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Summary
Single-photon emission computed tomography (SPECT) is a well-established nuclear imaging modality for studying functional and pathological properties of the brain. Conventional general purpose SPECT systems typically offer a spatial resolution of about 10 mm
with a sensitivity of 0.01-0.02%. A few dedicated brain SPECT scanners have been proposed, but resolutions and sensitivities are no better than 7 mm and 0.03% respectively,
and some of these scanners are not manufactured anymore. This limited resolution hampers detection of localized brain abnormalities, while the low sensitivity requires a long
scanning time that limits fast dynamic studies. Besides a compromised resolution and
sensitivity, conventional SPECT systems require rotation of heavy detectors to obtain
sufficient angular projections, which hamper fast dynamic imaging.
To cope with several limitations of conventional SPECT, a prototype clinical system dubbed
G-SPECT-I was launched by MIlabs BV (Utrecht, the Netherlands). It is based on the use of
a stationary combination of an exchangeable multiple-pinhole collimator and nine large
field-of-view detectors. For objects the size of a human head, G-SPECT-I achieved an
unprecedented reconstructed resolution down to 2.5 mm with a 0.042% peak sensitivity and a reconstructed resolution of 3.5 mm with a 0.090% peak sensitivity, when using
collimators with an inner diameter of ∼ 38 cm and a respective pinhole diameter of 3.0
and 4.5 mm.
Due to its stationary detector geometry, rotation of heavy detectors (hundreds of kilos) and collimators is not required for G-SPECT-I, which can be an advantage for fast
dynamic imaging. G-SPECT-I employs a geometry in which all pinholes are simultaneously viewing a central volume. This focusing geometry results in a central region that is
subject to complete sampling and therefore can be imaged in a fully stationary mode. To
expand the volume that is sampled sufficiently, the patient bed is translated during imaging. Thus, G-SPECT-I offers the flexibility of performing fully stationary confined-region
scans while also allowing for extended volume scans in which only the bed needs to be
translated. For brain scanning with G-SPECT-I, the overhead time for a bed translation
during scanning is currently ∼ 1.7 s, meaning that for fast dynamic scans of a larger area
or the entire head, a significant fraction of the acquisition time could still be lost. To enable fast dynamic SPECT imaging, image acquisition protocols with a minimized number
of bed translations with G-SPECT-I were developed in this thesis.
For brain SPECT, two important applications are dopamine transporter imaging (DaTscan)
using the tracer ¹²³I-FP-CIT and brain perfusion imaging using 99𝑚 Tc-labelled tracers
v
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(99𝑚 Tc-HMPAO or 99𝑚 Tc-ECD). The former provides a visualization of dopamine transporters in the brain’s striatum for diagnosis of e.g., Parkinson’s disease. Perfusion imaging
is often applied to the entire brain for assessment of e.g. cerebrovascular diseases or detection of epileptic foci. In this thesis, we developed dedicated optimal bed trajectories
for both applications based on simulation studies. Specifically, for DaTscan imaging, we
proposed a focused striatum scanning strategy to maximize the striatal count yield while
ensuring appropriate sampling for surrounding brain tissue; for full brain perfusion imaging, we confined the scan region to the minimum required and investigated the effect of
reduction of the number of bed translations on perfusion image quality. Evaluation of
the proposed strategies were performed using corresponding clinical assessment criteria. Results show that G-SPECT-I is able to achieve a focused DaTscan with only 4 bed
translations while a full brain perfusion scan can be achieved with only 18 bed translations. As a consequence, the corresponding overhead times for the bed movement are
only seconds or half a minute respectively, which facilitates fast dynamic brain imaging
using the G-SPECT-I technology.
Apart from optimizing image acquisition, we investigated accurate attenuation map estimation for brain SPECT imaging solely using emission data. In clinical SPECT, attenuation correction can be applied to obtain images that provide quantitative information
on the regional activity concentration. This correction generally requires an attenuation map, usually derived from a registered CT scan, that gives the attenuation coefficient at each voxel in the patient. However, such a CT scan is often not available and
errors in image registration can induce inaccuracies in the attenuation corrected SPECT
images. Alternatively, the scattered photons from the SPECT emission data contain essential information about the tissue attenuation coefficient. In this thesis, we proposed
to extract this information using deep learning techniques. To this end, we performed
multiple image reconstructions from different energy windows to employ the energyspatial information of the photons over a broad energy range (primary and scattered).
This image set is subsequently used as input to a convolutional neural network (CNN) to
generate a SPECT-aligned attenuation map as output. Using Monte Carlo simulations,
the proposed CNN method was validated for full brain perfusion imaging and for focused
DaTscan imaging with G-SPECT-I. Different CNN architectures were investigated for an
optimal application on the focused DaTscans. Results show that CNNs can be employed
to estimate accurate attenuation maps using SPECT data only, which could allow for attenuation correction to be independent of data from other imaging modalities.
Although the proposed strategies presented in this thesis show promising results, the
studies were solely based on simulations. Future validation using patient scans is essential to bring the developed methods closer to clinical applicability.

Samenvatting
Single-photon emission computed tomography (SPECT) is een veel gebruikte nucleaire
beeldvormende methode voor het bestuderen van functionele en pathologische eigenschappen van de hersenen. Conventionele SPECT systemen voor algemene doeleinden
hebben doorgaans een ruimtelijke resolutie van ongeveer 10 mm met een gevoeligheid
van 0.01-0.02%. Er zijn enkele specifieke SPECT scanners voor hersenen ontwikkeld,
maar resoluties en gevoeligheden zijn niet beter dan respectievelijk 7 mm en 0.03%, en
sommige van deze scanners worden niet meer geproduceerd. Deze beperkte resolutie
belemmert de detectie van gelokaliseerde hersenafwijkingen, terwijl de lage gevoeligheid
een lange scantijd vereist, wat resulteert in een verhoogd risico op bewegingsartefacten
en grenzen aan snelle dynamische studies. Naast een matige resolutie en gevoeligheid,
vereisen conventionele SPECT systemen rotatie van zware detectoren om voldoende
hoekprojecties te verkrijgen, wat een snelle dynamische beeldvorming belemmert.
Om het hoofd te bieden aan verschillende beperkingen van conventionele SPECT, werd
een prototype klinisch systeem genaamd G-SPECT-I gelanceerd door MIlabs BV (Utrecht,
Nederland). Het is gebaseerd op het gebruik van een stationaire combinatie van een verwisselbare collimator met meerdere pinholes en negen grote detectoren. Voor objecten
ter grootte van een menselijk hoofd behaalde G-SPECT-I een ongekende gereconstrueerde resolutie tot 2.5 mm met een piekgevoeligheid van 0.042% en een gereconstrueerde resolutie van 3.5 mm met een piekgevoeligheid van 0.090% bij gebruik van collimatoren met een binnendiameter van ∼ 38 cm en pinhole-diameters van respectievelijk
3.0 en 4.5 mm.
Vanwege de stationaire detectorgeometrie is rotatie van zware detectoren (honderden
kilo’s) en collimatoren niet vereist voor G-SPECT-I, wat een voordeel kan zijn voor snelle
dynamische beeldvorming. G-SPECT-I maakt gebruik van een geometrie waarin alle pinholes tegelijkertijd een centraal volume bekijken. Deze focusseergeometrie resulteert in
een centraal gebied met volledige bemonstering en kan daarom worden afgebeeld in een
volledig stationaire modus. Om het volume dat voldoende wordt bemonsterd uit te breiden, wordt het patiëntbed tijdens beeldvorming getransleerd. G-SPECT-I biedt daarmee
de flexibiliteit om volledig stationaire scans van beperkte gebieden uit te voeren, terwijl
ook uitgebreide volumescans mogelijk zijn waarbij alleen het bed hoeft te worden getransleerd. Voor hersenscans met G-SPECT-I is de overheadtijd voor een bedtranslatie
tijdens het scannen momenteel ∼ 1.7 s, wat betekent dat voor snelle dynamische scans
van een groter gebied of het hele hoofd, een aanzienlijk deel van de acquisitietijd nog
vii
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steeds verloren zou kunnen gaan. Om snelle dynamische SPECT beeldvorming mogelijk te maken, werden in dit proefschrift beeldacquisitieprotocollen ontwikkeld met een
minimaal aantal bedtranslaties met G-SPECT-I.
Voor hersen SPECT zijn twee belangrijke toepassingen dopamine transporter beeldvorming (DaTscan) met behulp van de tracer ¹²³I-FP-CIT en beeldvorming van de hersenperfusie met behulp van 99𝑚 Tc-gelabelde tracers (99𝑚 Tc-HMPAO of 99𝑚 Tc-ECD). De eerste
geeft een visualisatie van dopamine transporters in het striatum van de hersenen voor
de diagnose van bijvoorbeeld de ziekte van Parkinson. Perfusiebeeldvorming wordt vaak
toegepast op de gehele hersenen voor beoordeling van b.v. cerebrovasculaire ziekten of
detectie van epileptische haarden. In dit proefschrift hebben we optimale bedtrajecten
speciaal ontwikkeld voor beide toepassingen op basis van simulatiestudies. Specifiek,
voor DaTscan beeldvorming, hebben we een gefocuste striatum scanstrategie voorgesteld om de telopbrengst van het striatum te maximaliseren en tegelijkertijd de juiste
bemonstering voor omringend hersenweefsel te garanderen; voor beeldvorming van de
perfusie van de volledige hersenen hebben we het scangebied tot het minimum vereiste
beperkt en het effect van reductievan het aantal bedtranslaties op de beeldkwaliteit van
de perfusie onderzocht. Evaluatie van de voorgestelde strategieën werd uitgevoerd met
behulp van toepasselijke klinische beoordelingscriteria. De resultaten tonen aan dat GSPECT-I in staat is om een gerichte DaTscan te bereiken met slechts 4 bedtranslaties en
een volledige hersenperfusiescan kan worden bereikt met slechts 18 bedtranbslateis. Als
gevolg hiervan zijn de bijbehorende overheadtijden voor de bedtranslaties respectievelijk slechts seconden of een halve minuut, wat snelle dynamische beeldvorming van de
hersenen mogelijk maakt met behulp van de G-SPECT-I technologie.
Afgezien van het optimaliseren van de beeldacquisitie, hebben we een nauwkeurige schatting van de verzwakkingskaart voor hersen SPECT beeldvorming onderzocht, alleen op
basis van emissiegegevens. In klinische SPECT kan verzwakkingscorrectie worden toegepast om beelden te verkrijgen die kwantitatieve informatie verschaffen over de regionale
activiteits concentratie. Deze correctie vereist in het algemeen een verzwakkingskaart,
meestal afgeleid van een geregistreerde CT scan, die de verzwakkingscoëfficiënt bij elke
voxel in de patiënt geeft. Een dergelijke CT scan is echter vaak niet beschikbaar en fouten in de beeldregistratie kunnen onnauwkeurigheden veroorzaken in de voor verzwakking gecorrigeerde SPECT beelden. Als alternatief kunnen de verstrooide fotonen van
de SPECT tracer essentiële informatie over de weefselverzwakkingscoëfficiënt verschaffen. In dit proefschrift hebben we voorgesteld om deze informatie uit de emissie data
te halen met behulp van deep learning technieken. Daartoe hebben we meerdere beeldreconstructies uitgevoerd met verschillende energievensters om de energieruimtelijke
informatie van de fotonen over een breed energiebereik (primair en verstrooid) te gebruiken. Deze beeldsets worden vervolgens gebruikt als invoer voor een convolutioneel
neuraal netwerk (CNN) om een met SPECT uitgelijnde verzwakkingskaart als uitvoer te
genereren. Met behulp van Monte Carlo simulaties werd de voorgestelde CNN methode
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gevalideerd voor beeldvorming van de volledige hersenperfusie en voor gefocuste DaTscan beeldvorming met G-SPECT-I. Verschillende CNN architecturen werden onderzocht
voor een optimale toepassing op de gefocuste DaTscans. Resultaten tonen aan dat CNN’s
kunnen worden gebruikt om nauwkeurige verzwakkingskaarten te schatten met alleen
SPECT gegevens, waardoor verzwakkingscorrectie onafhankelijk kan zijn van gegevens
van andere beeldvormingsmodaliteiten.
Hoewel de voorgestelde strategieën in dit proefschrift veelbelovende resultaten laten
zien, waren de studies uitsluitend gebaseerd op simulaties. Toekomstige validatie met
behulp van patiëntenscans is essentieel om de ontwikkelde methoden dichter bij klinische
toepasbaarheid te brengen.

