMôs pixels were separately stored in a root file for each of the 144 SiPM pixels 

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 line was assumed 

between two scintillation events as a LOR. The LORs were labeled with their corresponding distance and 

angulation from the Z-axis of the scanner. The single-slice rebinning algorithm was employed to rebin the LORs 

in the oblique planes to direct plane. The acquired LORs were registered in a sinogram and the reconstruction 

performed using a 2D filtered back projection (FBP2D) algorithm implemented within STIR package [38]. 

 

Validation and performance evaluation 

The PET models implemented in GEANT4 and the image reconstruction code were validated against the empirical 

data obtained from a prototype small animal PET scanner designed and fabricated in our lab [39, 40]. The details 

of the validation procedures are described in our previous study [25]. Table 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 NEMA NU4-2008 standard [30]. 

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 4-2008 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 a 22Na point source (4µCi activity and 1 mm diameter). The point source was fixed inside a 1 cm3 

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 half-maximum (FWHM) of intensity 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 spatial resolution 

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 scans of a 22Na point 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 counting 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 4-2008 protocol, the count rate estimation is carried out using a line source filled with F-18 

surrounded by high-density polyethylene cylinder. Moreover, the protocol recommends three types of cylindrical 

phantoms with a height of 60 mm, 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 point, the peak of the NECR and the activity 

at which the peak NECR occurred were recorded using the default energy window of 400ï650 keV and a timing 

window of 4 ns. 

III.  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 Xtrim small-animal 

PET scanner. The difference between the simulated 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 presented in [25]. 
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Spatial resolution 

The spatial resolutions estimated for PET models with 10- and 12-detector blocks are presented in figure 2. The 

spatial resolution 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 ¼ axial transverse distance. In this 

work, additional measurements were performed along the axial and radial directions with a step of 5 mm. 

The radial spatial resolutions measured for the 10B-10-2 PET model varied between 0.8 mm and 1.5 mm 

(FWHM) while the 10B-6 model, considered as the main competitor of the 10B-10-2 model, led to axial spatial 

resolution variation between 0.9 mm and 1.6 mm FWHM. 

In agreement with the results presented in figures 2a and 2b, the 12B-10-2 model outperformed the 12B-6 

model in terms of spatial resolution for all measurement points. Overall, the spatial resolution of the PET models 

with 12 detector blocks was improved compared to the corresponding models with 10 detector blocks. Moreover, 

the rotating PET models (10B-10-2-R and 12B-10-2-R) led to significant spatial resolution enhancement 

compared to the 10B-10-2 and 12B-10-2 models. 

 

Sensitivity 

ŀύ                                                                           ōύ 

Ŏύ                                                                           Řύ 

Figure 2. Axial (a,b) and radial (c,d) spatial resolution estimated for the different PET scanner models. 

Figure 3. Absolute sensitivity measured at different distances from the center of the FOV along the Z-axis for a) PET 

models with 10 detector modules and b) PET models with 12 detector modules. 

  

a)                                                                     ōύ 
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Figures 3a and 3b summarize the absolute sensitivity of the PET models with 10- and 12-detector blocks, 

respectively. The sensitivity was measured across the axial FOV using the default energy window of 400ï650 

keV. The highest sensitivity (up to 4.3% and 3.1%) in both configurations was achieved by the 10B-10 and 12B-

10 PET models, respectively, owing to the thick scintillator crystals. The 10B-10-2 and 12B-10-2 models led to 

second highest sensitivity at the center of the FOV. Considering the results obtained from the 10B-6 and 12B-6 

models, the 10B-10-2 and 12B-10-2 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. The 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. Figures 4a and 4b present the NECR estimated for the different PET models with 10- and 

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 10B-102 and 12B-10-2 configurations, respectively.  

 

Moreover, Figures 5a and 5b illustrate the rate of scatter, true, total, random and NECR for the 10B-10-2 and 12B-

10-2 PET models, respectively. The total count rates reached the maximum values of 33 kcps and 25 kcps at 

around 13.2 MBq activity concentration in both 10B-10-2 and 12B-10-2 PET models. 

 

IV.  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 resolution is desired for small-animal imaging experiments. Conversely, a high detection 

ŀύ                                                                     ōύ 

 Figure 4. NECR, scatter, random, true, total count rates for a) 10B-10-2 and b) 12B-10-2 PET models.  

ŀύ                                                                     ōύ 

Figure 5. NECR performance for the simulated PET models. a) Configurations with 10- and b) 12-detector blocks. 
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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 enhance/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 optimal trade-off 

between detection efficiency and spatial resolution. 

It was demonstrated that using only 2-mm thick LYSO crystal (10B-2 and 12B-2 PET models) would result 

in relatively high axial (0.55 mm, 0.35 mm, respectively) and radial (0.75 mm, 0.6 mm, respectively) spatial 

resolutions for the above-mentioned 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 up to 4.3% and 

3.1% for 10B-10 and 12B-10 PET models, respectively. However, the spatial resolution would be limited to 1 

mm in the best case. To establish a compromise between 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. However, the proposed PET models 

(10B-10-2 and 12B-10-2) 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 10B-6 and 12B-6 PET models 

with 1.2 to 0.8 mm FHWM, respectively. In addition, a detection sensitivity of 2.8% was achieved with the 12B-

10-2 PET model compared to the 12B-6 PET model with a sensitivity of 2.45%. Using 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 results in higher positioning accuracy and 

hence better spatial resolution. 

As discussed earlier, the rotating PET models (10B-10-2-R and 12B-10-2-R) were also considered to address 

the non-uniform spatial resolution across the radial FOV on the 10B-10-2 and 12B-10-2 models owing to the non-

symmetrical data acquisition geometry. Image 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 non-uniformity of the spatial resolution is expected to be noticeable solely at the boundary of 

the FOV (particularly for the 10B-10-2 model) since the interplay of the many LORs passing through high and 

low resolution detectors would render spatial resolution 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 uniform distribution 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 (10B-10-2 and 12B-10-2) and the conventional configurations (10B-10 and 12B-10) were 1% and 

0.5%, respectively. However, the amount of LYSO crystal consumed in the 10B-10 and 12B-10 models decreased 

from 250 cm3 and 300 cm3 to 150 cm3 and 180 cm3 in 10B-10 and 12B-10-2 models, respectively. Although the 

depth of interaction was not taken into account (which warrants further investigation in future work), the spatial 

resolution achieved by the 10B-10-2 (0.8 mm) and 12B-10-2 (0.6 mm) PET models are comparable with 

commercially available as well as prototype small-animal PET scanners equipped with pixelated detectors. A 0.5 

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 sub-millimetric DOI precision, achieved a spatial resolution of 0.7 mm FWHM 9. However, 

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 12B-10-2 model (2.8%) [7]. 

The count rate performance of the proposed PET models was characterized for a mouse-sized cylindrical 

phantom following the NEMA standards. For the 10B-10-2 and 12B-10-2 models, the phantom was placed in the 

FOV such that the line source resided at the center of the two opposing detectors. The 10B-10-2 and 12B-10-2 

models achieved a peak NECR of 20 kcps and 16 kcps at 13 MBq and 11 MBq, respectively. Even though the 

NECR performance of the proposed models lagged behind the 10B-6 and 12B-6 models, this performance 

parameter, do not play a significant role in mouse PET imaging in practice. The peak NECR for state-of-the-art 

preclinical PET scanners measured using the mouse phantom is commonly attained within the range 50ï200 MBq 

[21]. However, these values are 5-20 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 kBq/g) compared to human PET imaging (~5 kBq/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 10 times 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 (10B- and 12B-10-2-R) exhibited similar performance to the 10B- and 12B-10-2 

models in terms of spatial resolution and sensitivity. The slight decrease observed in the sensitivity of the rotating 

PET models is due to rotation time where 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 mm thick detectors 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, rotation of the PET 

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 (10B-2 and 12B-2) owing to identical LOR definition in these two models. Undoubtedly, the 

sensitivity of this acquisition mode would be half of the equivalent 10B-2 and 12B-2 PET models since half of 

the detector blocks are inactive through the acquisition course. Briefly, the rotating models can be operated with 

two acquisition modes: (i) normal acquisition mode, where all detector blocks are active to achieve an optimal 

trade-off between spatial resolution and detection sensitivity and (ii) high resolution mode, 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 thicknesses. The 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 design achieved an optimal trade-off 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 : 

Organ-specific 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 and space-consuming. Active-PET 

is a multifunctional PET scanner design 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/configurations. Active-PET can be used for different applications, including brain, axilla, breast, 

prostate, whole-body, 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 large pixel size (4×4 mm2) and crystal thickness (20 mm), and another one with small 

pixel size (2×2 mm2) and thickness (10 mm). Each 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 sensitivity.  

Results:  

At the center of the field-of-view, the highest sensitivity (15.98 kcps/MBq) was achieved by the scanner with a 

small gantry and high-sensitivity detectors while the best spatial resolution was obtained by the scanner with a 

small gantry and high-resolution detectors (2.2 mm, 2.3 mm, 2.5 mm FWHM for tangential, radial, and axial, 

respectively). The configuration with large-bore (combination of high-resolution and high-sensitivity detectors) 

achieved better performance and provided higher image quality compared to the Biograph mCT as reflected by 

the 3D Hoffman brain phantom simulation study.  

Conclusion:  

We introduced the concept of a non-static PET scanner capable of switching between large and small field-of-

view as well as high-resolution and high-sensitivity imaging. 
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I.  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 software [1]. An ideal 

PET scanner should simultaneously achieve high sensitivity and high spatial resolution imaging. A high-sensitivity 

PET scanner should enable pinpointing lesions presenting with low contrast resolution and Signal-to-Noise (SNR) 

ratio. Furthermore, a 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 have a high-sensitivity scanner [2]. 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 high-resolution scanner can distinguish the border between healthy and cancer cells and 

accurately localize small abnormalities [3]. The need for high spatial resolution imaging is more prominent in 

preclinical studies and scanning of pediatric patients [4]. 

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 instrinsic technical limitations hinder 

the realization of simultaneous high-sensitivity and high-resolution imaging. As 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 number of rings, 

and (iv) using scintillators with high atomic number. Conversely, the spatial resolution improves by (i) decreasing 

the parallax error by reducing 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 imaged [5]. 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 error occurs when the LORs do not enter a detector 

perpendicularly, which causes inaccuracy in the estimated LORôs coordinates. The Parallax error increases by 

increasing the crystal thickness and reducing the gantryôs diameter. 

A number of studies focused on the improvement of PETôs performance through enhancing the software and 

hardware components. Organ-specific PET scanners dedicated for brain , breast [6], prostate [7], and small-animal 

[4] imaging have been developed and deployed in clinical and research setting. The design of large axial field-of-

view PET scanners to enhance the sensitivity is also well underway and the number of installed systems continues 

to increase at a healthy pace [8]. 

Deep learning (DL)-based methods aiming at resolution and sensitivity enhancement focused mainly on improving 

the overall performance of PET scanners [9-12]. Some studies improved PETôs performance by DL-based 

positioning in monolithic crystals, clearly outperforming conventional event positioning algorithms [13]. To 

optimize the coincidence timing resolution in time-of-flight (TOF) PET, experimental measurements consisting of 

scanning a 68Ga point source shifted repetitively with steps of 5 mm (over a 15 cm range between the two detector 

modules) across the PET scannerôs field-of-view was employed to train a convolutional neural network [14]. This 

technique 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 crystal size [15]. 

The EndoTOFPET-US 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 imaging [16]. A number of studies 

attempted to improve PET scannersô performance by introducing novel configurations for PET scanners. For 

instance, Zein et al. proposed a new model of the Siemens Biograph Vision PET scanner with an extended axial 

FOV and sparse detector module rings [17]. Their model consisted of a non-static PET scanner, wherein the rings 

move in the axial direction. 