1
Introduction
1.1. Radionuclide imaging
1.1.1. SPECT and PET
Single-photon emission computed tomography (SPECT) is one of the major clinical radionuclide imaging techniques for studying e.g. cardiac, liver, thyroid, bone and brain
abnormalities. In SPECT, radiolabelled molecules (“tracers”) are injected into the body
and subsequently accumulate at specific tissues. SPECT systems estimate the 3D distribution of the tracer by detecting gamma photons emitted by the tracer leaving the
patient, and the resulting SPECT images that can be displayed on a screen give insights
into functional and pathological properties of the tissue.
SPECT has often been compared with PET, another important nuclear imaging technique.
A major difference between SPECT and PET lies in the nature of the radioactive decay of
their tracers: a SPECT tracer decays by emitting single gamma photons with a typical
energy of 75-360 keV, while decay of a PET tracer results in the emission of pairs of annihilation photons with a fixed energy of 511 keV (for all positron emitters). Thus, SPECT
permits simultaneous imaging of multiple tracers by separating them based on their photon emission energies. This is not possible with PET as annihilation photons from different PET tracers are indistinguishable by energy. Furthermore, SPECT tracers often
apply long living radionuclides that allow for long-distance transportation from production site to hospital while PET tracers are usually more short-lived requiring tracers to be
produced close to clinical facilities. Besides, different gamma photon collimation principles are used in clinical SPECT and PET: SPECT relies on mechanical collimation to
1
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obtain directional information of the detected gamma photons while clinical PET is commonly based on electronic collimation, meaning that the direction of the two annihilation
photons detected in coincidence is assumed to be given by the line joining the two detected locations. The different collimation techniques lead to a difference in resolution
and sensitivity of clinical conventional SPECT systems (about 8-10 mm and 0.01-0.02%
respectively) and PET systems (about 4 mm and 1% respectively). Additionally, the use of
different techniques result in a significant difference in costs; SPECT is generally much
more cost-efficient than PET (scanners are typically 4 times cheaper [1, 2]). Generally,
SPECT and PET are highly complementary technologies that have overlapping but unique
applications. The choice of either modality largely depends on the clinical task as well
as the availability of systems and tracers. Currently, about 75% of the clinical nuclear
imaging procedures are performed with SPECT [3]. Worldwide, about 40 million SPECT
scans are annually performed, while in the Netherlands, around 250,000 SPECT examinations are conducted each year [4]. In this thesis, we focus on clinical SPECT imaging for
assessment of brain abnormities based on a newly developed prototype SPECT system.

1.1.2. SPECT application for brain imaging
Two important applications of brain SPECT are DaTscans using ¹²³I-FP-CIT (159 keV) as
a tracer and brain perfusion scans with 99𝑚 Tc-labelled tracers (99𝑚 Tc-HMPAO or 99𝑚 TcECD at 140 keV).
DaTscans provide visualization of the dopamine transporter (DaT) density in the brain
(Fig 1.1). Dopamine is a neurotransmitter found in the brain’s striatum that regulates activities such as movement and emotion. Therefore, a DaTscan is useful in evaluation
of patients with suspected parkinsonian syndromes (a group of diseases sharing similar symptoms of slow movement, resting tremor and trouble walking). For patients with
Parkinson’s disease (PD), dementia with Lewy body, or other parkinsonian syndromes due
to neurodegeneration, an abnormal DaTscan with a reduced DaT density is observed. An
illustration of the shape and location of the striatum as well as several clinical DaTscans
are given in figure 1.1 (a-b).
Brain perfusion scans image regional cerebral perfusion (see Fig. 1.1c-d). As cerebral
blood flow is closely linked to neuronal activity, and thus the perfusion distribution can
indirectly reflect the cerebral metabolism level in different areas of the brain. A hyperperfusion pattern can be related to an increased neuronal activity (e.g. in epilepsy) while
hypo-perfusion might be associated with impaired cerebral function. SPECT is the only
imaging modality that is capable of an ictal perfusion scan in routine clinical settings for
epileptic foci detection. This is accomplished by the rapid injection of the 99𝑚 Tc-labelled
tracer (99𝑚 Tc-HMPAO or 99𝑚 Tc-ECD) at the time of seizure onset. The tracer is trapped
in the tissue compartment and does not change its relative distribution over time, which
allows a SPECT scan several hours after the injection when the patient is sedated. Be-
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Figure 1.1: Examples of DaTscans and brain perfusion scans. (a) Illustration of the shape and location of the
striatum (target structure for a DaTscan); the tracer ¹²³I-FP-CIT binds selectively to the striatum with high
affinity. (b) Examples of a DaTscan obtained from a patient with Parkinson’s disease and from a patient with
essential tremor; note that Parkinson’s disease and essential tremor have overlapping clinical symptoms and
are difficult to distinguish based on clinical examinations only. (c) Illustration of a normal brain perfusion scan
with a tracer distribution over the entire brain; (d) examples of an interictal and an ictal SPECT scan; epileptic
foci can be detected by subtracting the interictal scan from the ictal scan. Examples in (b) and (d) are adapted
from [5, 6] with permission.

sides, brain perfusion scans can aid in medical cases for assessment of cerebrovascular
diseases, differential diagnosis of dementia, evaluation of brain traumatic injury and brain
death, etc.

1.2. SPECT systems
1.2.1. Gamma detectors and collimators
SPECT systems consist of gamma detectors and collimators. The detectors are mainly
based on NaI scintillators (a crystal that converts high-energy gamma photons into visible
light photons) and photomultiplier tubes (PMTs, which absorb light photons and generate
electric signals with amplitude ideally proportional to the number of light photons that
reach the tube). For each incoming gamma photon that hits the detector, position and
energy are estimated by the position and the intensity of the electric pulses of the array
of PMTs. The typical intrinsic spatial resolution of the detector is 3-4 mm due to the
uncertainty of light collection and the light conversion process. The energy resolution
of the detector is around 10% for photons with an energy of 140 keV that are emitted by
99𝑚
Tc (the most commonly used SPECT isotope).
Between the detector and the patient, a collimator is placed. Collimators are made of
dense materials with high stopping power (e.g. lead or tungsten) to reduce penetration
of high energy photons. Only gamma photons coming from certain directions can pass
the collimator and reach the detector. This way of selective blocking provides directional

4
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information on the detected gamma photons. Such information is necessary for later
retrieval of the 3D tracer distribution.
Several types of collimators have been proposed, and a few of them are illustrated in figure 2. The parallel-hole collimator is one of the most important and currently the most
widely used collimator in clinical practice. The pinhole collimator is another important
collimator used in some clinical systems and is now widely applied in preclinical SPECT
for animal imaging. Converging and diverging hole collimators are used in a few clinical systems. Converging hole collimators can be further categorized into fan-beam and
cone-beam collimators. In the latter cone-beam case, the holes are tilted both in the
transaxial plane and in the axial direction. The parallel-hole and pinhole collimator are
explained in detail in the following text as they are most relevant for this thesis.
A parallel-hole collimator typically has a honeycomb structure, with each cell being a
long and narrow hole (see Fig. 1.2). Ideally at each detector pixel, only the accumulated
photons coming along a common single direction perpendicular to the detector surface
are recorded. In practice, each hole has a finite width and length, and thus photons
coming from a direction slightly deviating from the perpendicular view are also detected
(see Fig. 1.2). Wider and shorter holes permit more photons to pass and thus increase
count yield (higher sensitivity), however at the cost of a degraded spatial definition (lower
collimator resolution). A conventional parallel-hole general purpose system has a system
resolution (a combined detector and collimator resolution) of about 10 mm.

Figure 1.2: Illustration of (a) parallel-hole collimator, (b) pinhole collimator, (c) converging and (d) diverging hole
collimator.

A pinhole collimator is made of a large plate or a cylinder with one or multiple holes in it
(typically having a double cone shape, see Fig. 1.2). The pinhole permits an object to be
projected onto the detector with a magnification factor if the object-pinhole distance 𝑙 is
smaller than the pinhole-detector distance 𝑧. Thus, for objects smaller than the detector
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surface area, the crystal detector can be efficiently used (see also Fig. 1.3). Due to the
magnification, the effect of detector resolution is reduced by a factor of 𝑧/𝑙 , while the
collimator resolution becomes 𝐷(𝑧 +𝑙)/𝑧 where 𝐷 is the pinhole diameter. By employing
a large number of pinholes and focusing them on the same region, a high sensitivity can
be obtained within the focal region of the pinholes.
Our group initially developed various multi-pinhole SPECT systems for preclinical purposes that are nowadays in use by hundreds of researchers worldwide. Excellent resolutions of down to 0.12 mm and 0.25 mm for ex-vivo and in-vivo mice imaging were
achieved respectively [7, 8]. For clinical SPECT, multi-pinhole collimation systems are
mostly under investigation in research studies. A detailed overview is given in a recent
paper [9]. Currently, few multi-pinhole clinical scanners are on the market (one example
is the Discovery NM530c for cardiac SPECT). Recently, a prototype multi-pinhole system launched by MIlabs BV (the Netherlands) has demonstrated a resolution of 2.5 mm
in physical phantom studies [10].

Figure 1.3: Projections using a parallel-hole collimator and a pinhole collimator. With parallel-hole collimation,
projections are blurred with a detector intrinsic resolution 𝑅𝑖 . In contrast, projections can be magnified on the
detector with pinhole collimation, which results in an equivalent detector resolution of 𝑅𝑖 (𝑙/𝑧). Here 𝑙 is the
object-pinhole distance and 𝑧 is the pinhole-detector distance.

1.2.2. Sampling completeness
To retrieve the 3D tracer distribution, multiple 2D projections on the detectors acquired
from different angles are needed for sufficient sampling. The sampling conditions for
SPECT imaging can in practice be categorized into i) angular sampling in the transaxial
plane (𝑥𝑦 plane) and ii) axial sampling (𝑧 direction).
Angular sampling completeness demands that every part of the object should have projections acquired from an orbit covering at least 180 degrees at sufficiently small angular
intervals. If part of the objects fails to have these projections, ‘projection truncation’
happens which might result in artefacts in the estimated 3D tracer distribution. Angular
sampling sufficiency can be achieved by rotating the detector-collimator (gantry) around
the patient. Current clinical SPECT systems with dual-head parallel-hole configurations
(the most prevalent) are mostly rotation-based. To obtain a total of 120 views (as generally

1
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recommended), 60 detector positions are needed for a dual-head scanner. Meanwhile,
the overhead time associated with rotation of heavy detectors (hundreds of kilos) could
be minutes, which hampers fast dynamic capabilities. Alternatively, stationary systems
that have multiple pinhole-collimated detectors mounted in a ring have been proposed
in several research groups [10–13]. Such a ring-based system could allow acquiring projections from different directions simultaneously without any rotation of the heavy detectors, while a high sensitivity can be achieved with the use of multiple detectors.
For parallel-hole systems, holes in each collimator are directed towards a common direction that is parallel to the transaxial plane (see Fig. 1.3). Axial sampling sufficiency is
obtained by scanning at different stops along the axial direction in a “step-and-shoot”
mode. For multi-pinhole systems, not all projection views are parallel to the transaxial
plane (as indicated by the dashed orange lines in Fig. 1.3). In principle, sampling completeness is only achieved for the central plane (as illustrated by the solid orange line
in Fig. 1.3). Practical ways to extend the region with sufficient axial sampling are using
multiple rings of pinholes and/or scanning at different stops along a spiral trajectory or
a multi-planar trajectory [14].

1.2.3. Multi-pinhole stationary G-SPECT-I system
Nowadays, clinical SPECT is mostly performed with dual-head parallel-hole systems. Due
to the limited resolution and sensitivity of these systems (about 8-10 mm and 0.01-0.02%
respectively), attempts to improve the performance have been made, including the development of triple-head fan beam systems (e.g. GCA-9300A and Prism 3000XP). While
for these systems the sensitivity was increased to around 0.03%, the resolution was only
slightly improved to about 7 mm, and these systems are available from a limited number
of vendors. Besides, a few SPECT systems dedicated for cardiac or brain imaging were
built. In dedicated cardiac systems (e.g. D-SPECT and Discovery NM 530c), detectors are
arranged in such a way that a high sensitivity (0.06-0.1%) is obtained in the heart region
while resolution is not much improved (about 10 mm). Particularly, Discovery NM 530c
is a multi-pinhole stationary system that does not require detector movement. For dedicated brain SPECT, scanners were constructed by using either sophisticated detectors
(e.g. Mediso X-Ring/4R), or a large number of focusing collimators and detectors (e.g.
NeuroFocus and inSpira HD with a resolution of about 7 mm). However, only few clinical
validations are available with the dedicated brain systems and some are not manufactured anymore.
SPECT systems with multi-pinhole collimators have demonstrated enhanced resolution
and detection sensitivity especially when imaging small objects. Simulation studies were
carried out in several groups to optimize a multi-pinhole system geometry for clinical
purposes. Lately, a multi-pinhole prototype clinical G-SPECT-I system was launched by
MIlabs BV (Utrecht, the Netherlands). A few phantom scans have been performed, which
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demonstrated a superior resolution of G-SPECT-I down to 2.5 mm and a peak sensitivity of 0.042%. The superior resolution and sensitivity of G-SPECT-I is facilitated by the
use of a stationary combination of multi-pinhole collimators and nine large field-of-view
detectors. Owing to this stationary detector geometry, rotation of heavy detectors and
collimators is not needed, which can be an advantage of G-SPECT-I for fast dynamic
imaging. Additionally, while conventional parallel-hole collimators were designed for
imaging isotopes emitting gammas with a typical energy of around 140 keV, G-SPECT-I
permits imaging isotopes with medium- and high-energy photons due to the better penetration characteristics with pinholes. A high resolution of 4.5 mm was obtained when
imaging isotopes emitting gamma photons at 511 keV energy (MIlabs G-SPECT brochure,
www.milabs.com). Hence, G-SPECT-I might be a unique platform that permits simultaneous imaging of multiple diagnostic and therapeutic isotopes (i.e., 𝛼 and 𝛽 emitters that
co-emit high-energy gammas e.g. ²¹³Bi with 440 keV gammas) over a broad energy range.
An illustration of the G-SPECT-I configuration is given in Fig. 1.4. The G-SPECT-I system consists of nine gamma detectors applying NaI(TI) scintillators (the most widely used
detector for clinical SPECT). Each detector has a large size of 595 × 472 × 9.5 mm³. The
multi-pinhole collimator is interchangeable (as shown in Fig. 1.4). In this thesis, collimators that have a bore diameter of around 38 cm which are very suitable for brain, selected
extremity or pediatric imaging were used. These collimators are termed brain collimators in this thesis. Other collimators having a larger bore size have also been designed
and built for body SPECT scans with G-SPECT-I (e.g. for cardiac imaging).
With the brain collimators, the influence of intrinsic detector resolution (3.5 mm) is diminished by using a pinhole-detector distance (542 mm) that is larger than the objectpinhole distance (215 mm). All pinholes are focusing on a central volume. Within this
central volume, projections over 360∘ are acquired (meaning that sufficient sampling is
ensured) and a high sensitivity is obtained. This region is thus called the complete data
volume (CDV, see Fig. 1.4). Imaging of an object covered by the CDV can thus be performed in a fully stationary mode enabling sub-second time resolution. The transaxial
diameter 𝑅𝑐 and axial length 𝐿𝑐 of the CDV are 100 mm and 60 mm respectively. For a
scan of an object larger than the CDV, the bed is translated to position different parts of
the object in the CDV for sufficient sampling of the entire object. This bed translation
is facilitated by a precisely controlled 𝑥𝑦𝑧 stage. In this way, G-SPECT-I also allows for
extended volume scans in which only the bed needs to be translated.
Employing a large number of bed translations with small steps to make sure every part of
the object is at least once positioned in the CDV would warrant sufficient sampling. This
however comes at the cost of an increased overhead time needed for bed movement
(around 1.7 seconds per bed translation). For fast scans or multi-frame dynamic studies
(e.g. with half-minute time frames), a significant fraction of acquisition time could be lost,
which leads to a reduced number of detected counts and a compromised effective sensitivity. For this reason, optimizing the bed translation trajectory with a limited number
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of bed movement is one of the topics of this thesis.

Figure 1.4: G-SPECT-I system; the left image shows the brain collimator, and the right image shows the body
collimator.

1.2.4. Simulation and image reconstruction
1.2.5. Physics in photon transport
A gamma photon emitted by a tracer might interact with human tissue, with the collimator and with the detector before being detected. In clinical SPECT, two main photon
interactions are relevant. The first one is the photoelectric effect which takes place primarily in heavy metal materials (e.g. collimator and detector). The consequence of the
photoelectric effect is photon absorption with a resulting loss in the number of gamma
photons being detected. The second relevant interaction is Compton scatter which is the
dominating interaction in soft tissue (accounting for over 95% of the total interactions
for 140 keV photons). In the case of Compton scatter, photons are deflected and lose part
of their energy. This leads to a broad energy spectrum of the detected gamma photons
even when imaging isotopes that emit gammas at a single energy. The cross section of
Compton scatter is proportional to the density of a substance.
Ideally, one would hope that the primary photons emitted from the tracer can be captured entirely and exclusively (i.e., free of scattered photons) for estimating the tracer
distribution. Differentiation of the primary photons from the scattered ones can be done
based on the photon energy. However due to energy uncertainty associated with the intrinsic detector energy resolution, an energy window centred at the photo-peak energy
is used to maximally include the primary photons while excluding the scattered photons
(e.g. a window width of 20% at 140 keV for 99𝑚 Tc). Even so, scattered photons still make
up a non-negligible contribution of the total number of counts within the photo-peak
window (30%-40% in most clinical cases [15]). As a result, scatter artefacts arise which
are characterized by a reduced contrast in the estimated tracer distribution. Apart from
scatter artefacts, the loss of primary photons due to photon scattering and photon absorption leads to attenuation artefacts. As a typical example of attenuation artefacts, a
uniform activity distribution would show a decreased intensity in the image especially
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at the central part of the object. Besides leading to a degraded image quality, accurate
quantification of the underlying tracer distribution is prohibited when corrections for
scatter and attenuation are not applied.
Currently, scatter correction is commonly done using the triple energy window (TEW)
subtraction method [16]. The TEW uses two narrow windows at each side of the photopeak to estimate the fraction of scattered counts in the photopeak window. These
scattered counts are then taken into account in a later step when retrieving the tracer
distribution, e.g. via a subtraction from the total number of counts in the photopeak window to obtain a scatter-corrected projection. While TEW is a simple and effective method
that has been widely used for scatter correction, accurate attenuation correction is challenging for clinical SPECT. Attenuation correction generally requires an attenuation map
that provides the tissue attenuation coefficient at each voxel in the patient. Ideally, an
attenuation map is derived from a registered CT scan. However, such a CT is often not
available, and errors in image registration can induce inaccuracies in SPECT images. Besides the CT based approach, manually drawing an ellipse around the head contour and
assuming uniform attenuation within the ellipse is widely used for attenuation map approximation. This ellipse method, however, could suffer from observer subjectivity and
insufficient estimation of the head contour and internal head anatomy.