Micro Insert is a full-ring small animal PET scanner whose scintillators are connected through optical fibers to 

photosensors that provides high spatial resolution within a reduced imaging FOV [18]. Another 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 scanner alone [19]. Zoom-in PET combines a high-

resolution detector with a conventional PET scanner to generate high-resolution images [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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possible for different size plants, they assumed two moveable half-cylinders 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 moduleôs physical performance. For instance, creating microscopic defects inside monolithic 

scintillators through laser-induced optical barriers used to combine the high resolution and high sensitive 

characteristics of pixelated and monolithic crystals has been reported [22]. A 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 photosensor [23]. Labella et al. demonstrated that if a prismatoid light guide array 

uses inter-crystal light sharing could lead to a better depth of interaction estimation and spatial resolution [24]. 

Polaroid-PET 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 internal-crystal reflection of optical photons 

and enhance the spatial resolution [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 resolution [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 between whole-body scanning mode (83 

cm detector ring diameter) and brain scanning mode (54 cm detector ring diameter) [28]. The scanner has 12 

rectangular detector modules equipped with bismuth germanate (BGO) scintillators with a crystal size of 

2.7×2.7×18 mm3 and photomultiplier tubes as photodetectors. 

 
Figure 1. The 3D and 2D graphical representations of a) the Biograph mCT and Active-PET configurations corresponding 

to: b) a large gantry with high-resolution and high-sensitivity detector modules, c) a small gantry with high-resolution 

detector modules, and d) small gantry with high-sensitivity detector modules. e) The switchable partial-ring PET scanner 

that can change between two different acquisition modes. f) The high-sensitivity, and g) high-resolution detector modules 

used in Active-PET. The light grey represents the crystal (with different thicknesses) while the dark grey is the photosensor 

(with a similar thickness). 
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In this work, we propose Active-PET concept, a novel multi-purpose 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 with large pixel size) whereas the second half consists of high-resolution detectors 

(thin crystals with small pixel size). Furthermore, the linear translational mechanism behind the detector modules 

reposition the detector modules forward and backward in the transverse direction to adapt the diameter of the 

gantry. This degree of freedom and the two high-sensitivity and high-resolution detector modules enable to change 

the geometry of the scanner according to the desired characteristics. We assessed four different configurations 

corresponding to various applications, including (i) large bore with thick and thin detectors for large subjects, (ii) 

small-bore with thick detectors for applications requiring high-sensitivity, such as cell tracking, (iii) small bore 

with thin detectors for high-resolution 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 evaluating prospectively the imaging performance of Active-PET to provide guidance prior 

to the actual construction of the prototype. The non-cylindrical configuration provide two major advantages, 

namely placing the detectors close to the breast and pelvis improves the spatial resolution and sensitivity and 

makes the device suitable for interventional procedures and treatment planning verification, including online dose 

monitoring in ion therapy. 

 

II.  Materials and Methods 

We first describe the geometry of Active-PET 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. Finally, the validation and performance evaluation will be discussed. 

 

Geometrical configuration of Active-PET 

Active-PET is intended to be a switchable scanner that can be geometrically adapted to respond to usersô needs 

and requirements (see Supplemental video). Active-PET has 4 rings, each including two groups of high-resolution 

and high-sensitivity Lutetium Oxyorthoscilicate (LSO(Ce)) pixelated detector blocks (24 for each group, overall 

48 detector modules per ring), one with large pixel pitch (4×4 mm2) and crystal thickness (20 mm), referred to as 

high-sensitivity detector modules (Figure 1f) and another one with small pixel pitch (2×2 mm2) and crystal 

thickness (10 mm), referred to as high-resolution 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 radial 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. The detectors can accommodate circular, oval, and semi-planar geometries. In this work, 

five configurations were simulated and investigated: Large gantry with high-resolution and high-sensitivity 

detectors (gantry diameter = 842 mm) (figure 1b), small gantry with high-resolution detectors (gantry diameter = 

421 mm) (figure 1c), small gantry with high-sensitivity detectors (gantry diameter = 421 mm) (figure 1d), 

switchable partial oval shape gantry (Figure 1e) where the scanner shape changes during scanning by replacing 

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 scanning. This implies that during 

the first half of the scan, the high-resolution detectors are close to the patient whereas during the second half of 

the scan, the high-sensitivity 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 Active-PET concept lies in the use of two detector modules presenting with different 

characteristics (high-resolution and high-sensitivity) and a dynamic gantry. In Active-PET, thick scintillator 

crystals with large pixel size are exploited to maintain/boost the sensitivity, whereas thin scintillator crystals with 
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thinner and small pixel size are utilized 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 package [30], an advanced 

open-source software developed by the international OpenGATE collaboration 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 phantom [31] 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 simulated scanners, except the detectorsô size and their arrangements, were kept constant and 

similar to those of the Biograph mCT scanner (Table 1). The 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 (80 ns). 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 GATEôs mac file and then reconstructing using order-subsets expectation 

maximization (OSEM) with 5 iterations and 21 subsets. To generate a relevant system matrix for the partial-ring 

geometry, a look-up table (*.LUT) including the geometrical configuration of the detectors was designed for 

ROOT-based file creation suitable for image reconstruction. The system matrix is calculated by means 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 a range 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 high resolution scanners. 

Validation and performance evaluation 

The simulation code was previously validated based on NEMA NU2- 2007 standards [33] and the results described 

in detail in previous work [34]. In this study, we assessed the performance of the Biograph mCT using the NEMA 

NU2-2018 updated version of the NEMA standard [35] 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, noise equivalent count ratio (NECR), count-rate 

performance, and image quality. The reconstruction used in Ghabrial et al. work used filtered back projection 

Table 1. Active-PET and Biograph mCT scanner design specifications as implemented in GATE simulations.  
Biograph 

mCT 

Small gantry  

High-resolution 

Small gantry  

High-sensitive 

Large gantry 

High-resolution 

High-sensitive 

Partial 

ring 

Axial FOV 218 218 218 218 218 

Transaxial FOV 700 350 350 700 350 

Detector ring diameter 842 421 421 842 421 

Crystal pitch 4×4 2×2 4×4 4×4 & 2×2 4×4 O  2×2 

Crystal thickness 20 10 20 20 & 10 20 O 10 

Number of rings 4 4 4 4 4 

Detector blocks per ring 

(Thick + Thin)  

48 + 0  0 + 24 24 + 0 24 + 24       0 + 17     

  O 17 + 0 

Crystals per block 13×13 = 

169 

26×26 = 676 13×13 = 169 169 & 676 13×13 =169 
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implemented in STIR [36], whereas we used OSEM algorithm implemented in CASToR [32]. Nevertheless, the 

calculated metrics in both works were in good agreement. 

Spatial resolution. Based on NEMA NU2-2018 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 two above-mentioned positions, the axial, radial, 

and tangential resolutions were calculated in terms of full-width-at-half-maximum (FWHM) and full-width-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 MBq of 18F. Five aluminum tube shields with the same length 

but different diameters were designed to simulate attenuation media. They cover the line source progressively to 

Figure 2. The simulated sinograms corresponding to the geometry of: a) the Biograph mCT, b) large gantry with high sensitive 

and high resolution detector modules, c) small gantry with high resolution detectors, d) small gantry with high sensitive 

detectors and e) partial-ring PET. The first and third columns correspond to a point source with 1 cm and 10 cm offset from 

the center of the FOV and in the Y-direction. The second column corresponds to a point source with 10 cm offset from the 

center of the FOV along the X-axis. 
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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 the axial FOV. At each position, five simulations were conducted and the 

aluminum sleeve was added step by step to increase attenuation. Each simulation continued till 10000 true 

coincidences per slice were obtained. The system sensitivity was then measured using the NEMA NU2-2018 

standard. 

Count rate and noise equivalent counts ratio. To estimate the scatter fraction and count-rate performance based 

on NEMA NU2-2018, 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 45 mm offset from the axial 

axis of the cylinder was considered. A 69 cm long polyethylene plastic tube filled with 45 kBq/ml of 18F was 

considered as a line source and placed in the void space of the scattering phantom. The true, random, scatter and 

noise equivalent 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 mainly on its gearbox. 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 the weight 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 front-end 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 detectors to processors 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) and they are resistant to folding/bending. Flat cables are 

easy to use and do not need any specific equipment but they can decrease the signal-to-noise ratio. To address this 

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

are not as heavy as conventional coaxial cables [37]. 

 

III.  Results 

Validation 

The performance evaluation of the simulated biograph mCT according to NEMA NU2-2007 standard exhibited 

good agreement between the measured and simulated spatial resolution, sensitivity, and NECR [34]. The 

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. 

 
Figure 3. The calculated sensitivity along the z-axis at: a) the CFOV and b) 10 cm offset from the CFOV for all geometrical 

configurations including the Biograph mCT. 
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Active-PET performance evaluation 

Figure 2 shows the sinograms of three-point sources in the central plane located at 1 mm and 10 mm offcenter 

along the Y-axis and 10 mm offcenter along the X-axis reflecting the simulation of all PET geometrical 

configurations. The sinograms provide insight regarding 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 and high-sensitivity and high-resolution detector modules, respectively. The partial-ring 

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 mm off-center are 

presented in figure 3. For all configurations, the sensitivity reaches its peak at the center of the FOV and starts to 

decrease towards the corners of the FOV. At the center of the FOV, the highest sensitivity (15.98 kcps/MBq) was 

achieved by a small gantry and high-sensitivity detector, while the configuration with a small gantry and high-

resolution had the smallest sensitivity (6.12 kcps/MBq). The scanner equipped with high-sensitivity and high-

resolution detectors has 16% sensitivity less than the Biograph mCT (7.31 vs 8.78 kcps/MBq). 

The tangential, radial, and axial spatial resolution for the full-ring cylindrical configurations and partial-ring 

configuration are reported in Tables 2 and 3, respectively. The results support well the observations from the 

sinograms where the scanner with a small gantry and thin crystals (high-resolution 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 high-resolution blocks) outperformed 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 center of the axial FOV 

Table 2. Spatial resolution results for three different configurations along with the Biograph mCT scanner. The FWHM and 

FWTM were reported for tangential (T), radial (R), and axial (A) directions (in mm) for a point source located at 1 cm and 10 

cm distances from the 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 3.8 3.5 7.5 7.5 7.7 3.3 3.4 3.2 7.2 7.3 7.5 

100 4.2 4.7 5.4 8.2 8.6 10.3 3.9 4.4 5.1 7.8 8.2 9.9 

 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 3.6 3.4 7.3 7.4 7.6 2.2 2.3 2.5 3.6 3.8 4.2 

100 4 4.5 5.2 8 8.5 10.1 2.3 2.5 3.8 6.4 6.6 7.3 

 



64 

(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 partial-ring PET scanner outperformed the mCT scanner in terms of axial spatial 

resolution at the center of the FOV (2.9 vs. 3.5 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 (high-sensitivity and high-resolution detector modules) showed better 

image quality providing the highest 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 

Figure 4. Plots of count rates showing: a) prompts, b) trues, c) randoms, d) scatter for the simulated 

configurations of PET scanners compared with the Biograph mCT. 

 

Figure 5. NECR performance for the simulated configurations of the Active-PET scanner compared to the simulated 

mCT PET scanner. 
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small gantry and high-resolution 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). 

 

 

IV.  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 imaging, 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 is the fixed configuration of PET scanners from their first 

invention time in the 1970s. Furthermore, in recent years, the success of dedicated organ-specific PET scanners in 

providing high sensitivity/high spatial resolution raised the desire of using these category of PET scanners, 

although having several scanners in one center is costly and space-consuming [38, 39]. In this study, we attempted 

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

two types of detector modules that can adapt its geometry based on the usersô needs. Our suggested multipurpose 

PET scanner (Active-PET) 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 increasing manufacturing cost. Active-PET is able to get the detectors close to objects 

to increase the solid angle coverage of the scanner. A small-bore size leads to the reduction of the non-collinearity 

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 mm off-center 

of the transaxial FOV and 1% sensitivity reduction relative to the Biograph Vision PET scanner [17]. Using 

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

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 mm) [25]. The oval shape scanner presented by Huber et al. 

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

Biograph mCT, b) configuration with large gantry include high sensitive and high resolution detectors c) 

configuration with small-gantry and high resolution detectors, d) configuration with small gantry and high 

sensitivity detectors. The red arrows indicate two regions presenting different uptake patterns for image obtained 

on each scanner. 

Table 3. Spatial resolution results for partial-ring configurations. The FWHM and FWTM were reported for tangential, radial, 

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

Distance (mm) Partial-ring 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 
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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 cm [26, 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 

partial-ring PET, its spatial resolution is around 8% less than Active-PET. The comparison between this model 

and Active-PET highlights the influence of the distance between the two scintillation detectors array thickness, 

and void regions in the scanner. 

The non-cylindrical 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 PET systems would offer direct access/irradiation of the proton beam to the target subject, 

while the proton range could be instantly verified by the PET detectors. Evidently, the beam should not encounter 

obstacles (detectors) in its path when entering into the patient from the left or right side. This can be achieved by 

adding another degree of freedom in the Z-axis (by adding rails parallel to this axis) to extend the axial FOV 

virtually. 

In Li et al. study, the absolute sensitivity in whole-body mode and brain mode is 4.2% and 9.2% for a 22Na 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 whole-body and brain mode, respectively. In comparison with Active-PET, 

the abovementioned scanner does not 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 manually [28]. 

We assume that Active-PET 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 crystals used on Active-PET compared to the Biograph mCT, since half of the 

detectors have half crystal thickness). Hence, the main componentsô cost would not change, the only additional 

cost would be for linear motors plus the electronics. According to our estimates, its cost would be approximately 

equivalent to two detector modules with a large crystal. We appreciate that the fabrication cost for Active-PET 

would be higher than a conventional scanner. Yet, considering the multipurpose application of this scanner and 

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 partial-ring scanner, wherein we considered the system matrix of the partial high-sensitivity 

scanner. This would lead to suboptimal 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 conventional reconstruction methods for the cylindrical 

geometry with some approximations. The second limitation is the non-uniformity in reconstructed images for the 

scanner with mixed high-resolution and high-sensitivity detector modules owing to differences in detector 

sensitivity. Although in the Hoffman 3D brain phantom images, we did not observe severe non-uniformities, 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 as Active-PET, which unlike conventional PET 

scanners contains two types of high-resolution and high-sensitivity 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. Active-PET can cover a wide range of applications, such as brain, axilla, breast, 

prostate, whole-body, 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 enables to 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 

(SiPMs) 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 the proposed 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 and image quality. 

 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 in the scintillator crystal, 65% and 66% were used for positioning in the 

detectors without and with Polaroid, respectively. Polaroid-PET resulted in higher axial spatial resolution (0.83 

mm FWHM) compared to the scanner without Polaroid (1.01 mm FWHM) for a point 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 Polaroid-PET 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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I.  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 information it provides 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 of 3-6 mm in clinical scanners [1, 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 field-of-view. This has motivated the emergence of the concept of total-body PET [5] 

and a number of approaches to reduce the cost of this design [6, 7]. 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 high-tech approaches that can improve further the 

performance of PET scanners [8, 9]. One of the most challenging problems in an ideal PET scanner is the inherent 

trade-offs that exist between the power of spatial resolution and system sensitivity [10]. The trade-off 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 error [11]. A number of strategies were devised to mitigate this trade-

off by using depth of interaction (DOI) information in the calculation of interaction position [12]. 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 the scanner sensitivity and the crystal identification accuracy in pixelated crystals (owing to inter-

crystal penetration) and an increase of optical photon inter-reflections in monolithic crystals [13, 14]. The above-

mentioned challenges lead to a trade-off between spatial resolution and energy/timing resolution [10, 15]. 

Recently, monolithic crystals have been employed to achieve high spatial resolution thanks to their ability to 

support extraction of depth-of-interaction (DOI) features, as well as methodologies for better discriminating 

deposited energy and timing information [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 photon interactions[19]. 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 time [20-22]. 

A number of innovative strategies have been devised to improve the overall performance of PET detector 

modules including the development of novel scintillation crystals [23]. Ramirez et al. showed that the spatial and 

energy resolutions can be improved in human and animal PET scanners using polymer mirror film patterns placed 

between the scintillator segments (in pixelated crystals) as reflector and photomultiplier-quadrant-sharing 

technology [24]. Sabet et al. proposed a detector module combining the advantageous characteristics of pixelated 

and monolithic crystals [25]. They used a technique called Laser Induced Optical Barriers (LIOB) to create some 

defects inside the crystal that have a different refractive index from the main crystal bulk [26] and used these 

optical barriers as a reflector to convert monolithic crystals to pseudo pixelated ones. Sanaat et al. reported on a 

new technique for deflecting the trajectory of scintillation photons passing through a scintillator[27]. The 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 to a 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 increase inter-crystal light 

sharing, thus enhancing both the DOI resolution and crystal identification [28]. 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 result of the scintillation 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 polarizing filter [29]. Polarizers improve image quality 

and contrast by removing glare, haze, and reflections [30]. Two types of polarizers are used in optical systems: 

linear polarizers, and circular polarizers. Linear polarizations are more effective and less expensive than circular 

ones. In this work, we focus on this type of Polaroid. Implementing 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 objects [31]. Polarization can be caused by a range of 

phenomena, such as scattering, reflection, and transmission through media interfaces, or may be altered relative to 

the initial state [32, 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 light [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 horizontal Polaroid, 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 Polaroid to reach the SiPMs [33, 35]. 

In this work, we introduce the concept of Polaroid-PET and simulate its performance in a preclinical PET 

scanner geometry equipped with a single-ended readout and depth-encoding detector module that uses a layer of 

Polaroid located between the scintillator and Silicon photomultipliers (SiPMs). Our designed detector is easy to 

use and cost-effective 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 expect to obtain even better results than in 

preclinical PET scanners. 

 

II.  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 trade-off between sensitivity and spatial resolution. High 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 distinguishable. The motivation behind the proposed design concept lies in the use of 

monolithic scintillation crystals along with SiPMs and a layer of 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, is employed to 

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 and without 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 

process. Then 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 times. These multiple reflections of optical 

photons lead to inaccurate localization inside the crystal, thus degrading the PET scannerôs spatial resolution, 

consequently causing glaring and reducing image quality. To prevent 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, we evaluated the performance of a preclinical PET scannerôs 

detector blocks with and without Polaroid using realistic Monte Carlo simulations. In the regular configuration, 

we simulated a detector block consisting of a monolithic LYSO scintillator with 50.2 × 50.2 mm2 entrance area 

and 10 mm crystal thickness, coupled to a SiPM array with 12 × 12 size and 4.2 mm pixel pitch (Sensl ArrayC-

30035-144P-PCB). A barium sulfate (BaSO4) sheet with a thickness of 0.1 mm 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 and the SiPMs. 

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 Polaroid-PET and regular PET configuration. 
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Figure 1. a) The 3D schematic of a detector module. b, c) 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 require accurate 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 of electronic circuits, 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 

Polaroid-PET) using the GEANT4 code (version 4.10.2) [38]. 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 electrons, the required GEANT4ôs libraries for optical photon 

interaction (G4OpAbsorption, G4OpRayleigh, G4MultipleScattering, G4OpScintillation, G4OpBoundaryProcess, 

G4OpScintillation, G4OpAbsorption, and G4MultipleScattering) and electron interactions (G4eIonisation and 

G4eBremsstrahlung) were added to simulation physics list. Besides, several libraries for adding ionization photons 

into the simulation process were considered (G4LowEnergyRayleigh, G4LowEnergyCompton, and 

G4LowEnergyPhoto-Electric) [39, 40]. Polarization was taken into account using appropriate class of 

G4LivermorePolarizedComptonModel [41]. The interaction of optical photons based on Snellôs Law at the 

boundaries of two different materials was precisely modelled using well-established 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 reflector and only 3% are absorbed based on the employed óPaintô model [43]. 

Similarly, for surfaces interfacing the crystal-glue, glue-Polaroid, Polaroid-glue, and glue-SiPMs, the óGroundô 

model was utilized [43, 44]. Refractive indices of 1.82, 1.42, 1.91 and 1.6 were used for crystal, glue, polarized 

film, and SiPM, respectively. It 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. In this simulation, the refractive index of LYSO was set to 1.82 and a light yield of 25ô000 

optical photons per MeV was considered according to the characteristics of the LYSO crystal based on datasheet 

provided by the manufacturer. Furthermore, the reflectivity and photon detection efficiency of SiPM was set to 

20% and 23%, respectively. For 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 based on the Correlated Signal 

Enhancement (CSE) positioning  algorithm using an in-house software developed in C++ computer code. More 
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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 × 12 columns). In each scintillation process, we record and sum 

the number of polarized scintillation 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 crystal [45, 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: 
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where i and j denote the rows and columns (varying from 1 to 12), respectively, Sij is the number of events recorded 

by SiPM in the ith row and jth column. Ø  and Ù  are the coordinates of the center of the i th row and j th column 

defined based on the geometry of SiPM geometry (a lookup table contains the coordinates including the centre of 

rows and columns). A Gaussian correction function denoted wf that modifies the signal (here the counts/pixel are 

linked with the signalôs magnitude) of each column and row [47]. The function was optimized and evaluated for 

the present detector in our previous studies [47]. 
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Wf applies a weighting factor that optimizes weak and strong signals regarding the column (row) summation. Weak 

signals lead to poor signal-to-noise ratio (SNR) whereas strong signals do not contain valuable information about 

the position of interaction position. A threshold level of 2% (representing Smin in Equations (1) and (2)) was applied 

in the same manner as the conventional COM technique in the considered PET scanner [48, 49]. This 

experimentally-determined threshold 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 than half the 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 in-house software developed C++ computer code. Based on our experimental setup, the energy 

and time window of the simulated scanner were set at 150-650 keV and 4 ns, respectively. Then, for each event, 

the absorbed optical photons by SiPMôs pixels were stored in a root file [50] and labelled with pixel number and 

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 as a line-of-

response (LOR). The LORs were stored and labelled with their corresponding angulation and distance from the 

central axes of the scanner. The single-slice rebinning algorithm was applied for rebinning the LORs from oblique 

planes to direct plane. The stored LORs were projected in the sinogram space followed by image reconstruction 

using a 2D filtered backprojection algorithm implemented within the STIR package [51]. 2D reconstruction was 

adopted to stay consistent with the current version of the software used on the Xtrim-PET scanner modelled in this 

work [36, 37]. The energy of each annihilation photon was estimated by summing up all the optical photons reach 

to SiPMôs pixel after applying positioning threshold and Polaroidôs filtration (Summation of 65% of all the 

produced optical photons). Analytical modelling was 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., 2019). Experimental validation of the 

proposed Polaroid-PET 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 NEMA NU4-2008 standard [53]. 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 detection ratio between the regular and Polaroid-PET 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 24×24 = 576 

Axial FOV 50 mm 

Transaxial FOV 100 mm 

Number of image planes 109 

Coincidence time window 4.0 ns 

Energy window 150ï650 keV 

Energy resolution 11.7% 

Detector block entrance area 50×50 mm2 

Crystal size (thickness) 2×2×10 mm3 

Detector ring diameter 168 mm 

Photodetector SiPM 

Array size 12×12 

Pixel pitch 4.2 mm 

Light guide size 50×50×3 mm3 

Reflector material BaSO4 

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 placing a 22Na point source (1 mm diameter and 148 kBq 

activity) fixed inside a 1 cm3 block 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 at half 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 4-2008 standard. The spatial resolution of the regular and Polaroid-PET was estimated 

using the above-mentioned 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 the field-of-view (FOV) in the radial 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 Polaroid-PET scanner was examined along the axial FOV through 

eleven scans of a 22Na 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 guarantee 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 time-consuming, 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 performance-related metrics for a single detector module 

through the simulation of a grid of sources consisting of three 4×4 arrays of spheres filled with 18F embedded in a 

waterïfilled tank (Figure 2). The diameters of the spheres were 0.75, 1.0 and 1.25 mm (corresponding center-to-

center distances were 1.5, 2.0 and 2.5 mm). 

 

Figure 2. Sketch of the phantomôs geometry used for image quality assessment. 

 

III.  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 small-animal PET scanner. The discrepancy between 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 provided in [16]. 