1.2.6. Simulations
Simulations are done in this thesis to generate projections via a computer program instead of physically acquiring them from the actual G-SPECT-I scanner. Simulations are
commonly performed for optimization of the system design and acquisition protocols, or
for the generation of projections assuming a certain system geometry. In simulations, assumptions of the tracer distribution in a patient are made based on earlier clinical observations. For the given tracer distribution, the projections are then obtained by modelling
the SPECT system as well as the photon interactions within the system and patient.
Two types of simulations with different modelling approaches were conducted in this
thesis. The first type of simulation generates projections based on a voxelized ray tracing (VRT) simulator [17]. This simulation is therefore termed VRT in this thesis. VRT
tracks the paths from the gamma source to the detector and calculates the attenuation
of gamma photons along these paths. In this way, attenuation is modelled but scatter
is ignored. Such scatter-free simulated projections are generally considered acceptable
for the purpose of system or image acquisition optimization, as scattered photons can
be partially corrected for with a TEW method on the projections. Meanwhile, because of
the simplification of ignoring scatter effects, computation time can be greatly reduced
which makes VRT an efficient simulation tool. For the research described in this thesis,
a full simulation of a subject scan can be done within 1-2 hours when the modelling of
the SPECT system is pre-calculated (which is generally the case as this modelling only
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needs to be done once per SPECT system). Additionally, VRT allows generation of noiseless projections, which is desirable for visualization and quantification of some artefacts
that would otherwise be hidden beneath the noise. In this thesis, VRT is used to optimize
acquisition protocols by performing multiple noiseless simulations assuming different
settings, which is not feasible with physical scanning.
The second approach is Monte Carlo (MC) simulation. MC simulation is a stochastic
method that estimates a solution to the problem of interest using random numbers and
statistical sampling. For individual particles emitted from the source, at each stage of
the particle’s life, there is a probability distribution for the possible types of interaction
between particle and matter to occur, as well as for the distance it travels before a next
collision and the energy and angle after a collision. By randomly sampling the probability
distributions, the outcome at each step of the particle’s life is determined. MC simulation
is computationally expensive and generally requires a large cluster with parallel computing and then still takes a long time (several days in our applications). The advantage of MC
simulation is the capability of accurately representing the real photon transport by fully
modelling particle interactions and their cross-sections. In this thesis, MC simulation is
performed to generate ‘realistic’ SPECT projections, as G-SPECT-I is not yet certified for
patient scanning.

1.2.7. Reconstruction algorithms
The process of estimating the 3D distribution of the radioactivity from a set of 2D projections is called image reconstruction. For SPECT reconstruction with multi-pinhole geometries, iterative algorithms, e.g. maximum likelihood expectation maximization (MLEM),
are often used due to their flexibility to handle complex geometries. For MLEM, an initial
estimation of the activity distribution (e.g. a uniform cylindrical distribution) is assumed.
This estimation is subsequently updated in each iteration. For an estimated activity distribution, the noiseless projection can be modelled by

𝑃 = 𝑀𝐴.

(1.1)

Here 𝐴 is a vector of voxels representing the 3D activity distribution in object space, 𝑃 is
a vector representing the number of gamma photons detected in each pixel, and 𝑀 is the
system matrix. An element 𝑀𝑖𝑗 of this matrix gives the probability of a photon emitted at
voxel 𝑗 to be detected in pixel 𝑖 in 𝑃. In principle, all physical effects of photon transport
can be modelled in the system matrix. In practice, an approximation of the system matrix is often made by neglecting photon scatter and absorption within the patient. This
approximation was made for all system matrices used for image reconstruction in this
thesis. In such cases, the system matrix depends only on the system, e.g. the geometry
and resolution of the collimators and detectors. This system matrix can be pre-calculated
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(e.g. with a VRT simulator) and only needs to be computed once per system.
In this thesis, we used an accelerated version of MLEM for image reconstruction, which
is called similarity-regulated ordered subset expectation maximization (SR-OSEM) [18].
With OSEM based approaches, a subset of the projection data is used for each update
instead of the full data as in MLEM. For standard OSEM, one needs to pre-determine
the number of subsets; a too large number of subsets results in undesirable noise levels
or even erasure of lesions in low-activity regions while a small number of subsets leads
to long reconstruction times. SR-OSEM is an improved version of OSEM that automatically and locally determines the number of subsets by checking a similarity criterion of
different update factors, and thus it is a safe and efficient reconstruction algorithm.

1.3. Convolutional neural networks (CNNs)
Artificial neural networks (ANNs) have become one of the most famous machine learning
models since their first introduction in the 1940s. An artificial neural network consists
of a number of elements, called neurons, most times organized in layers. An input layer
contains the user defined variables or inputs to the network. An output layer produces
the predictions of the network. In between, there are one or more hidden layers (see
figure 1.5).
For supervised learning, ANNs allows to nonlinearly transform an input to an output
based on information learned from example input-output pairs. To establish such a
transformation, neurons in each layer are connected to those in the next layer with
weight parameters 𝑤 . As in the example of figure 1.5, the network starts with an input layer. The 𝑖 ’th neuron of this layer has a value 𝑥𝑖 (defined by users). Then, to obtain
a value for the 𝑗’th neuron in the next layer (i.e., the first hidden layer), each value in the
input layer is multiplied by a weight, and the sum of all weighted inputs ∑ 𝑤𝑖𝑗 𝑥𝑖 is added
with a bias term 𝑏𝑗 , i.e., ∑ 𝑤𝑖𝑗 𝑥𝑖 + 𝑏𝑗 (see Fig. 1.5). The resulting value subsequently goes
through an activation function f. The output of the activation function determines the
value 𝑍𝑗 (the final output of the 𝑗’th neuron in the hidden layer). The 𝑍𝑗 further serves as
an input for neurons in the next layer. In this way, the information is propagated towards
the output layer. The activation function (generally non-linear) is involved to increase the
expression capability of the network as it allows for complex mapping.
Initially, parameters of the networks (weights and bias) are set in a random manner. Optimization of the parameters of the network is achieved via a training procedure. Training
is performed based on a dataset consisting of pairs of input data and the corresponding
ground truth (see figure 1.6). Given the input, the network is trained by minimizing the
difference between the network predictions and the assigned ground truth. This difference is defined by a loss function. Commonly used loss functions are mean square error
and cross-energy for regression tasks (continuous output values) and classification tasks
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Figure 1.5: Illustration of (a) a traditional ANN and (b) a convolution operation of a CNN architecture. Traditional
ANN consist of fully connected layers meaning that all neurons of one layer are connected to those in the next.
In CNN, the same convolutional kernel ‘scans’ across the entire input to produce a feature map.

(discrete output values) respectively. When training is completed, the weights of the network can be saved. This allows the network to give a prediction for incoming new input
data.

Figure 1.6: Illustration of a neural network for image segmentation. Generally, a large number of pairs of input
(MR images) and ground truth segmentation are used for training. Parameters of the network is optimized such
that the difference between the network output and the ground truth (defined as the loss) is minimized. When
training is finished, the network can be used to predict an output image given a new brain MR image as input.

Traditional ANNs use fully connected layers that connect all neurons of one layer to
those in the next. This is extremely inefficient and makes the algorithm computationally expensive especially when dealing with 2D or 3D image data. A convolutional neural
network is an ANN with advanced architecture specifically designed and well suited for
image-related tasks. CNNs are currently widely used in medical image analysis for image restoration [19], tissue segmentation [20], image transformation (e.g. MR to CT) [21],
lesion detection [22], etc. In nuclide imaging with SPECT and PET, CNNs have been inves-
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tigated for attenuation map estimation [23], attenuation correction [24], image denoising
[25] and motion correction [26].
In a CNN, neurons in one layer do not connect to all the neurons in the next layer. Instead,
each set of neurons sees only a small region of the previous layer via a convolution operation (as shown in Fig. 1.5). Besides, the exact same convolutional kernel ‘scans’ across
the entire input to produce a so-called feature map. This ‘weights-sharing’ scheme drastically reduces the number of parameters needed to be learned while the spatial relationship in data is preserved. The convolution procedure is repeated by using multiple
kernels to generate several feature maps with each representing a certain characteristic
of the input.
A CNN typically consists of multiple convolutional layers, activation layers and pooling
layers. Currently, the most widely used activation function in CNN is the ReLU function,
which is defined as ReLU(𝑧) = max (0, 𝑧). The pooling layer performs a down-sampling
operation that reduces the dimensionality of the feature maps. A max pooling is commonly used by taking maximum values in a grid region. As only one value is produced
for each grid region in the input feature map, this operation introduces a translational
invariance to small shifts, and could reduce overfitting with the loss of some data and a
decreased model complexity.

1.4. Outline of the thesis
This thesis focuses on image acquisition and attenuation map estimation for a multipinhole prototype clinical SPECT system. In Chapter 2 and Chapter 3, image acquisition
protocols were optimized to enable fast dynamic capabilities of G-SPECT-I for DaTscans
and brain perfusion imaging. Specifically, in Chapter 2, we developed a focused DaTscan
imaging strategy for a maximized effective sensitivity while ensuring appropriate sampling. Angular sampling sufficiency with the multi-pinhole G-SPECT-I system was investigated. Multiple VRT simulations were performed for various sampling strategies with
the use of different bed trajectories. A trajectory that requires only 4 bed translations
was proposed. Such a trajectory entails seconds for bed movement, which may enable
fast dynamic DaTscans.
While Chapter 2 aimed for focused striatum imaging with a confined axial scanning length,
Chapter 3 is dedicated to optimizing image acquisitions for full brain perfusion scans.
Based on the angular sampling condition investigated in Chapter 2, here we studied the
axial sampling sufficiency for scanning the full length of the brain. Multiple VRT simulations were performed for various sampling strategies with a reduced number of bed
positions. It is demonstrated that full brain perfusion imaging can be performed with GSPECT-I using a total of 18 bed stops (overhead time of about half a minute), which may
bring fast whole brain SPECT into reach for G-SPECT-I.
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Chapter 4 and Chapter 5 were aimed at accurate attenuation map estimation for brain
perfusion scan and DaTscan. In Chapter 4, a CNN based approach was developed that
solely uses SPECT data for attenuation map estimation. The proposed CNN method was
validated using Monte Carlo simulated brain perfusion scans. The bed trajectory investigated in Chapter 3 was used in this Chapter for brain perfusion imaging with G-SPECT-I.
The proposed CNN method in Chapter 4 was tested for DaTscans in Chapter 5. Meanwhile, the sampling strategy developed in Chapter 2 was used for the Monte Carlo simulation of DaTscans in Chapter 5. Different CNN architectures were investigated for an optimal application on DaTscans acquired with a focused striatum strategy. We concluded
that accurate attenuation maps can be estimated by only using SPECT data, which could
enable attenuation correction to be independent from other modalities for full brain perfusion and DaTscan imaging.
Chapter 6 provides a conclusion on this thesis. Besides, the value of this thesis and its
limitations were discussed.

2
Optimized image acquisition for
dopamine transporter imaging with
ultra-high resolution clinical pinhole
SPECT

This chapter is adapted from:
Yuan Chen, Brendan Vastenhouw, Chao Wu, Marlies C. Goorden, Freek J. Beekman. Optimized image acquisition for dopamine transporter imaging with ultra-high resolution clinical pinhole SPECT, Physics in Medicine &
Biology 63 (2018), 225002 [27].
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PECT can be used to image dopamine transporter (DaT) availability in the human
striatum, e.g. for diagnosis of Parkinson’s disease (PD). As traditional SPECT pro-

vides limited resolution and sensitivity, we proposed a full ring focusing multi-pinhole

2

SPECT system dubbed G-SPECT-I (Beekman 2015 Eur. J. Nucl. Med. Mol. Imaging
42 S209) which demonstrated a 2.5 mm reconstructed resolution in phantom scans.
G-SPECT-I achieves data completeness in the scan region of interest by translating
the patient bed with an xyz-stage and combining projections from all bed positions
into image reconstruction using a scanning focus method (SFM). This paper aims to
develop dedicated SFM parameters for performing a DaTscan with high effective sensitivity and appropriate sampling. To this end, the axial scanning length was restricted
and transaxial bed trajectories with a reduced number of positions based on a convex
hull data-completeness model were tested. Quantitative accuracy was assessed using
full G-SPECT-I simulations of an Alderson phantom based on measured system matrices. For each sampling strategy, the specific binding ratio (SBR) and asymmetry index
(AI) in the left and right striatum, as well as the localized SBR (L-SBR) and the localized
AI (L-AI) in eight striatal sub-regions were calculated and compared to those of the
reference scan which performs full brain oversampling using 112 bed positions. Results
show that structures essential for PD diagnosis were visually and quantitatively barely
affected even when using the lowest number of bed translations (i.e. 4). The maximum
deviation from the reference was only 1.5%, 1.5%, 5.5% and 7.0% for the SBR, AI, L-SBR
and L-AI, respectively, when 4 positions were used. Thus, it is possible to perform an
accurate DaTscan with a confined axial scan region and a limited number of focused
bed positions. This enables protocols for extremely fast dynamic SPECT scans with
less than half-minute time frames, which can be useful for motion correction.

2.1. Introduction
SPECT imaging of the dopamine transporter (DaT) density with e.g. ¹²³I-ioflupane has
been used as an imaging biomarker for e.g. Parkinson’s disease diagnosis and for differentiation of dementia with Lewy Body from other dementias [28–31]. Currently, the diagnosis derived from a DaTscan mainly relies on visual interpretation based on the bilateral
striatal shape, the striatal symmetry, the gradient between the two striatal parts (caudate
and putamen) and the striatal DaT density [32]. However, conventional dual-head SPECT
scanners equipped with low-energy high-resolution (LEHR) parallel hole collimators the most frequently used collimators for SPECT DaT imaging [33, 34] - generally provide
a limited resolution of about 8-10 mm and a sensitivity of about 70-90 cps/MBq/head
[35]. This results in a compromised ability to recover the striatum and to separate putamen and caudate, and demands a long scanning time and/or a relatively high radioactive
dose. The development of three-head fan beam SPECT was an attempt to improve the
resolution-sensitivity tradeoff by the use of image magnification with converging collimation and the use of more detectors surrounding the patient. While the sensitivity was
indeed increased to around 250 cps/MBq (e.g. GCA-9300A and Prism 3000XP [35, 36],
the resolution that was achieved was only slightly improved to about 7 mm [37–40]. Some
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dedicated brain SPECT scanners have been developed that strive to achieve a slightly better resolution by either using sophisticated detectors (e.g. Mediso X-Ring/4R), or a large
number of focusing collimators and detectors (e.g. NeuroFocus and inSpira HD with a
resolution of about 7 mm [41–43]), yet only few clinical validations with these scanners
are available [42, 44, 45] and some are not even manufactured anymore. A SPECT system
which could achieve a much better resolution-sensitivity tradeoff would be very desirable for its ease of dose requirement and possibility for dynamic scans or longitudinal
studies.
Recently, SPECT systems with multi-pinhole collimators are gaining increasing interest
owing to their enhanced resolution-sensitivity tradeoff, especially when imaging small
objects. Research has been carried out in many groups to improve the performance of
brain SPECT by optimizing a multi-pinhole system geometry in simulations [12, 13, 46–
48]. However, to the best of our knowledge, these systems are still in the design phase
and few have acquired physical scans. In [34], a physical multi-pinhole SPECT system
was assembled by mounting 20-multipinhole collimators onto a dual-head conventional
SPECT scanner. The authors concluded that with their chosen multi-pinhole collimator, scan time can be shortened by one-third compared to that of a LEHR collimator (20
min against 30 min) while achieving comparable image quality. However, with the big
aperture size of 7.5 mm and the small pinhole-detector distance compared to the objectpinhole distance, the authors estimated the resolution of this multi-pinhole SPECT system to be about 20.6 mm.
Our group recently launched a multi-pinhole clinical SPECT system with full angular
coverage using stationary detectors, that demonstrates excellent resolution-sensitivity
tradeoff (G-SPECT-I [10]). For objects the size of a human head, unprecedented resolutions and sensitivities were achieved in phantom scans: 2.5 mm resolution with 415
cps/MBq sensitivity and 3.5 mm resolution with 896 cps/MBq sensitivity, using 3-mm
and 4.5-mm-diameter pinhole collimators respectively. These collimators contain a total of 54 focusing pinholes and a total of nine large field of view cameras surrounding the
patient (Figure 2.1). The geometry is designed such that all pinholes are ‘viewing’ a central volume, in which a very high sensitivity is obtained over a 360∘ angular range. This
central volume is referred to as the complete data volume (CDV) in subsequent sections,
as photons emitted from this volume are captured by all pinholes at different angles and
sufficient angular sampling for accurate image reconstruction is attained without any
detector rotation or bed shift. For extending the volume from which complete data is
obtained, the bed is stepped through the scanner with an automated xyz-stage, allowing
different parts of the patient to be positioned in the CDV. Projections from all pinholes
and all bed positions are then used simultaneously for image reconstruction, a strategy
referred to as the scanning focus method (SFM) [49]. Preclinical applications of a similar
design have been successfully applied in U-SPECT+ [7, 49, 50] which enables dynamic
animal scans with sub-second frame dynamics or extremely low dose scans (fractions of
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1 MBq). Hence, it may be possible that the G-SPECT-I technology could bring e.g. dynamic scanning or very low dose (longitudinal) scanning into reach for larger subjects,
including patients.

2

This paper focuses on an optimal application of G-SPECT-I to DaT imaging with high
effective sensitivity. It is plausible that this could be achieved by confining the scan to the
volume of interest (VOI) in which the striatum locates, such that more gamma photons
from the VOI are captured and the effective count yield is increased compared to that
for whole brain scanning. Based on the Hammers N30R83 brain atlas [51] (average over
30 healthy MR scans) and a CT image of the Alderson brain phantom, the axial length
of the striatum is estimated to be about 35 mm. Actually, visual inspections and semiquantitative analyses of DaTscans often only use the three consecutive slices with the
highest striatal intensity, which in total measure approximately 10 to 12 mm axially [52–
55]. Hence, we aim to ensure an accurately reconstructed region of 35 mm in the axial
direction, which should be more than sufficient for DaTscan analysis. However, for a scan
confined to only part of the brain it needs to be investigated whether limited sampling
and projection truncation in axial direction do induce artefacts. Apart from confining
the axial scan region, it is also desirable to optimize the bed translation trajectory on
the transaxial plane such that, (i) sufficient sampling on the transaxial plane is ensured
to circumvent the interior problem, and (ii) the effective count yield is maximized. The
latter can be achieved by placing transaxial bed positions such that they focus more on
the striatum and/or by limiting the number of bed positions to reduce the overhead time
needed for the bed movements. However, a more focused bed position placement may
not cover the entire brain especially the periphery, and scanning with a limited number
of bed positions may mean that not every part of the scan region is covered at least once
by the CDV. Both could have consequences for data completeness over the VOI and thus
have to be investigated in detail.
The aim of this paper is to develop sampling strategies for G-SPECT-I DaT imaging with
high effective sensitivity by (i) confining the scan region in the axial direction, and (ii) focusing the bed positions transaxially in the brain and limiting the number of transaxial bed
positions, while always ensuring sufficient sampling in the transaxial plane. Quantitative
accuracy attained with different sampling strategies is assessed using full G-SPECT-I system simulations of an Alderson phantom based on measured system matrices.

2.2. Methods
2.2.1. System design and collimator geometry
G-SPECT-I (Figure 1.1) is based on a stationary ring consisting of nine pinhole-collimated
gamma cameras with large-area 595 × 472 × 9.5 mm NaI crystals. The interchangeable nonagon-shaped collimator assumed in this paper consists of a total of 54 3-mm-
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diameter pinhole apertures. Pinholes are placed in 3 rings with a relative rotation of 1/3
of an inter-pinhole distance in between rings. Pinholes each have an opening angle of 27∘ ,
all focusing on the CDV (Figure 1.1). The transaxial diameter 𝑅𝑐 and axial length 𝐿𝑐 of the
CDV are 100 mm and 60 mm respectively. A precisely controlled 3D stage is incorporated
for bed translations, enabling enlargement of the scan region. Scan region selection can
be accomplished with the system’s user interface that takes the images from three optical cameras as its input (Figure 1.1a), see description in [56, 57]. The influence of intrinsic
detector resolution (3.5 mm) is diminished by using a pinhole-detector distance (542 mm)
that is larger than the object-pinhole distance (215 mm), such that projections are magnified onto the detector. Images from each pinhole are directly projected on the detectors.
Shielding is placed between the pinhole and the detector to prevent overlapping projections. The inner diameter of the collimator is about 400 mm, making the system suitable
for brain, selected extremity or pediatric imaging.

(a)

(b)
Figure 2.1: Illustration of G-SPECT-I scanner. (a) G-SPECT-I system with three optical cameras and a user interface for VOI selection; (b) multi-pinhole collimator of G-SPECT-I system. All 54 pinholes distributed over three
rings are focusing on the CDV. Pinholes each have an opening angle of 27∘ , resulting in a CDV with transaxial
diameter 𝑅𝑐 of 100 mm and axial length 𝐿𝑐 of 60 mm.
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2.2.2. Convex hull principle

2

Sufficient sampling in the transaxial plane can be ensured by providing over 180∘ angular
coverage for each point in the brain [58–60]. As G-SPECT-I employs a multi-bed-position
scan and uses the SFM which combines projections from different bed positions simultaneously into reconstruction, sufficient angular coverage is achieved when the brain is
contained in the convex hull surrounding the CDVs from different scan positions. This is
referred to as the convex hull principle and a demonstration of this principle is provided
in Figure 2.2. Figure 2.2(a) shows that the angular coverage 𝛼 in the point 𝑝 is determined
by the angle between the two lines tangential to the CDV. Furthermore, Figure 2.2(b)
demonstrates that in case of two CDV positions, the angular coverage 𝛼 in the point 𝑝
is the union of the coverage from the two CDVs. Figure 2.2(c) gives an example of over
180∘ angular coverage being achieved in the transaxial plane for a brain scan with four
CDV positions. The circles indicate the CDVs and the orange line denotes the convex hull
surrounding the CDVs. Any point within the convex hull obtains an angular coverage of
more than 180∘ .