 
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 difference between the detector with and without the Polaroid is remarkable for a preclinical 

scanner with near sub-millimetric spatial resolution at the center of the FOV. 

Based on the NEMA NU-4 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 ¼ the axial FOV from center 

distance. In this work, additional measurements 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 Polaroid-PET led to axial spatial resolution varying between 0.83 mm and 1.35 

mm FWHM. The results indicate a submillimeter axial and radial spatial resolution for Polaroid-PET for 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 window of 150ï650 keV. The results 

indicate that the sensitivity stays relatively constant when using the Polaroid. 
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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 along the Z-axis for PET models with 

and without the Polaroid. 

Distance (mm) Polaroid-PET ±STD (%) Regular-PET±STD (%) P-Value 

-25 2.68±0.03 2.65±0.07 <0.05 

-20 2.97±0.07 3.04±0.03 <0.05 

-15 3.31±0.1 3.36±0.08 0.052* 

-10 3.58±0.07 3.55±0.06 <0.05 

-5 3.92±0.09 4.02±0.07 <0.02 

0 4.31±0.08 4.37±0.04 <0.05 

5 3.96±0.09 4.02±0.06 <0.05 

10 3.56±0.07 3.54±0.1 <0.05 

15 3.32±0.08 3.34±0.07 <0.05 

20 2.97±0.06 3.05±0.03 <0.05 

25 2.67±0.07 2.64±0.07 <0.05 

* 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 as a function of the interaction point distance from the SiPM surface and axial 

position of the event. From all optical photons produced in the monolithic crystal (100%) for detector without 

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

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 positioning out of the 

total number of produced optical photons, not out of those detected by the SiPMs.. The rejected photons are those 

filtered by the positioning threshold (~5%  those that were not at close neighborhood) and the Polaroid (~20%). 

Although the level of detected 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.  

The DOIôs FWHM as a function of scintillation point at depths of 2, 4, 6, and 8 mm were estimated and reported 

in Table 3. The role of Polaroid-PET is more evidenced at relatively far distances from SiPMs than close distances.  

 

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

Depth (mm) Without polaroid (mm) With polaroid (mm) 

2 0.58 0.49 

4 0.73 0.56 

6 0.94 0.78 

8 1.09 0.91 

10 1.32 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 Polaroid, respectively. The photon detection rate results presented in (b & d) correspond to all axial positions. Similarly, 

the results presented in (a & c) 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. 

 

 
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. 

 

IV.  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 number of research 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 scanning time and/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. The monolithic 

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 trade-off 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 information about the event interaction. Conversely, reflected photons originating from the reflector 

were warped towards the crystal, providing false information about to the origin of the scintillation. When these 

photons reach the SiPMs, they cause glare and haze. Hence, in the ideal case, itôs desirable to minimize the effect 

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 1.30 mm 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 may be severely 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 Polaroid-PET in comparison with regular 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 or better performance than state-of-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 modification of 
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the hardware that can be accommodated by vendors and academic groups (adding a Polaroid). 

An important aspect of this Polaroid-PET 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 characteristics of photons transport. In 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 detected by the SiPM arrays used 

in our position calculations. The 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 

the dead zone between SiPMôs pixels, attenuation in the scintillator and blocking the optical photons with different 

polarization in by polaroid. The 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. The reason for decreasing photon detection ratio at the corners of detector 

modules can be attributed to the fact that for scintillation 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 decreasing the ratio. The widths of optical photon distributions are a function of the SiPMôs distance confirming 

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 with and without the Polaroid vary from 0.49 mm and 0.58 mm at 2 mm 

far from SiPMôs surface and increase to 1.06 and 1.32 mm for higher distances (10 mm). For interactions taking 

place near the SiPM, the number of straight photons (photons that are not reflected) that reach SiPMôs pixels is 

more than the respective number of straight photons reaching the SiPMs for interactions taking place at distances 

far from the SiPM surface. 

Since using polaroid affects the optical photonôs summation by SiPMs, this in turn impacts the energy 

resolution, indirectly decreasing the sensitivity. Since the number of optical photons used for positioning and 

energy discrimination are relatively equal, a deterioration of the above-mentioned parameters is not expected. Yet, 

this might be an issue in experiment setting or when a different configuration is considered. 

The qualitative assessment illustrates the potential advantages of high-resolution imaging using Polaroid-PET. 

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 discernible only on the Polaroid-PET 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. Another limitation 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 evaluation and comparison 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 polarized film 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 remove multi-reflected optical photons, thus leading to higher 

spatial resolution. This novel design may improve the trade-off between 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 the considered 

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 photodetector signals 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 small-animal PET scanner consisting of ten 50×50×10 mm3 

continuous LYSO crystals and 12×12 SiPM arrays. 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 generate training and test datasets by altering 

photonsô incident position, energy, and direction, as well as the readout of the photodetector output.  

Results:  

The calculated spatial resolutions in the X-Y plane and along the Z-axis were 0.96 and 1.02 mm, respectively Our 

results demonstrated that using an MLP-based positioning algorithm in the detector modules constituting the PET 

scanner enhances the spatial resolution by about 18% while the absolute sensitivity remains constant.  

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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I.  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 positron-electron interaction point assumes that both annihilation photons are absorbed by the 

two detector elements. However, in reality the LORs are commonly replaced with volumes-of-response (VORs) 

including almost all virtual LORs owing to positioning uncertainty. Reducing a VOR to a LOR was among the 

objectives of PET imaging community since few decades. For accurate 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 position-sensitive photodetectors, including avalanche photodetectors 

(APDs) and Silicon Photomultipliers (SiPMs) is the extraction of 3D position information [1, 2]. Providing the 

DOI 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 crucial in small-

bore PET scanners, including preclinical and organ-specific PET scanners dedicated for brain, prostate, and female 

breast imaging [3, 4]. 

In recent years, a number of commercial preclinical PET scanners using advanced analytical positioning methods 

were designed and fabricated. The Bruker Albira is a multipurpose preclinical PET scanner equipped with 

monolithic crystals and multi-anode photomultiplier tubes. The achieved radial and axial spatial resolutions were 

1.72 and 2.45 mm, respectively, whereas the maximum absolute sensitivity was 5.3% [5]. The MOLECUBES ɓ-

CUBE is a commercial small-animal PET scanner designed using a monolithic LYSO crystal with 8 mm thickness 

attached to 3 mm Ĭ 3 mm Silicon photomultipliers. The spatial resolution and absolute sensitivity of this scanner 

is 1 mm and 12.4%, respectively, at the center of the FOV [6]. 

A model was fitted to the optical photons distribution to estimate the 3D scintillation eventôs position inside the 

monolithic crystal. For each interaction position, the maximum likelihood was estimated based on the optical 

photon distribution map as a successfully implemented option following training [7]. Another study presented a 

mathematical framework based on the distribution of pixels intensity values and the attenuation and stopping 

power of the scintillation material [8]. In this approach, the DOI was estimated as the ratio of the photons deposited 

energy to the maximum local intensity. Besides 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 side [9]. 

Recently, Wang et al. introduced an artificial neural network for extracting the 3D interaction position of the 

scintillation point inside the crystal [10]. Another group devised a technique that reduces the nonlinear 

dimensionality to predict the features of the detector response [11]. The DOI estimation in monolithic scintillators 

come across with several challenges, including computational burden and complicated calibration. Among the 

above-mentioned approaches, the Gradient Tree Boosting algorithm showed the best performance for extracting 

the scintillation position in continuous crystals, enabling to achieve a spatial resolution of 2.12 mm [12]. More 

recently, Hashimoto et al. used deep neural networks for 3D interaction position estimation for Cherenkov-based 

detectors through Monte Carlo (MC) simulations [13]. 

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 using different 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 the advantages of 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 

evaluating 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 simulations. 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 small-animal PET scanner was evaluated. Furthermore, we evaluated and compared the feasibility 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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II.  Materials and Methods 

Geometrical configuration of preclinical PET scanner 

PET scanners with high spatial resolution are able to resolve two-point/line sources that are very close to each 

other and can depict small structures. The 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 scintillator-based detectors, having comparatively higher detection efficiency compared to pixelated 

crystals, are used to maintain/boost the absolute sensitivity, whereas machine learning-based positioning is 

utilized to retain/enhance the spatial resolution of the detector/scanner. To assess the potential of machine learning 

in event positioning, two small-animal PET scanners were simulated with two different positioning approaches 

(conventional Anger login and MLP). For further experimental validation, the number of detector modules and 

geometrical configuration were similar to the Xtrim preclinical PET scanner recently designed 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 consisting of 10 mm thick continuous LYSO scintillator with an entrance area of 

50.2 × 50.2 mm2 coupled to a SiPM array with 12 × 12-pixels and 4.2 mm pixel pitch (Sensl ArrayC-30035-144P-

PCB). To decrease photon leakage outside the crystal, a sheet of Barium sulfate (BaSO4) 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 in a small-animal PET 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, refraction, and absorption) considering all phenomena taking place within the scintillator in our 

MC simulations is a prerequisite. To accomplish this goal, the GEANT4 code (version 4.10.2) [16] was 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 modelled based on Snellôs law using the well-established UNIFIED model of GEANT4 [17]. The 

required GEANT4 libraries for electron interactions, ionization photons, and optical photon interactions were 

added to the simulation physics list [18, 19]. Further details about the validation process are provided in [20, 21]. 

 Image reconstruction 

For each scintillation event taking place, the number of optical photons collected by each of the SiPM pixels was 

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

pixelsô number and the number in each line represents the summation of optical photons collected by that pixel. 

The energy and time window of the simulated PET scanner were set at 150-650 keV 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 using in house 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 image reconstruction using the  
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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 Late (OSMAPOSL) algorithm implemented within the STIR 

package (5 iterations and 4 subsets) [22]. 

Neural network architecture 

MLP was implemented as a DNN model 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 were carefully chosen based on the minimum position 

resolution. In the training phase, data of about 5×106 scintillations points, including the number of SiPM pixels 

(from 1 to 144) activated by scintillation photons, the weight of each pixel (the total number of optical photons 

absorbed by a certain pixel) and the accurate 3D position of the scintillation point within the crystalôs volume 

were determined through MC simulations as reference. The DNN model was trained to synthesize the 3D position 

of the scintillation 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 SiPMôs pixel weights were converted into 4 hidden layers and 256 

units. The number of epochs was set to 150 and Adamôs optimizer with a weight decay of 10ī4 was implemented 

for regularization and optimization purposes. 

To obtain the 3D position (X, Y, Z)Estimated, the final hidden layer is transformed into 3 outputs. For the testing 

phase, 106 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 were described in previous studies [20, 21, 23]. Table 1 summarizes the 

technical features of the simulated Xtrim-PET. Performance evaluation of the proposed model was assessed using 

the NEMA NU4-2008 standard for animal PET scanners [24]. 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, absolute sensitivity and image 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 resolution for two positioning methods (Anger logic and MLP) was calculated using 

a 22Na 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 radius of the scanner ring (77 mm) from a single 

detector moduleôs surface and was displaced with a 5 mm step size in the X and Y directions in a plane parallel 

to the detector block. The spatial resolution of the whole scanner was estimated by relocating the above-mentioned 

point source from the centre to edge of the field-of-view (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 



88 

source and the full width at half-maximum (FWHM) estimated. 

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 24×24 = 576 

Axial FOV 50 mm 

Transaxial FOV 100 mm 

Number of image planes 109 

Coincidence time window 4.0 ns 

Energy window 150ï650 keV 

Energy resolution 11.7% 

Detector block entrance area 50×50 mm2 

Crystal size (thickness) 2×2×10 mm3 

Detector ring diameter 84.2 mm 

Photodetector SiPM 

Array size 12×12 

Pixel pitch 4.2 mm 

Light guide size 50×50×3 mm3 

Reflector material BaSO4 

Thickness 0.1 mm 

 

 

Sensitivity 

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 
22Na point source (180 kBq) from one side to the other of the scannerôs axial FOV with 5 mm step size and for an 

acquisition time of 10 min. 