Figure 2.2: Illustration of convex hull principle in the transaxial plane. The red and yellow circles in (a) and (b)
indicate the CDVs. (a) The angular coverage 𝛼 in point p is determined by the angle between the two lines
tangential to the CDV. (b) In case of two CDV positions, the angular coverage 𝛼 in the point 𝑝 is the union of
the coverage from the two CDVs. (c) An example of full angular coverage being achieved in this transaxial plane
for a brain scan with 4 CDV positions. The circles indicate the CDVs and the orange line denotes the convex
hull surrounding the CDVs.

2.2.3. Sampling sequence
As G-SPECT-I enables selection of the VOI that is to be scanned (via the user interface
shown in Figure 2.1), users can select the VOI based on the head contour on the optical images when performing a DaTscan, and the sampling sequence is then designed based on
the selected VOI. Below we explain a general protocol for designing sampling sequences
that should work on a variety of subjects. We aim to cover the entire brain in the convex
hull with an extra minimal margin of 5 mm (minimal distance between the convex hull
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and the brain) for every subject in the test. This is to compensate for any mispositioning
when selecting the VOI, and to make the protocol more applicable to all types of patients.
For our sampling sequence design, 30 brain MR scans were randomly selected from the
HCP database [61] to check how one should position the bed transaxially once the head
contour is known. First, a box (the selected VOI) was drawn manually on the transaxial
plane based on the skull contour for each subject (as in Figure 2.3a) with ImageJ [62].
This box is selected to be just large enough to cover the head and this was checked by
scrolling through all transaxial slices. Secondly, four sampling sequences with a reduced
number of bed positions, from oversampling using 16 positions per plane, to 8, 6 and 4
were designed based on the selected VOI. All the transaxial sampling sequences follow
elliptical trajectories. Initially these sequences were chosen such that the convex hull was
just contained within the box as in Figure 2.3(b)-(e). In Figure 2.3, the dashed blue box is
the selected VOI and the orange line highlights the convex hull. Then, we checked if the
convex hull was large enough to cover the brain of all subjects with a minimal margin
of 5 mm. When this was not the case, bed positions were shifted outwards to enlarge
the convex hull as in the example of Figure 2.3(f) where the bed positions are shifted
resulting in a convex hull 10 mm outside the VOI box. We performed this procedure for
all four sampling sequences on each subject, increasing the shift in steps of 1 mm, until
the minimal margin of 5 mm was obtained for every subject. This way, we found that the
sequences need to be shifted outwards by 0 mm, 2 mm, 5 mm and 15 mm when 16, 8, 6
and 4 bed positions were used, respectively. For clinical scans with G-SPECT-I, the VOI
selection based on the optical images could be affected by scalp, hair, head support, etc.
As a result, we would expect a slightly larger VOI than the one selected on the MR images,
meaning that the minimal margin of 5 mm is a conservative estimation.
The above knowledge was subsequently applied in transaxial sequence design for a DaTscan
with the Alderson phantom (RSD, USA). The VOI as indicated by the dashed blue box in
Figure 2.4(a)-(d) was selected based on the head contour of the phantom. The sampling
sequences were then designed based on the selected VOI, taking the required shift according to MR scan findings into account.
For sufficient sampling along the axial direction, the transaxial bed positions are replicated. The required number of axial bed stops and distance between them are investigated. Firstly, as a reference, we start with a full brain scan with a large number of bed
stops to be sure that sampling is more than sufficient. This scan with full brain oversampling uses 7 axial bed stops as well as 16 bed positions per transaxial plane (thus a total of
112 bed positions is used). The distance between subsequent axial bed stops is set to 21
mm, which is small compared to the axial coverage 𝐿𝑐 (60 mm) of each CDV.
To optimize the scanning length in axial direction, a reduced number of axial bed stops
down to only one stop at the central position in the striatum is subsequently tested. The
distance between consecutive axial bed stops remains 21 mm while oversampling is al-
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Figure 2.3: Illustration of VOI selection and the design of sampling sequences based on a set of MR scans. (a)
Selection of the VOI based on the skull contour on an MR scan; (b)-(e) initial design of sampling sequences
based on the selected VOI using 16, 8, 6 and 4 bed positions per transaxial plane. (f) Sampling sequence initially
designed based on the skull contour is now shifted resulting in a convex skull 10 mm outside of the VOI. The
dashed blue box is the selected VOI and the orange line indicates the corresponding convex hull. The bed
positions are highlighted by the red dots that follow an elliptical trajectory. The semi-transparent blue circles
with dashed blue edge are the CDVs at different bed positions.

ways ensured with 16 bed positions in the transaxial plane as performed in the reference
image. This is to investigate whether projection truncation in the axial direction that occurs when the axial scan length is confined would induce artefacts. Meanwhile, transaxial
sampling with fewer (8, 6 and 4 as in Figure 2.4) bed stops is tested for each simulated
scan with a set axial scanning length.
Additionally, to determine the optimal distance between axial bed positions, we increase
the distance from 21 mm to 42 mm and to 60 mm (equal to the axial CDV length 𝐿𝑐 ).
All the other procedures remain the same as implemented for 21 mm axial distance (i.e.
gradually reducing the number of axial bed positions and testing with a reduced number of transaxial bed positions). All simulated scans are compared with the oversampled
reference image.
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Figure 2.4: Transaxial sampling sequences used in this paper for a DaTscan of the Alderson phantom. Panels
(a)-(d) show the sequences with 16, 8, 6 and 4 bed positions per transaxial plane as in Figure 2.3, but with a shift
of 0 mm, 2 mm, 5 mm and 15 mm respectively based on the test results of the MR scans to contain the brain in
the convex hull with a minimal margin of 5 mm.

2.2.4. Simulations
A digital phantom containing four striatum parts (left/right putamen and left/right caudate) was generated based on a CT image of the physical Alderson phantom. The remaining brain volume is the background compartment. Striatum-to-background concentration ratio is set to 8:1 to mimic a realistic distribution of ¹²³I-ioflupane (159 keV) in
the brain. The emission process simulator is based on 99𝑚 Tc (140 keV) point source measurements and geometry modeling [63]. This approach of modeling low-energy isotope
transport is also used when reconstructing experimental scans and has proven to provide
good performance in many cases [57, 64–66]. Resolution is barely degraded when applied
to isotopes with nearby peak energies (e.g. ¹¹¹In with photopeak of 171 - 245 keV [57] and
¹²³I with photopeak of 159 keV) compared to the scans with 99𝑚 Tc. The phantom for projection has a voxel size of 0.75 mm, half the size of voxels in the reconstructed images, to
mimic a continuous activity distribution. Both the projection simulation and reconstruction model the same physical effects, e.g. collimator attenuation, detector blurring, etc.
and are derived from the same set of point source measurements. Besides, to make the
simulation more realistic, phantom attenuation is modelled in the simulated projections
using a voxelized ray tracer [67, 68]. The attenuation map is derived by segmenting the
CT image of the Alderson phantom, and assigning attenuation coefficients of 0 cm−1 to
air, 0.15 cm−1 to soft tissue and 0.31 cm−1 to bone. Similarity-regulated OSEM [18] with
8 subsets and 10 iterations is performed using SFM which combines projections from
all bed positions simultaneously into image reconstruction. As we here aim to quantify
errors induced only by sampling, no noise is simulated.
Moreover, to quantify the effects of different sampling strategies on the striatal count
yield, a separate digital phantom with only the striatum was made by setting the tracer
concentration in the background compartment to 0. The total striatal count for each sequence with reduced sampling is divided by that obtained with the reference scan. This
way the gain of striatal count yield compared to that of the reference full brain oversampling is obtained.
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2.2.5. Evaluation

2

As performed in clinical DaTscan assessment, visual inspection and semi-quantification
of the DaTscan images are both included. The latter is achieved by calculating the specific
binding ratio (SBR) and the asymmetry index (AI) in the left and right striatum, as well as
the Localized SBR (L-SBR) and the Localized AI (L-AI) in eight striatal sub-regions. The
definitions of the metrics are given by:
SBR =

AI = 2 ×

𝐶𝑉𝑂𝐼_𝑠𝑡𝑟 − 𝐶𝑉𝑂𝐼_𝑏𝑘𝑔
𝐶𝑉𝑂𝐼_𝑏𝑘𝑔

𝐶𝑅𝑉𝑂𝐼_𝑠𝑡𝑟 − 𝐶𝐿𝑉𝑂𝐼_𝑏𝑘𝑔
× 100%
𝐶𝑅𝑉𝑂𝐼_𝑠𝑡𝑟 + 𝐶𝐿𝑉𝑂𝐼_𝑏𝑘𝑔

(2.1)

(2.2)

Here 𝐶𝑉𝑂𝐼_𝑏𝑘𝑔 denotes the mean DaT image intensity in the background VOI. 𝐶𝑉𝑂𝐼_𝑠𝑡𝑟
represents the mean DaT image intensity within the striatal region, with 𝐶𝐿𝑉𝑂𝐼_𝑠𝑡𝑟 and
𝐶𝐿𝑉𝑂𝐼_𝑠𝑡𝑟 referring to the left and right part of striatum, respectively. While SBR and AI
take values from the entire left or right striatum at one central slice as usually performed
with traditional SPECT (Figure 2.5a), L-SBR and L-AI give more detailed assessments in
eight striatal sub-regions individually (Figure 2.5b). These eight striatal VOIs, i.e. the posterior, middle and anterior putamen, and the caudate, for both the left and right striatum,
are generated in PMOD v3.7 (PMOD Technologies Ltd., Switzerland) by placing small circles or ellipses over the putamen and caudate on the transaxial slices and are placed over
10.5 mm slices in the axial direction. The three parts of the putaminal VOIs have almost
equal area on each transaxial slice. As there is no cerebellum or occipital cortex in the
Alderson phantom, the background region is generated using the Southampton

Figure 2.5: VOIs for semi-quantitative analysis. (a) Striatum VOI taken from the phantom at the central slice of
the striatum; (b) example of eight striatal VOIs on one transaxial slice; (c) background VOI generated using the
Southampton method. In (a), the left and right striatum are denoted by the red and green shapes, respectively.
In (b), the striatal VOIs consist of eight sub-regions that are indicated by circles or ellipses in different colors.
Red, green, purple and blue ones denote the posterior, middle, anterior putamen and the caudate, respectively.
The background VOI in (c) is composed of two parts highlighted by the red shapes.
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method (Figure 2.5c) [69]. No filtering is applied on the phantom or the DaTscan images
for the semi-quantification analysis to reduce partial volume effects.
As an additional quantitative measure of the image quality within the entire transaxial
brain, the Maximum Undersampling Error (MaxUSE) and Average Undersampling Error
(AvgUSE) are calculated. These two metrics are defined as the maximum and average
relative difference of each reconstructed image from the oversampled reference image,
respectively. The relative difference is expressed by:
Difference(i) =

Image(𝑖) − Reference(𝑖)
Reference(𝑖)

(2.3)

where 𝑖 denotes the image voxel. All images are post filtered with a Gaussian filter of
4 mm full width at half maximum (FWHM) to suppress insignificant local fluctuations.
Afterwards, the relative difference is calculated based on Equation 2.3. As the relative
differences can be either positive or negative, the absolute values are used for the calculation of MaxUSE and AvgUSE. Only the voxels within the brain are taken into account.
Since the quantitative assessment of a DaTscan in a clinical setting is typically based on
regions with the size of striatal structures (from 4 cm³ to 12 cm³ [52, 54, 69]), we resized
the Difference image from a voxel size of 1.5 mm to 10.5 × 10.5 × 9 mm³. This gives cubic
VOIs of about 1 cm³, which are small enough to estimate relevant intensity deviations in
the striatal structures.

2.3. Results
2.3.1. Visual inspection
To illustrate the visual effect on DaTscan images when reducing the number of bed positions, Figure 2.6 shows the gold standard (digital phantom), the reference reconstruction (simulated full brain oversampling scan), and three representative DaTscans acquired
with a reduced number of bed positions. Five slices within an axial region of 36 mm that
are most relevant to DaTscan inspection and quantification are displayed. The center of
the striatum in axial direction is defined as 0 mm, while the slice 18 mm underneath or
above the center is defined to be at -18 or 18 mm, respectively. Figure 2.6 demonstrates
that reducing the number of bed positions from full brain oversampling to 16 positions
hardly has a visual effect on DaTscan images. When further decreasing the number of
bed positions, background homogeneity is somewhat degraded due to the presence of
stripe artifacts. However, for the striatum and its sub-structures, the shapes are always
preserved with no obvious distortions, even with the use of only 4 bed positions. A full
overview of the DaTscan images for all the tested sampling sequences using 1 or 2 axial
positions as well as their difference images from the reference scan are included in the
appendix (Figure 2.9-2.12).
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Figure 2.6: Comparison of the DaTscan image slices from the gold standard (the digital phantom), the reference
scan (simulated full brain scan with oversampling), the DaTscan acquired with 2 axial positions combined with
8 transaxial positions (distance between 2 axial positions is 42 mm), the scan with 1 axial position combined
with 8 transaxial positions, and the scan with 1 axial position combined with 4 transaxial positions. The center
of the striatum in axial direction is defined to be at 0 mm. The top row to the bottom row represent the slices
from 18 mm underneath the center of the striatum to 18 mm above it. All images have a pixel size and slice
thickness of 1.5 mm and are post-filtered with a Gaussian filter of 4 mm FWHM. The concentration ratio in
striatum and background compartment is 8:1. A full overview of the DaTscan images for all the tested sampling
sequences using 1 or 2 axial positions as well as their difference images from the reference scan are included
in the appendix.
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2.3.2. Semi-quantification
Table 2.1-2.2 show the effect on SBR quantification when scanning with a reduced number
of bed positions. For validation of the oversampled reference scan, the SBR and L-SBR
from the phantom are included for comparison and are denoted as a Gold Standard SBR
(GS-SBR) and GS-L-SBR, respectively, while those from the reference scan are termed
the Ref-SBR and Ref-L-SBR. Table 2.1 demonstrates that accurate SBR quantification can
be achieved with the reference full brain oversampling. A maximum deviation of 3.1% and
6.3% in the posterior putamen and among all eight striatal sub-regions, respectively are
found when comparing the Ref-L-SBR with the GS-L-SBR. When decreasing the number
of axial and/or transaxial bed positions from the oversampled reference scan, the effect
on SBR quantification is very limited (Table 2.2), which is demonstrated by a maximum
Table 2.1: Deviation between the reference scan and the GS in terms of SBR and L-SBR. Sub-regions are assessed
separately. Post Put. = posterior putamen, Mid. Put. = middle putamen, Ante. Put. = anterior putamen. “L”
and “R” indicate the left and right striatum, respectively. The deviation is calculated by subtracting the GS-SBR
from the Ref-SBR and normalized by dividing by the GS-SBR. The same goes for the deviation of L-SBR The
absolute value of the deviations is used.
L-SBR in eight sub-regions
Post. Put.
Deviation from GS
Reference scan (112 pos.)

R(%)
2.16

L(%)
3.05

Mid. Put.
R(%)
0.71

L(%)
6.03

Ante. Put.
R(%)
2.35

L(%)
6.32

SBR striatum
Caudate
R(%)
5.39

Striatum

L(%)
0.22

R(%)
6.83

L(%)
3.91

Table 2.2: Deviations from the Ref-SBR and Ref-L-SBR for scans with a reduced number of bed positions. The
21 mm and 42 mm in parenthesis in the first column indicate the distance between the two axial bed positions.
Post Put. = posterior putamen, Mid. Put. = middle putamen, Ante. Put. = anterior putamen. ‘R’ and ‘L’ indicate
the right and left striatum, respectively. The deviation is calculated by subtracting the Ref-SBR and normalized
by dividing by the Ref-SBR. The same goes for the deviation of L-SBR. The absolute value of the deviations is
used.
L-SBR in eight sub-regions
Post. Put.
Deviation from reference
One axial stop

Two axial stops (21 mm)

Two axial stops (42 mm)

Mid. Put.

Ante. Put.

SBR striatum
Caudate

Striatum

R(%)

L(%)

R(%)

L(%)

R(%)

L(%)

R(%)

L(%)

R(%)

16 trans. pos

0.74

3.08

4.53

4.28

1.15

3.91

6.17

5.04

4.53

L(%)
3.57

8 trans. pos

0.94

4.63

3.79

4.04

0.43

4.94

4.98

3.82

3.99

3.64

6 trans. pos

3.58

6.58

0.89

1.46

0.13

3.52

0.41

2.77

2.43

3.34

4 trans. pos

1.47

5.47

2.02

2.33

2.61

1.64

1.83

1.15

0.04

1.51

16 trans. pos

2.32

2.35

3.32

2.03

3.19

3.17

3.64

2.88

2.94

2.94

8 trans. pos

2.01

2.95

3.48

1.27

2.42

3.29

2.88

2.58

2.52

2.78

6 trans. pos

3.30

3.32

0.64

0.74

1.89

1.88

0.30

0.19

1.07

1.70

4 trans. pos

3.48

4.05

0.16

1.85

6.63

2.57

1.74

2.08

1.82

0.57

16 trans. pos

0.64

0.23

0.22

0.23

1.24

0.66

1.11

0.24

1.47

0.27

8 trans. pos

0.11

1.51

0.16

0.30

1.76

0.30

1.62

0.30

1.70

0.29

6 trans. pos

1.14

0.27

0.17

0.64

1.63

1.94

2.83

1.56

2.45

0.23

4 trans. pos

6.98

0.47

4.06

1.18

7.42

2.84

2.28

1.80

3.70

3.75

2
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deviation of 4.5% and 7.4% from the Ref-SBR and Ref-L-SBR, respectively for all scans
included in the table. Particularly, the mean deviation from the reference among all striatal sub-regions reads only 0.8% and 2.3% when using 16 positions (2 axial positions and
8 transaxial positions with a between stop distance of 42 mm) and 4 positions (1 axial positions and 4 transaxial positions), respectively. The results for 2 axial bed positions with
a distance of 60 mm between stops is not included, as it leads to diminished focus on
the striatum and larger errors compared to 42 mm distance (see Figure 2.11-2.12 in the
appendix).
As another confirmation of the accurate SBR quantification for the tested sampling sequences, Figure 2.7 directly shows the L-SBR values. As a benchmark, the GS-L-SBR is
also shown by the dotted red line of L-SBR = 7 since the striatum-to-background concentration ratio is set to be 8:1.

Figure 2.7: Comparison of the L-SBR for scans with different sampling sequences. The subplot at each row
shows the results of (a) using 1 axial bed position, (b) using 2 axial bed positions with a between stops distance
of 21 mm, and (c) using 2 axial bed positions with a between stops distance of 42 mm. The GS-L-SBR is indicated
by the dotted red line (L-SBR = 7, since the striatum-to-background concentration ratio is 8), while the Ref-LSBR is denoted by “Ref.” in the figure.
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Table 2.3-2.4 show the effect on left-right asymmetry when scanning with reduced number of bed positions. The definitions of GS-AI, GS-L-AI, Ref-AI and Ref-L-AI which refer
to phantom and reference scan values, are the same as for SBR, but consider the leftright asymmetry index. The GS-AI and GS-L-AI are 0% since the intensity in the left or
right striatum are all set to the same value in the phantom. Table 3 manifests that a good
left-right symmetry can be achieved with the oversampled reference scan. A maximum
Ref-L-AI of 6.3% among all the striatal sub-regions is found. For the posterior putamen,
the intensity in the left or right has an almost perfect match, resulting in an asymmetry of
only 0.05%. Similar to the SBR results, decreasing the number of axial and/or transaxial
bed positions has a limited effect on the left-right symmetry (Table 2.4). The maximum
deviation from the Ref-AI and Ref-L-AI is 2.4% and 7.0% in the striatum and among all
eight striatal sub-regions, respectively for all scans included in the table. Particularly,
the mean deviation from the reference reads only 1.4% and 3.7% respectively among all
sub-regions when using 16 positions (2 axial positions and 8 transaxial positions with a
between stop distance of 42 mm) and 4 positions (1 axial positions and 4 transaxial positions).
Table 2.3: Deviation between the reference scan and the GS in terms of AI and L-AI. The GS-L-AI and GS-AI are
0% as the intensity in the left or right striatum are all set to the same value in the phantom. The deviation from
the GS-AI is calculated directly by subtracting the GS-AI (0%) from the Ref-AI, as AI is already a normalized
index expressed in percentage. The absolute value of the deviations is given in the table. Post Put. = posterior
putamen, Mid. Put. = middle putamen, Ante. Put. = anterior putamen.
L-AI in eight sub-regions

Deviation from GS

AI in striatum

Post Put. (%)

Mid. Put. (%)

Ante. Put. (%)

Caudate (%)

Striatum (%)

0.05

3.13

4.54

6.28

2.77

Reference scan (112 pos.)