Image quality 

Image quality was evaluated through simulations of two phantoms. First a planar grid of sources containing three 

4×4 arrays of spheres filled with 22Na embedded within a tank of water. The diameters of the spheres were set to 

0.75, 1.0, and 1.25 mm (corresponding center-to-center distances were 1.5, 2.0, and 2.5 mm). Second, a cylindrical 

phantom (50 mm length and 30 mm diameter) was simulated to evaluate Anger Logic and MLP positioning 

algorithms. 

III.  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 8% while the spatial resolution at the centre of FOV (CFOV) reached a 

maximum error of 5%. The validation procedure is provided in detail in [23]. 

 
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 sub-milli metric spatial resolution. 

Figure 3a shows histograms in the XY plane of the estimation error Xreal-Xestimate whereas figure 3b illustrates 

histograms of the z-axis  (DOI) estimation error Zreal-Zestimate from the validation dataset. On the XY plane, the 

histograms obtained using the MLP approach are almost  similar to those obtained using Angerôs logic. In contrast, 

along the z-axis, the MLP histogram is more symmetric in pick neighborhoods (still asymmetric in tails), different 

from the Anger histogram, depicting a visible difference between the proposed and conventional method. 

The scannerôs spatial resolution based on Anger and MLP positioning algorithms should be measured at the centre 

and at one-quarter of the axial transverse distance according to the NEMA NU-4 standard. Supplementary 

measurements were performed along the axial and radial directions with a step size of 5 mm (Figure 4). The 

calculated radial spatial resolution based on Angerôs logic varied between 1.5 mm and 2.4 mm (FWHM) while 

the MLP algorithm led to a radial spatial resolution varying between 1.21 mm and 1.75 mm FWHM.  

The absolute sensitivity of the preclinical PET scanner is independent of the positioning algorithm (Figure 5). The 

sensitivity was estimated across the axial FOV using the default energy window (150ï650 keV). The estimated 

DOIôs FWHM as a function of the scintillation point at depths of 2, 4, 6, 8, and 10 mm were reported in Table 2. 

The advantage of the MLP algorithm is more evident relative to Anger logic in distinguishing details in the z-axis. 

The predicted depths (Z) of scintillations taking place on a detector 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 entrance surface of the 

detector. The results showed that the error and STDs increase by increasing Z (getting close to the SiPMôs surface). 

When the distance the from SiPMsô surface increases, the change in optical photon distribution map on the 

photodetector surface leads to a decline in modelôs accuracy for estimation of DOI. 

 
Figure 3. The normalized histograms of the estimation error along a) XY plane and b) Z-axis (DOI) from the validation dataset. 

 

 
Figure 4. a) Radial and b) axial spatial resolutions of the PET scanner for a point source at five distances from the center of 

the Z-axis calculated using the NEMA NU-4 protocol. 
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Figure 5. Absolute sensitivity measured at different distances from the center of the FOV along the Z-axis for the simulated 

PET scanner. 

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

DOI 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 detector module. The scintillation point was located at 

different Z positions as reference. At each depth, we estimated 10ô000 scintillation Z positions. 

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 2.5 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 reconstruction. Figures 7 and 8 illustrate images of the grids 

along with horizontal intensity profiles drawn on images of the spherical sources for MLP and Anger logic 

positioning methods, respectively. 

 

 
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 algorithm. 

 
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 

positioning algorithm. 
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IV.  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 important 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 reduces quantification bias by decreasing partial volume 

effect. In this work, we proposed a novel deep learning-based technique for positioning of scintillation events 

inside a monolithic scintillator from the optical photonsô distribution map. A monolithic crystal is proposed to 

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 module exploiting the MLP positioning method aims to achieve an optimal trade-off between 

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 between 0.96 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 relative to Anger 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 Cherenkov-based 

detector used deep learning for event positioning achieved a FWHM of 1.54 mm and 1.59 mm in the XY plane 

and Z-axis, respectively [13]. The J-PET is the sole whole-body 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 CFOV [25]. The 

main purpose of this work is not to introduce a new preclinical-PET scanner with similar or better performance 

than state-of-the-art commercial scanners but rather to assess the impact of a deep learning-assisted positioning 

algorithm in terms of improvement 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 preclinical-PET 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 incentive motivating the evaluation of the characteristics of photon transport. The map 

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 approximate 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 2 mm from SiPMôs surface and increased to 1.38 and 1.02 

mm for larger distances (10 mm), respectively. For scintillations taking place close to the SiPMôs surface, a small 

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 leading to degradation 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 the Z-axis towards zero. The reason of this 

overestimation is 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 assessment demonstrated the potential advantages of high-resolution 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, whereas the 0.75 mm 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 

estimation. The enhancement near the corners of the crystalôs sides and the scannerôs FOV is more evident. The 

spatial resolution was calculated through 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 cross-talk, 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 detection by SiPMs. Taking into account the path crossed by the annihilation photons inside the 

crystal improves the coincidence time resolution. Accurate estimation of time-of-flight information from the 

variance in pathlength among the scintillation origin position and 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 resolution compared to traditional analytical positioning techniques, such as Anger logic 

and methods based on center of mass. 
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Abstract 

Introduction :  

We aim to synthesize brain time-of-flight (TOF) PET images/sinograms from their corresponding non-TOF 

information in the image space (IS) and sinogram space (SS) to increase the signal-to-noise ratio (SNR) and 

contrast of abnormalities, and decrease the bias in tracer uptake quantification.  

Method:  

One hundred forty clinical brain 18F-FDG PET/CT scans were collected to generate TOF and non-TOF sinograms. 

The TOF sinograms were split into seven time bins (0, ±1, ±2, ±3). The predicted TOF sinogram was reconstructed 

and the performance of both models (IS and SS) compared with reference TOF and non-TOF. Wide-ranging 

quantitative 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 were extracted to evaluate the performance 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 

TOF-PET images in IS and SS, respectively. They were 0.97 ± 0.03 and 0.22 ± 0.12, respectively, for non-TOF-

PET images. The Bland & Altman analysis revealed that the lowest tracer uptake value bias (-0.02%) and 

minimum variance (95% CI: -0.17%, +0.21%) were achieved for TOF-PET images generated in IS. For malignant 

lesions, the contrast in the test dataset was enhanced from 3.22±2.51 for non-TOF to 3.34±0.41 and 3.65±3.10 for 

TOF PET in SS and IS, respectively.  

Conclusion:  

The implemented CycleGAN is capable of generating TOF from non-TOF PET images to achieve better image 

quality. 
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I.  Introduction  

Positron emission tomography (PET) provides a solid foundation for nuclear medicine and molecular imaging-

based examination for in 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 outcome prediction [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 (attenuation and scattering) 

within the patientsô body, and the imperfections of reconstruction algorithms [2]. 

The potential advantages of Time-of-Flight (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 

didnôt enable their implementation [3, 4]. Hypothetically, ideal TOF information enables localization of the 

annihilation position along the Line of Response (LOR) without the need for image reconstruction [5, 6]. In 

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 propagation [7]. The main 

advantage of TOF PET imaging lies in the sensitivity gain, which is defined as the total count ratio of TOF PET 

versus non-TOF PET when random noise is similar [8]. It has been demonstrated that TOF improved the quality 

of PET images depending on scannerôs coincidence timing resolution and patientôs size [9, 10]. A number of PET 

scanners using detector modules based on slow decay time scintillators (e.g. Bismuth Germanate - BGO) are still 

being used in the clinic and there is an interest to use these relatively inexpensive crystals compared to 

Lutetium (Lu)-based scintillators, such as LSO and LYSO on new generation PET scanners, provided they can 

provide similar image quality without TOF capability. As such, the capability of generating TOF from non-PET 

images is of paramount importance to realize the full potential of this imaging modality. 

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 other technical areas, including optimization of image acquisition, 

reconstruction, quantification, motion correction and image denoising [11-20]. 

Reader et al. reviewed the potential of deep learning algorithms in PET image reconstruction [21]. A number 

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 low-dose TOF images/sinograms [25]. 

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 non-TOF signals for 18F-FDG brain PET/CT 

images. The same approach could be expanded for applications in cardiovascular or whole-body PET imaging. 

 

II. Material and Methods 

The current study was applied on a dataset consisting of 140 18F-FDG 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 ± 11 yrs) all with cognitive symptoms and possible neurodegenerative disease. Table 1 

summarizes the demographic information of the dataset. The study protocol was approved by the institutionôs 

ethics committee and all patients gave written informed content. PET/CT imaging was performed on a Biograph 

mCT scanner (Siemens Healthcare, Erlangen, Germany) using the routine clinical protocol consisting of 20 min 

PET acquisition 35 min post-injection of 205 ± 10 MBq of 18F-FDG. An ultra-low dose CT scan (120 kVp, 20 

mAs) was applied for attenuation correction. The data were acquired in list-mode format. Then, the TOF sinogram 

was histogrammed using the e7-tools (Siemens Healthcare) toolkit. The Biograph mCT PET scanner has a 

coincidence time resolution of ~530 ps [26] and its generated TOF sinogram contains 13 time bins (0, ±1, ±2, ±3, 

Ñ4, Ñ5, Ñ6) in a large matrix of 400Ĭ168Ĭ621Ĭ13. In most PET images, patientsô head was located at the center 

of the field-of-view (FOV). However, some patients with off-center head positioning were used to evaluate the 

performance of the model. By considering the average adultôs head size and the scannerôs time resolution, seven 

bins (0, ±1, ±2, ±3) were selected for the training and reconstruction (to avoid unnecessary processing time). For 

non-TOF 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 sinograms (-3, -2, -1, 0, 1, 2, 3) from non-TOF sinograms. 

In the second strategy (image space), a CycleGAN model was trained to directly generate TOF images from non-TOF PET 

images. In the lower panel, the generator and discriminator of the deep learning model is presented. 

 

The reduced TOF bin sinograms were reconstructed in TOF and non-TOF mode using the above-mentioned toolkit 

with a Poisson ordered subsets-expectation (OP-OSEM) and point spread function modeling with 5 iterations and 

21 subsets. Gaussian post-reconstruction filtering with 2 mm FWHM was applied as in the clinical protocol. The 

reconstructed images have a matrix size of 200×200×109 and 2.03×2.03×2.2 mm3 voxel size. 

Following two scenarios, the performance of a cycle generative adversarial network (CycleGAN) for 

synthesizing the TOF information from non-TOF data in the image and projection space (Figure 1) was 

investigated. In the image space implementation, we trained a CycleGAN to estimate TOF directly from non-TOF 

PET images whereas implementation in the projection space involved the use of seven CycleGANs independently 

trained to generate different time bins from non-TOF sinogram. The estimated TOF sinograms were reconstructed 

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 69±9 

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. 

 

CycleGAN model 

Style transformation is one of the attractive features in the field of deep learning-assisted medical image analysis. 

The purpose of style transfer is mapping an image belonging to domain X to another image belonging to domain 

Y. CycleGAN is one of the well-established architectures to translate domain X to 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 from non-TOF images/sinograms to TOF 

images/sinograms and a discriminator to evaluate the generated TOF images/sinograms. Since non-TOF and 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 residual images. This emphasizes the variance between non-TOF 

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 between synthetic and 

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 trained carefully 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 flowchart of this architecture is presented in Figure 1. The details 

of our models are as follows: Batch size =20, Learning rate = 4 × 10ī4, Linear decay from initial value to 10ī7, 

number of epoch = 288, lambda = 10.0, beta_1 = 0.5 and beta_2 = 0.999 for Adam optimizer, loss function of 

discriminator and generator = Mean Absolute Error, L1 Loss. 

A number of pre-developed CycleGAN models are implemented in different libraries, such as PyTorch and 

Keras and Tensorflow backend. Inspired by the work of [27], we consider all of these libraries, and 

developed/optimized a new code on Keras. Supplemental Table 1 summarizes the networkôs layers details for  

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 

(GLZLM)  

Short-Zone Emphasis(SZE) 

Long-Zone Emphasis(LZE) 

Short-Zone Low Gray-level Emphasis(SZLGE) 

Short-Zone High Gray-level Emphasis (SZHGLE) 

Long-Zone Low Gray-level Emphasis(LZLGLE) 

Long-Zone High Gray-level Emphasis(LZHGLE) 

Zone Percentage(ZP) 

Grey-Level Run Length Matrix 

(GLRLM)  

Short-Run Emphasis(SRE) 

Long-Run Emphasis(LRE) 

Short-Run Low Gray-level Emphasis (SRLGLE) 

Short-Run High Gray-level Emphasis(SRHGLE) 

Run Length Non-Uniformity(RLNU) 

Run Percentage(RP) 

Grey Level Co-occurrence Matrix 

(GLCM)  

Homogeneity 

Energy 

Dissimilarity 
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Figure 2. Representative 18F-FDG brain PET images of a 49-year-old male patient. a) The reference TOF image and the 

corresponding b) Non-TOF image and predicted TOF images in c) the image space (IS) and d) sinogram space (SS) are 

presented. The SUV bias maps for e) non-TOF, f) IS and g) SS PET images with respect to the reference TOF PET image are 

also shown. 

both generator and discriminator. The model and hyperparameter tuning were one of the main challenges in this 

study. Both were optimized based on our previous judgment/experience [25]. The 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 values (SUVs)-based 

images. For image normalization, we converted 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 normalization factor to 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 cross-validation 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 of the test dataset. Well-

established quantitative metrics, including the root mean squared error (RMSE), peak signal-to-noise ratio 

(PSNR), and structural similarity index metrics (SSIM) were calculated for non-TOF, and predicted TOF PET 

images in IS and SS with respect 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 low- and high-quality images. Hence, the mentioned parameters were 

calculated for non-TOF PET images to set a baseline 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, non-TOF, and predicted TOF in IS, and SS. The SNR is defined as the SUVmean difference 

between volumes of interest (VOIs) drawn on lesions/hot-spots (VOIhot-spot) and background (VOIbackground) divided 

by the noise in the background. In this definition, the noise is regarded as the standard deviation (SD) of 

VOIbackground and VOIbackground was defined in a uniform area outside of the lesion/background. 

ὛὔὙ 
״(/6 6/)

3$6/)
 

(1) 

Contrast resolution is crucial in brain 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 assess the impact of TOF PET capability. 
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(2) 

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 models in terms of noise reduction. 

.ÏÉÓÅ  
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(3) 

Finding a reasonably homogeneous region close to lesion/hot-spot for background VOI is not straightforward 

and could be considered as one of the limitations of our work. Therefore, 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 IS, SS, and TOF PET images. The PMOD medical image analysis software (PMOD 

Technologies LLC) was used to normalize and register TOF, non-TOF, IS, and SS to a standard 18F-FDG brain 

template. Subsequently, the LIFEx analysis toolkit was used to quantify 28 radiometric features, including seven 

conventional indices, five first-order features, six gray-level run-length matrix features, three gray-level co-

occurrence matrix features, and seven gray-level zone length matrix features (Table 2). The heat map of the 

relative error was produced based on Equation 1 for non-TOF, IS, and SS by considering TOF PET image as 

reference. 

Ϸ‏  
‌ ‍

‍
                                                                                         τ 

In Equation 4, ‌ and ‍ denote the actual and predicted value of a specific radiomic feature calculated in a 

brain region, respectively. A pairwise t-test was calculated for statistical analysis of PSNR, RMSE, and SSIM 

using the MedCalc software [28]. The significance level was set at a P-value less than 0.05 for all comparisons. 

III.  Results 

The qualitative visual inspection of the results demonstrated the acceptable performance of the deep learning 

model for generating artifact-free, high-quality TOF from non-TOF PET images both in image and projection 

space. Figure 2 shows transverse, coronal, and 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 IS and SS compared 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 compared to the one in projection space.  

 

Table 3. Comparison of the results obtained from image quality assessment in non-TOF and predicted TOF images in image 

(IS) and sinogram (SS) space for the validation dataset. SSIM: structural similarity index metrics, PSNR: peak signal to noise 

ratio, RMSE: root mean squared error. 

Dataset SSIM PSNR RMSE 

non-TOF 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. non-TOF) <0.02 <0.01 <0.01 

P-value (SS vs. non-TOF) <0.02 <0.02 <0.02 
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Figure 3. A representative clinical study showing a 59-year-old male patient displaying the patterns of detailed anatomical 

structures revealed by: a) TOF and b) non-TOF, and the predicted TOF PET images for c) IS and d) SS models. The images 

exhibited promising performance 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 non-TOF PET images. Both predicted TOF images (IS and SS) were 

successful in extracting the information missed or hidden among the noise in non-TOF PET images. 

 Since TOF information has a direct influence on lesion-to-background ratio, both predicted TOF PET images 

(IS and SS) showed a larger putamen-to-background ratio compared to non-TOF image (Figure 4), with IS 

providing slightly higher contrast. Figure 5 depicts the correlation between 18F-FDG tracer uptake in non-TOF, 

IS, and SS vs. TOF PET images based on pixelwise linear regression analysis. The data points scatter distribution 

decreased from non-TOF to SS and then IS and the correlation and error level enhanced for SS (R2 = 0.98, MSE 

= 0.025) compared to non-TOF (R2 = 0.96, MSE = 0.048). The predicted image in image space achieved the  

highest correlational and lowest deviation from the identity line (R2 = 0.99, MSE = 0.014). The bias and 

variance of non-TOF 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 variance gradually 

decreases from non-TOF (95% CI: -0.58%, +0.42) to TOF PET SS (95% CI: -0.37%, +0.28%) and IS (95% CI: -

0.21%, +0.17%), perfectly supporting the joint histogram analysis results. The average brain regionôs tracer uptake 

bias follows the same trend and decreased from -0.058% for non-TOF to -0.043% for SS, and -0.026% for IS. 

The SNR, contrast, and noise show substantial improvement in reference TOF and predicted IS and SS TOF 

PET compared to non-TOF 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%, respectively. The contrast was 

enhanced by 15%, 13%, and 4% for TOF, IS, and SS respectively.  

 
Figure 4. Plots of average Putamen-to-background ratio calculated across the entire test dataset. 
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Figure 5. The joint histogram analysis for non-TOF (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 for predicted images in image and sinogram space, and non-TOF. 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 non-TOF, SS, and IS, respectively. The large radiomics bias was mostly 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, SUVmean bias for medial and lateral orbital 

gyrus was around 1% and 7.7% for non-TOF and 0.5% and 5.5% for IS, respectively. Other regions close to the 

center of the brain with low bias (under 5% for non-TOF) 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 gray-level co-occurrence matrix category was 10.6%, 13.7%, and 

13.9% for IS, SS, and non-TOF, respectively. The mean of all radiomic features is 3.6%, 5%, and 6.2% for IS, SS, 

and non-TOF, 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 34.76±31.74 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 non-TOF, SS, and IS respectively. The results indicated that our developed models are capable of improving 

the average SUVmean bias from 9.3±2.21% for non-TOF to 6.9±0.08% and 6.2±0.91% for predicted images in SS 

and IS, respectively. 

 
Figure 6. Bland & Altman plots of SUV differences in the 83 brain regions calculated for non-TOF (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 and 95% confidence interval (CI) 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 

PET images with respect to reference TOF PET images. 

 

IV.  Discussion 

The TOF information boost the informative signals relative to statistical noise in PET images. A number of studies 

comparing TOF and non-TOF PET reported that TOF information improves the spatial resolution and SNR, and 

enhances contrast recovery for malignant lesions. Hence, improvement of SNR opens the implementation of 

additional options, such as reduction of the injected dose and scanning time [10]. 

Although the impact of TOF is more visible in regions residing far from the center of the FOV and could be 

more relevant in whole-body PET imaging, its influence is still noticeable in brain imaging, especially in the 

presence of artifacts or misalignment between anatomical and functional images. Yoshida et al. reported a 
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significant improvement in image quality for a brain-sized 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 revealed that brain regions with a large distance from the axis of the scanner 

had a larger bias compared to regions located close to the axis. These results are in good agreement with Budingerôs 

rule which expresses the relation between uptake position and improvement of SNR [8]. According to this rule, 

the SNR gain is related to 
Ў Ȣ

 where D is the diameter of the positron-emitting distribution in cm (in our 

case, the diameter of the head) and ЎὝ is the scannerôs coincidence timing resolution, about 530 ps for the Siemens 

mCT Biograph scanner. By assuming an adultôs head diameter about 20 cm, we can expect an SNR improvement 

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 ps [30]. 

In this work, we suggested a model for improving non-TOF PET image quality by incorporating TOF 

information artificially. Our model was trained in both image and projection space, which renders the modelôs 

outcome flexible as it leaves open the choice of image reconstruction protocol. To the best of our knowledge, there 

is no similar work enabling to generate TOF sinograms from non-TOF sinograms that we can compare our results 

with. Recently a commercially available deep learning model, referred to as SubtlePETÊ, was employed on non-

TOF 18F-FDG PET images with 33% less injected activity on an analog PET/CT scanner without TOF capability 

to generate equivalent standard dose non-TOF PET images [31]. Another study reported promising results for fast 

TOF and non-TOF PET scanning with 75% scanning time reduction [32]. More recently, Mehranian et al. 

independently reported a non-TOF to TOF PET conversion of whole-body images implemented in image space, 

demonstrating promising results in to improve noise degradation, image sharpness, and diagnostic value [33]. This 

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 non-TOF PET images while they were depicted on TOF PET 

images. Both IS and SS models successfully depicted 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 non-TOF PET images. 

The Bland-Altman 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 projection 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 (single non-TOF 

sinogram) and the output (several TOF bin sinograms) and the uncertainties associated with synthesizing the 

cornerôs bin which is more noisy in the non-TOF sinogram (synthesis of seven separate TOF bins from non-TOF). 

In other words, in sinogram space, our model was trained to project non-TOF sinogram to a number of TOF bin 

sinograms and since the off-center TOF bins are different from the non-TOF 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 their corresponding low-dose TOF bin sinograms, and compared its performance 

with a similar DNN model generating full-dose PET images from low-dose PET images [25]. In this work, each 

model was trained with a specific sinogram (low-dose 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 capabilities, 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 capability [34], 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 filling [35]. 

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, the information 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 the approximate spatial location/origin of the events. 

Conversely, the TOF information in the image domain would be reflected in higher signal-to-noise ratio, reduced 

noise levels, better convergence, and robustness to inconsistent data. In this regard, we hypothesized that we 

would achieve better performance by training seven separate models to generate the TOF bins from a non-TOF 

sinogram compared with training a single model to generate TOF images from non-TOF images. Yet, the model 

trained in image space outperformed the one trained in projection space. A plausible explanation for this 

observation is that the problem (mapping non-TOF data to TOF information) is much easier to solve in the image 

domain than in the projection space since there is a one-to-one (image-to-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 non-TOF sinogram might wrongly propagate the 

information of a certain region to another one. The 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. Therefore, both strategies can be 

useful depending on the targeted application. 

The extraction of TOF data from non-TOF data would not be achievable for high TOF resolution data since a 

single non-TOF sinogram should be translated into many TOF bin sinograms. For instance, for a TOF resolution 

of 240 ps, 23 sinogram bins should be generated from a single non-TOF data, which is memory and 

computationally demanding. However, in the image domain, owing to the one-to-one correspondence, non-TOF 

PET images could be translated into a corresponding image reconstructed with extremely high TOF resolution. 

There is no limit to the implementation of extremely high TOF resolution models in the image domain. Another 

avenue to explore would be deep learning-based PET reconstruction using for instance the model developed by 

Whiteley et al. [36] wherein the non-TOF PET data (in the sinogram domain) could be directly 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 form of non-TOF 

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 whole-body PET imaging. This limitation is challenging to address because access to whole-

body TOF bin sinograms is demanding owing to their large size in whole-body 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 deployment of low-cost standalone BGO-based 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, PET images with low 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 resolution 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 whole-body PET imaging. This limitation is 

challenging to address because access and handling of whole-body TOF bin 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 non-TOF images was achieved by training the network on high-SNR TOF images. Yet, 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 not solely dependent on TOF 

information. Other factor, such as image reconstruction algorithm, hyperparameters, and post-reconstruction filters 
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might have an impact. 

 

V. Conclusion 

We developed a CycleGAN model capable of learning a non-linear 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 inexpensive non-TOF PET scanners. In this regard, a 

technological gap in conventional PET scanners can be addressed through enabling the prediction TOF PET 

images from non-TOF scanners to achieve a higher image quality without hardware upgrades. Our developed 

model is able to transform non-TOF PET sinograms to seven TOF bins allowing the reconstruction of the 

synthesized sinograms using any desired reconstruction as well as pre- and post-reconstruction filtering. 

Quantitative evaluation revealed the slightly better performance of the model 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 function modeling), and 

attenuation/scatter correction are required to be implemented. 

 

Acknowledgements 

 

This work is supported by the Swiss National Science Foundation under grant SNSF 320030_176052 and the 

Private Foundation of Geneva University Hospitals under Grant RC-06-01. 

 

 

 

  



108 

References 

[1] J. Czernin, M. Allen-Auerbach, and H. R. Schelbert, "Improvements in cancer staging with PET/CT: Literature-

based evidence as of september 2006.", J Nucl Med, vol. 48, no. 1, pp. 78S-88, 2007. 

[2] H. Zaidi and N. Karakatsanis, "Towards enhanced PET quantification in clinical oncology", Br J Radiol, vol. 91, no. 

1081, p. 20170508, 2018. 

[3] M. M. Ter-Pogossian, N. A. Mullani, D. C. Ficke, J. Markham, and D. L. Snyder, "Photon time-of-flight-assisted 

positron emission tomography.", J Comput Assist Tomogr, vol. 5, no. 2, pp. 227-239, 1981. 

[4] C. L. Melcher, "Scintillation crystals for PET.", J Nucl Med, vol. 41, no. 6, pp. 1051-1055, 2000. 

[5] J. S. Karp, S. Surti, M. E. Daube-Witherspoon, and G. Muehllehner, "Benefit of time-of-flight in PET: Experimental 

and clinical results.", J Nucl Med, vol. 49, no. 3, pp. 462-470, 2008. 

[6] S. I. Kwon et al., "Ultrafast timing enables reconstruction-free positron emission imaging.", Nat Phot, vol. 15, no. 

12, pp. 914-918, 2021. 

[7] M. Conti, "Focus on time-of-flight PET: the benefits of improved time resolution.", Eur J Nucl Med Mol Imaging, 

vol. 38, no. 6, pp. 1147-1157, 2011. 

[8] T. F. Budinger, "Time-of-flight positron emission tomography: status relative to conventional PET", J Nucl Med, 

vol. 24, no. 1, pp. 73-8, 1983. 

[9] S. Vandenberghe, E. Mikhaylova, E. D'Hoe, P. Mollet, and J. S. Karp, "Recent developments in time-of-flight PET", 

EJNMMI Phys, vol. 3, no. 1, p. 3, 2016. 

[10] C. Lois et al., "An assessment of the impact of incorporating time-of-flight information into clinical PET/CT 

imaging", J Nucl Med, vol. 51, no. 2, pp. 237-45, 2010. 

[11] H. Arabi, A. AkhavanAllaf, A. Sanaat, I. Shiri, and H. Zaidi, "The promise of artificial intelligence and deep learning 

in PET and SPECT imaging", Physica medica, vol. 83, pp. 122-137, 2021. 

[12] A. Akhavanallaf, I. Shiri, H. Arabi, and H. Zaidi, "Whole-body voxel-based internal dosimetry using deep learning", 

Eur J Nucl Med Mol Imaging, vol. 48, no. 3, pp. 670-682, 2021. 

[13] A. Sanaat, H. Arabi, I. Mainta, V. Garibotto, and H. Zaidi, "Projection Space Implementation of Deep Learning-

Guided Low-Dose Brain PET Imaging Improves Performance over Implementation in Image Space", J Nucl Med, 

vol. 61, no. 9, pp. 1388-1396, 2020. 

[14] I. Shiri et al., "Deep-JASC: joint attenuation and scatter correction in whole-body (18)F-FDG PET using a deep 

residual network", Eur J Nucl Med Mol Imaging, vol. 47, no. 11, pp. 2533-2548, 2020. 

[15] H. Arabi and H. Zaidi, "Assessment of deep learning-based PET attenuation correction frameworks in the sinogram 

domain", Phys Med Biol, 2021. 

[16] A. Sanaat, E. Mirsadeghi, B. Razeghi, N. Ginovart, and H. Zaidi, "Fast Dynamic Brain PET Imaging Using 

Stochastic Variational Prediction for Recurrent Frame Generation", Med phys, 2021. 

[17] A. Sanaat, I. Shiri, H. Arabi, I. Mainta, R. Nkoulou, and H. Zaidi, "Deep learning-assisted ultra-fast/low-dose whole-

body PET/CT imaging", Eur J Nucl Med Mol Imaging., no. In press, 2021. 

[18] 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 Network", Appl. Sci., vol. 10, no. 14, p. 4753, 2020. 

[19] H. Zaidi and I. El Naqa, "Quantitative molecular Positron Emission Tomography imaging using advanced deep 

learning techniques.", Annu. Rev. Biomed. Eng., vol. 23, pp. 249-276, 2021. 

[20] A. Sanaat, I. Shiri, S. Ferdowsi, H. Arabi, and H. Zaidi, "Robust-Deep: A Method for Increasing Brain Imaging 

Datasets to Improve Deep Learning Modelsô Performance and Robustness", J. Digit. Imaging, vol. In press, 2021. 

[21] A. J. Reader, G. Corda, A. Mehranian, C. d. Costa-Luis, S. Ellis, and J. A. Schnabel, "Deep Learning for PET Image 

Reconstruction", IEEE trans. radiat. plasma med. sci., vol. 5, no. 1, pp. 1-25, 2021. 

[22] T. A. Song, S. R. Chowdhury, F. Yang, and J. Dutta, "Super-Resolution PET Imaging Using Convolutional Neural 

Networks", IEEE Trans Comput Imaging, vol. 6, pp. 518-528, 2020. 

[23] Z. Hu et al., "Super-resolution of PET image based on dictionary learning and random forests", Nucl. Instrum. 

Methods Phys. Res. A: Accel. Spectrom. Detect. Assoc. Equip., vol. 927, pp. 320-329, 2019. 

[24] H. Arabi and H. Zaidi, "Deep learning-guided estimation of attenuation correction factors from time-of-flight PET 

emission data", Med Image Anal, vol. 64, p. 101718, 2020. 

[25] A. Sanaat, H. Shooli, S. Ferdowsi, I. Shiri, H. Arabi, and H. Zaidi, "DeepTOFSino: A deep learning model for 

synthesizing full-dose time-of-flight bin sinograms from their corresponding low-dose sinograms", NeuroImage, 

vol. 245, p. 118697, 2021. 

[26] B. W. Jakoby, Y. Bercier, M. Conti, M. E. Casey, B. Bendriem, and D. W. Townsend, "Physical and clinical 

performance of the mCT time-of-flight PET/CT scanner.", Phys Med Biol, vol. 56, no. 8, pp. 2375ï2389, 2011. 

[27] J.-Y. Zhu, T. Park, P. Isola, and A. A. Efros, "Unpaired image-to-image translation using cycle-consistent adversarial 

networks" in Proceedings of the IEEE international conference on computer vision, pp. 2223-2232,2017. 

[28] F. Schoonjans, A. Zalata, C. Depuydt, and F. Comhaire, "MedCalc: a new computer program for medical statistics", 

Comput Methods Programs Biomed, vol. 48, no. 3, pp. 257-262, 1995. 

[29] E. Yoshida et al., "245 ps-TOF brain-dedicated PET prototype with a hemispherical detector arrangement", Phys 

Med Biol, vol. 65, no. 14, p. 145008, 2020. 

[30] J. J. van Sluis et al., "Performance characteristics of the digital Biograph Vision PET/CT system.", J Nucl Med, vol. 

60, no. 7, pp. 1031-1036, 2019. 

[31] K. Katsari et al., "Artificial intelligence for reduced dose 18F-FDG PET examinations: a real-world deployment 

through a standardized framework and business case assessment", EJNMMI Phys, vol. 8, no. 1, p. 25, 2021. 

[32] A. S. Chaudhari et al., "Low-count whole-body PET with deep learning in a multicenter and externally validated 

study", NPJ Digit Med, vol. 4, no. 1, p. 127, 2021. 



109 

[33] A. Mehranian et al., "Deep learning-based time-of-flight (ToF) image enhancement of non-ToF PET scans", Eur J 

Nucl Med Mol Imaging, 2022. 

[34] M. Conti, "Why is TOF PET reconstruction a more robust method in the presence of inconsistent data?", Phys Med 

Biol, vol. 56, no. 1, pp. 155-168, 2011. 

[35] E. Ter Voert et al., "Clinical evaluation of TOF versus non-TOF on PET artifacts in simultaneous PET/MR: a dual 

centre experience", Eur J Nucl Med Mol Imaging, vol. 44, no. 7, pp. 1223-1233, 2017. 

[36] W. Whiteley, W. K. Luk, and J. Gregor, "DirectPET: full-size neural network PET reconstruction from sinogram 

data", J. Med. Imaging, vol. 7, no. 3, p. 032503, 2020. 

 

 

 

 

 

  



110 

Chapter 8 
 

Projection-space implementation of deep learning-guided low-dose 

brain PET imaging improves performance over implementation in 

image-space 
 

Amirhossein Sanaat, Hossein Arabi, Ismini Mainta, Valentina Garibotto and Habib Zaidi 

 

J Nucl Med. 2020;61(9):1388-1396. doi: 10.2967/jnumed.119.239327. 

  



111 

Abstract 

Introduction :  

To assess the performance of full dose (FD) positron emission tomography (PET) image synthesis in both image 

and projection space from low-dose (LD) PET images/sinograms without sacrificing diagnostic 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 FD list-mode PET data to simulate a realistic LD acquisition. A 

modified 3D U-Net model was implemented to predict FD sinograms in the projection-space (PSS) and FD images 

in image-space (PIS) from their corresponding LD sinograms/images, respectively. The quality of the predicted 

PET images was assessed by two nuclear medicine specialists using a five-point grading scheme. Quantitative 

analysis using established metrics including the peak signal-to-noise ratio (PSNR), structural similarity index 

metric (SSIM), region-wise standardized uptake value (SUV) bias, as well as first-, second- and high-order texture 

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 over all brain regions was 0.24 ± 0.96% and 1.05 ± 1.44% for PSS and PIS, 

respectively. The Bland-Altman plots reported the lowest SUV bias (0.02) and variance (95% CI: -0.92, +0.84) 

for PSS compared with the reference FD images. The relative error of the homogeneity radiomic feature belonging 

to the Grey Level Co-occurrence Matrix category was -1.07 ± 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 domain. 
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I.  Introduction  

Molecular neuroimaging using is PET is ideally suited for monitoring cell/molecular events early in the course of 

a neurodegenerative disease as well as during pharmacologic therapy [1]. PET is a molecular imaging technique 

that produces a three-dimensional (3D) radiotracer distribution map representing properties of biological tissues, 

such as metabolic activity or receptor availability. PET 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 which are proportional to the 

statistics of the detected events. The main argument in favour of a reduction of the injected radiotracerôs activity 

is linked to the potential risks of ionizing radiation [2]. Albeit low, this risk increase motivates precaution, 

particularly in paediatric patients, healthy volunteers or in case of multiple scanning for follow-up or monitoring 

the response to treatment using different tracers. Therefore, there has always been a desire to moderate the injected 

activity to minimize the potential health hazards. A reduced acquisition time could have a positive impact on 

patientôs comfort and on scannerôs throughput. However, dose/time reduction can adversely impact image quality, 

inevitably leading to lower signal-to-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 low-dose/count (LD) images [3]. Formerly, iterative reconstruction 

algorithms with accurate statistical modelling [4] and post-processing/filtering [5, 6] were the two common 

methods. However, these approaches tend to reduce spatial resolution, quantitative accuracy by producing over-

smooth structures [7, 8]. In the past years, deep learning algorithms have witnessed notable growth in the fields 

of computer vision and medical image analysis [9, 10]. Contrary to other denoising approaches which are applied 

directly on LD PET images, deep learning algorithms are capable of learning a non-linear transformation to predict 

standard-dose images from low-dose inputs. In particular, convolutional neural network (CNN) models have 

demonstrated outstanding performance in cross-modality image synthesis, such as MRI to CT conversion [11, 

12], joint PET attenuation and scatter correction in image-space [13, 14] as well as synthesis of FD PET images 

from LD images [15-21]. Xiang et al. suggested a deep auto-context CNN architecture that estimates FD PET 

images based on local patches in LD PET images [19]. A major limitation of this work is that 2D transaxial slices 

were extracted from PET images and used for 2D training of the CNN model. Another group claimed that reliable 

FD PET could be estimated from a 200th LD images using a residual U-Net architecture [22]. Other work from 

the same group utilized 2D slices of LD 18F-Florbetaben PET images along with various MR sequences, such as 

T1, T2 and DWI, to predict FD images using a U-Net architecture [15]. Häggström et al. [23] developed a deep 

encoder-decoder network for direct reconstruction of PET images from sinograms whereas Hong et al. [24] 

proposed a data-driven, single-image super-resolution technique for sinograms using a deep residual CNN to 

improve PETôs spatial resolution and noise properties. 

A more recent work reported on the use of a 3D-Unet along with anatomical information from co-registered 

MRI to improve PETôs SNR without using higher SNR PET images in the training dataset [25]. Cui et al. [26] 

presented an unsupervised model for PET denoising where the model was fed by the patientôs prior high quality 

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. Furthermore, Lu et al. [27] investigated the effect of different network architectures 

and other parameters pertaining to both noise reduction and quantitative performance. The optimized 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 learning-based approaches to establish an end-to-end pipeline to synthesize 

FD PET in image-space [15-21]. As such, these approaches are optimized for a specific protocol, such as image 

reconstruction algorithm or post-reconstruction filter. Therefore, adoption to a different reconstruction technique 

requires retraining the CNN. Conversely, the prediction of FD PET images in the projection-space allows the 

selection of any reconstruction and/or post-reconstruction filter without the need for retraining the CNN. 

Furthermore, projection-space provides more comprehensive data representation than image-space, effectively 

containing detailed information about count statistics and spatial and temporal distributions.  

To take advantage of this fact, a 3D-Unet was trained to predict a FD sinograms from LD sinograms in an end-to-

end fashion. Thereafter, the synthesized sinogram can be reconstructed using any reconstruction algorithm. 
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Figure 1. Schematic diagram of the modified 3D U-net, consisting of an encoder-decoder convolutional neural network. The 

tensors are indicated by the boxes whereas the arrows denote the computational operations. BN = batch normalization, ReLU 

= rectified linear unit 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. 

II.  Materials and Methods 

PET/CT data acquisition 

The present study was conducted on 18F-FDG 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 females (73 ± 9 yrs and 72 ± 11 yrs, respectively). 

Detailed demographic information of the patients is summarized in Table 1. The study protocol was approved by 

the institutionôs ethics committee and all patients gave written informed content. The PET/CT acquisitions were 

performed on a Biograph mCT scanner (Siemens Healthcare, Erlangen, Germany) about 35 minutes post-

injection. A low-dose CT scan (120 kVp, 20 mAs) was performed for PET attenuation correction. The patients 

underwent a 20-min brain PET/CT scan after injection of 205 ± 10 MBq of 18F-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 containing 5% of the total 

events was extracted randomly from the list-mode data to produce LD sinograms (400×168×621 matrix) using a 

validated code [28]. Both FD and LD PET images were reconstructed into a 200×200×109 image matrix 

(2.03×2.03×2.2 mm3 voxel size) using an ordinary Poisson ordered subsets-expectation maximization (OP-

OSEM) algorithm (5 iterations, 21 subsets). PET images underwent post-reconstruction 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) 73±8 68±18 73±4.5 

Weight(Mean ± SD) 70±13 67±12 71±11 

Indication/Diagnosis Cognitive symptoms of possible neurodegenerative a etiology 
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U-Net architecture 

A modified 3D U-Net based on the model proposed in [29] 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 encoder-decoder module. In the encoder part, each layer contains two 3D convolutions 

[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 3D up-sampling with stride of 2 followed by two 3D convolutions and a 

ReLu. The size of all convolutional kernels is 3×3 ×3 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 occurs in complex deep learning models. In CNN, the 

bottleneck is a layer which contains less neurons compared to its neighbouring layers [31]. To avoid this issue, 

the number of channels was doubled before maxpooling and before each ReLu function. The networks input are 

either a 101 × 101 × 71 matrix (after cropping) in the image domain or 400×168×62 matrix in the projection 

(sinogram) domain. 

The modified 3D U-net 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 FD images/sinograms of 100 subjects were used to train the network using the adaptive 

moment estimation implemented in Keras open-source package [32, 33], which computes adaptive learning rates 

for each parameter and saves an exponentially decaying average of past gradients using Eqs. 1 and 2: 

ὒ ὶὒ ρ ὶὫ                                                          ρ 

ὠ ὶὠ ρ ὶὫ                                                         ς 

where ὒ and ὠ indicate the estimation of the mean and the uncentered variance of the gradients, respectively. Ὣ 

denotes the gradient at subsequent time step ὸ and ὶ and ὶ are exponential decay rates with ὶ, ὶ  ɴ[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 mini-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 model was trained using the 300 augmented along with the 100 original images. 

Applying such a rigid deformation to the training dataset assisted the network to learn features that are invariant 

to these transformations [34]. 

 Training, validation, and testing 

The training and  hyper  parameter fine-tuning of the model were performed on 100 patients. Twenty patients were 

used for model evaluation whereas a separate unseen 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. In 

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. The quality of PET images was assessed using a five-point grading scheme, namely 1: 

uninterpretable, 2: poor, 3: adequate, 4: good and 5: excellent. 

Quantitative analysis 

The accuracy of the predicted FD images from LD PET data were evaluated using three quantitative metrics, 

including the root mean squared error (RMSE), peak signal-to-noise ratio (PSNR), and structural similarity index 

metrics (SSIM) (Eqs. 3-5, respectively). 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 a 65-year old male patient. The reference full-dose 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 lower panel. 
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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)  Short-Zone Emphasis (SZE) 

Long-Zone Emphasis (LZE) 

Short-Zone Low Gray-level Emphasis (SZLGE) 

Short-Zone High Gray-level Emphasis (SZHGLE) 

Long-Zone Low Gray-level Emphasis (LZLGLE) 

Long-Zone High Gray-level Emphasis (LZHGLE) 

Zone Percentage (ZP) 

Grey-Level Run Length Matrix (GLRLM)  Short-Run Emphasis (SRE) 

Long-Run Emphasis (LRE) 

Short-Run Low Gray-level Emphasis (SRLGLE) 

Short-Run High Gray-level Emphasis( SRHGLE) 

Run Length Non-Uniformity (RLNU) 

Run Percentage (RP) 

Grey Level Co-occurrence Matrix (GLCM)  Homogeneity 

Energy 

Dissimilarity 

 

ὙὓὛὉὢȟὣ  
В ὢ ὣ

ὒ
                                                                 σ 

ὖὛὔὙὢȟὣ ςπὰέὫ
ȟ
                                                              τ 

ὛὛὍὓὢȟὣ                                                           υ  

In Eq. (3), ὒ is the total number of voxels in the head region, ὢ is the reference image (FD), and ὣ is the 

predicted FD image. In Eq. (4) ὓὥὼὣ indicates the maximum intensity value of ὢ or ὣ, whereas MSE is the 

mean squared error. ά  and ά  in Eq. (5) denote the mean value of the images ὢ and ὣ, respectively. „  

indicates the covariance of „ and „, which in turn represent the variances of ὢ and ὣ images, respectively. The 

constant parameters ὧ and ὧ (ὧ πȢπρ ὥὲὨ ὧ πȢπς were used to avoid a division by very small numbers. 

Region-based analysis was also performed to assess the agreement of the tracer uptake and 28 radiomic features between 

predicted and ground-truth images. Using the PMOD medical image analysis software (PMOD Technologies LLC, 

Switzerland) and the Hammers N30R83 brain atlas, 83 brain regions were delineated on the ground-truth FD PET images. 

Then the delineated 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, RMSE: root 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 features using the LIFEx analysis tool [35]. Moreover, the region-wise standardized 

uptake value (SUV) bias 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 reference. A joint histogram analysis was also carried out to depict 

the voxel-wise 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 Grey-Level Zone Length Matrix (GLZLM), six Grey-Level Run Length Matrix 

(GLRLM) and three Grey Level Co-occurrence Matrix (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. 

ὙὉ
ȟ

ρππϷ                                                                           φ  

In Eq. (6) , Ὢ denotes the value of a specific radiomic feature calculated in a brain region. The MedCalc 

software [36] was employed for the calculation of the pairwise t-test for statistical analysis of RMSE, SSIM and 

PSNR between LD, PSS, PIS and reference FD PET images. The significance level was set at p-value < 0.05 for 

all comparisons. 

 

III.  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, coronal and sagittal 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 patterns and anatomy 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 nuclear medicine 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 projection-space showed improved image 

quality and better noise properties and higher quantitative accuracy (Table 4) with statistically significant 

differences with respect to the implementation in image-space.  

 

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

images. 

 
PSS PIS LD  

Average SUV bias (%)  0.24±0.96 1.05±1.44 0.10±1.47 

Absolute average SUV bias (%)  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 LD, PIS, and 

PSS with respect to FD. The scatter and linear regression plots showed a higher correlation between PSS and FD 

(R2 = 0.99, RMSE = 0.28) compared to PIS (R2 = 0.98, RMSE = 0.33). A relatively higher RMSE (0.42) was 

obtained for LD PET images. 

Figure 4. Joint histogram analysis of the LD PET images (left), predicted FD images in sinogram space (middle) and image 

space (right) versus FD PET images. 
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The Bland-Altman plots, where each data point reflects a brain region, confirmed the results obtained from joint 

histogram analysis where the lowest SUV bias (0.02) and smallest SUV variance (95% CI: -0.92, +0.84)  

Figure 5. Bland & Altman plots 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 lines denote the 

mean and 95% confidence interval (CI) 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% CI:-2, +2), reflecting their poor image quality. 

 

Figure 6 depicts the region-wise quantitative accuracy of the tracer uptake for LD, PSS and PIS images. The 

standard deviation of tracer uptake in all brain regions, SUV bias and its standard deviation within each brain 

region were calculated using Hammersô N30R83 brain atlas to delineate the 83 brain regions. It was shown that 

the SUV bias was below 4% for PSS, PIS and LD images with LD exhibiting a relatively high STD compared to 

PIS and PSS. The PSS approach led to the lowest absolute average SUV bias (0.69 ± 0.7%) 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 SUV bias 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 RE of SUVmean calculated across all brain regions was 0.24 ± 0.96% 

and 1.05 ± 1.44% for PSS and PIS, respectively. The largest SUVmean bias between PSS and PIS images with 

respect to reference FD images were observed in the brainstem (4.04%), corp-callosum (3.8%), pallidum (3.08%), 

caudate nucleus (1.6%) and superior frontal gyrus (3.38%). SUVmax had 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 was -1.07 ± 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. The middle frontal gyrus, medial orbital gyrus, and posterior orbital gyrus 

displayed substantial variances for dissimilarity radiomic feature of both PIS and PSS (3.68% vs. 4.89%, -1.7% 

vs. 2.91% and -1.7% vs. 2.9%). 
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Figure 6. Plots of SUV standard deviation in the different brain regions (left panel), mean SUV bias (%) (middle panel) and 

its standard deviation (right 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. 

IV.  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 approaches [15-21]. 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 was performed using a so-called 2.5 

D scheme, considering a batch of image slices as input, since there is a dependence of tracer distribution along 

the z-axis. Hence, by including the neighbouring slices, the model would be able to capture the underlying 

morphologic 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 LD sinograms had a superior image quality and lower regional SUV bias 

and variance compared with both LD and FD images predicted in image-space.  