Table 2.4: Deviations between the scan with a reduced number of bed positions and the reference scan in terms
of AI and L-AI. This deviation is calculated by directly subtracting the Ref-AI, as AI is already a normalized index
expressed in percentage. The absolute value of the deviations is given in the table. Post Put. = posterior
putamen, Mid. Put. = middle putamen, Ante. Put. = anterior putamen.
L-AI in eight sub-regions

Deviation from reference
One axial stop

Two axial stops (21 mm)

Two axial stops (42 mm)

AI in striatum

Post. Put. (%)

Mid. Put. (%)

Ante. Put. (%)

Caudate (%)

Striatum (%)

16 trans. pos

0.41

0.80

1.56

0.72

0.92

8 trans. pos

0.50

0.30

1.14

0.21

0.34

6 trans. pos

3.64

2.91

0.48

1.29

0.89

4 trans. pos

4.10

6.98

0.18

3.46

1.45

16 trans. pos

0.85

0.80

0.31

0.82

0.01

8 trans. pos

0.40

0.33

0.59

1.29

0.25

6 trans. pos

1.37

1.40

0.94

0.55

0.63

4 trans. pos

3.32

6.57

1.56

3.93

2.40

16 trans. pos

1.88

0.43

1.34

0.47

1.21

8 trans. pos

1.89

1.80

1.80

0.00

1.43

6 trans. pos

2.78

2.23

2.70

0.94

2.25

4 trans. pos

0.48

3.35

1.84

2.98

0.05

2
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Similar to Figure 2.7, Figure 2.8 directly shows the L-AI values for scans with different
sampling sequences. While the maximum L-AI for the reference scan is 6.3% among all
striatal sub-regions, this value degrades only slightly to 7.6% for all scans included in
the figure, confirming the good left-right symmetry even when scanning with reduced
sampling. Besides, compared to a mean L-AI of 3.4% for the reference scan, comparable
result of 3.0% and 3.8% is achieved for the scan with 16 positions (2 axial positions and 8
transaxial positions with a between stops distance of 42 mm) and the scan with 4 positions
(1 axial positions and 4 transaxial positions), respectively.

Figure 2.8: Localized asymmetry index results when using different sampling sequences. Assessment is performed in each sub-region as in Figure 2.7. Note that the scale is from 0% to 8%.
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2.3.3. MaxUSE and AvgUSE
Table 2.5 summarizes the MaxUSE and AvgUSE for evaluation of the image quality in
the entire transaxial plane when scanning with different sampling strategies. These two
values are calculated from those transaxial slices relevant for a DaTscan, along an axial
length of 36 mm (-18 mm to 18 mm). Table 2.5 shows that using a single bed position
in axial direction results in a MaxUSE of 15.0%, 15.8%, 22.1%, 40.7% in relevant transaxial
slices (-18 mm to 18 mm) when 16, 8, 6 and 4 transaxial bed positions are used respectively,
while the AvgUSEs are all below 5.2% for the four sampling sequences. Besides, using 2
axial bed positions can improve both the MaxUSE and AvgUSE, while a 42 mm distance
between axial stops gives the best accordance with the reference image compared to a
21 mm or 60 mm distance. For that separation, a MaxUSEs and AvgUSEs of 8.7% and 1.8%
respectively could be achieved along 36 mm axial length when using 8 transaxial bed positions. These two values are only slightly affected (12.9% and 2.0%) when the axial length
is extended to 90 mm (see the appendix). Increasing the number of transaxial bed positions from 8 to 16, the improvement of the results is limited.
Table 2.5: Comparison of the MaxUSE and AvgUSE for scans with different sampling strategies in the transaxial
slices relevant for a DaTscan, along an axial length of 36 mm (−18 mm to 18 mm).

MaxUSE along an axial length of 36 mm
One axial position
Two axial positions

Number of transaxial positions
4

6

8

16

40.7%

22.1%

15.8%

15.0%
13.8%

(21 mm distance)

39.6%

17.1%

12.5%

(42 mm distance)

29.0%

11.4%

8.7%

7.6%

(60 mm distance)

30.8%

16.6%

18.6%

17.4%

AvgUSE along an axial length of 36 mm

Number of transaxial bed positions
4

One axial position
Two axial positions

6

8

16

5.2%

3.4%

3.2%

3.6%

(21 mm distance)

4.6%

2.9%

2.4%

2.5%

(42 mm distance)

4.0%

2.6%

1.8%

1.2%

(60 mm distance)

5.0%

4.0%

3.5%

3.4%

2.3.4. Striatal count yield
Table 2.6 gives the quantitative measure of how much striatal counts can be gained compared to the reference full brain sampling when using a confined axial scanning length
and different transaxial sequences. All count numbers are relative to the striatal count
yield obtained with the reference scan. This table indicates that using a limited axial
scanning length leads to a higher striatal count yield than full brain imaging. The maximal gain in striatal count yield is a factor 2.8 when only 1 axial bed stop is used, while
2.6, 1.9 and 1.0 times higher count yields are obtained with two axial bed positions at a
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distance of 21 mm, 42 mm and 60 mm, respectively. Meanwhile, the striatal count yield
increases when more transaxial bed positions are applied. An increase of 10% is obtained
when increasing the number of transaxial bed positions from 4 to 8. This is due to the
fact that the sampling sequence can be more focused in the brain when more transaxial
bed positions are used, while the whole brain is still contained in the convex hull (see
Figure 2.4).
Table 2.6: Comparison of the striatal count yield for scans with different sampling strategies. All count numbers are normalized by dividing by the striatal count yield achieved for full brain oversampling (sequence for
reference scan).

Striatal count yield gain compared
to full brain oversampling

Number of transaxial positions
4

6

8

16

One axial position
Two axial positions (21 mm distance)
(42 mm distance)
(60 mm distance)

2.45
2.25
1.64
0.88

2.65
2.43
1.74
1.04

2.77
2.54
1.81
1.01

2.83
2.60
1.85
1.02

2.4. Discussion
We investigated the effects of using different sampling strategies on visual image quality,
semi-quantitative analysis accuracy, and striatal count yield for DaT imaging. By testing
on a series of sampling sequences with a reduced number of bed stops, we found that the
use of only 4 bed positions (1 axial position combined with 4 transaxial positions) could
already achieve very accurate semi-quantification. Compared to the oversampled reference scan, the deviation is only 1.5% for both the SBR and AI in the striatum, and 5.5% and
7.0% maximally for L-SBR and L-AI among eight striatal sub-regions. Meanwhile, with the
same sequence a striatal count yield of 2.5 times that of the reference full brain imaging
could be achieved. However, due to the reduced sampling with less bed positions, the
homogeneity in the background region is degraded, which leads to an MaxUSE of 40.1%
at a few pixels. For a DaTscan, this might not be an important issue as structures essential
for PD diagnosis are visually and quantitatively barely affected. However, for other types
of scans such as brain perfusion scans, the affected homogeneity in the brain should be
avoided.
As expected, the use of only a single axial bed position results in the highest striatal count
gain (2.8 times that of the reference scan), since all bed positions are placed central to
the striatum in the axial direction. Meanwhile, increasing the number of transaxial bed
positions can also improve the number of detected striatal counts, owing to the more
focused bed position placement in the brain (see Figure 2.4 and Table 2.6). For example,
using 8 transaxial positions leads to a 10% higher striatal count yield compared to utilizing
4 transaxial bed positions. It is worth noting that the total scan time is assumed to be
the same for all simulated scans and the time for bed movements is not included in the

2.5. Conclusion

33

simulation since it is highly dependent on the bed in use. Thus a slight decrease of the
striatal count yield would be expected when increasing the number of transaxial bed
positions from 4 to 16 (e.g. 2 axial positions combined with 8 transaxial positions) under
equivalent total scan time if this overhead time would be taken into account. This favors
the choice of using 4 bed positions (an overhead time of about 6 s based on our rough
estimation using the current G-SPECT-I bed in design) for a multi-frame dynamic scan
or fast scan. With the use of 2 axial positions combined with 8 transaxial positions, the
overhead time is estimated to be 24 s, which is still quite small compared to common
acquisition times.
Note that here we aim to ensure an accurately reconstructed region of 35 mm in axial
direction. Hence for clinical DaTscans, doctors who are familiar with DaTscan acquisition can select a VOI along an axial length of 35 mm. Determination of the striatum
position could also be improved based on a brain MR database analysis that G-SPECT-I
could provide. On the other hand, the scan region in axial direction can be extended by
using more axial bed positions, which is shown by comparing the results of using 1 or
2 axial positions in the appendix (Figure 2.9-2.12). For the use of 2 axial positions combined with 8 transaxial positions, the MaxUSE and AvgUSE are below 12.9% and 2.0%
respectively along a 90 mm axial length, while very accurate semi-quantification results
are still achievable (a deviation of 1.7% and 1.4% for the SBR and AI respectively in the
striatum, and 1.8% and 1.9% maximally for the L-SBR and L-AI among eight striatal subregions).Thus an extended axial region (e.g. 90 mm) could be selected to compensate for
some mispositioning uncertainty (27 mm in both directions axially). As 90 mm is already
much larger than the axial length of the reconstructable region aimed for (35 mm), more
axial bed positions are not included.
We modelled attenuation using a voxelized ray tracer in the simulated projections. Attenuation correction is not performed for this study as it is not trivial with multi-pinhole
systems and we aim to focus on sampling issues here. The reconstructed DaTscan images (Figure 2.6) show that attenuation results in reduced intensities in the central part
of the image, which is similar to what happens using parallel hole collimated SPECT systems. Nevertheless, the effect of different sampling sequences on G-SPECT-I DaTscan
semi-quantification turns out to be not significant even with attenuation (Figure 2.7-2.8
and Table 2.1-2.4).

2.5. Conclusion
We have designed and evaluated different sampling strategies for performing a DaTscan
based on full G-SPECT-I simulations using measured system matrices. We find that
structures essential for PD diagnosis were visually and quantitatively barely affected even
when using four bed positions (a deviation of 1.5% for both the SBR and AI in the striatum,
and 5.5% and 7.0% maximally for L-SBR and L-AI, respectively, among eight striatal sub-
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regions). With such a focused striatum scan, the effective count yield from the striatum
increased by a factor of 2.5 compared to full brain imaging and much less overhead time
is needed. This could enable acquisition with a total estimated overhead of bed-moving
of only a few seconds and protocols for extremely fast dynamic brain SPECT and motion correction. Thus, the use of a limited number of bed positions does not significantly
affect quantitative accuracy of a DaTscan while the striatal count yield is improved.
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Figure 2.9: Comparison of simulated DaTscan images with the reference image when a single axial bed position
is used. The single axial bed position is placed at the center of the striatum. (a) The simulated DaTscan image;
(b) the Difference image calculated from the relative difference between the simulated DaTscan image in (a)
and the reference image. Each row in (a) corresponds to one simulated scan, with the transaxial bed positions
decreasing from 16, 8, 6 to 4 from the top to the bottom row, respectively. Images from left to right show the
transaxial slices from 45 mm above the center of the striatum to 45 mm underneath it. The simulated DaTscan
images in (a) have a pixel size and slice thickness of 1.5 mm and are filtered with a Gaussian filter of 4 mm FWHM.
The Difference images in (b) have a pixel size of 10.5 mm and slice thickness of 9 mm.
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Figure 2.10: Like Figure 2.9, but with two axial bed positions with a between stops distance of 21 mm.
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Figure 2.11: Like Figure 2.9, but with two axial bed positions with a between stops distance of 42 mm.
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Figure 2.12: Like Figure 2.9, but with two axial bed positions with a between stops distance of 60 mm.

3
Optimized sampling for high resolution
multi-pinhole brain SPECT with
stationary detectors

This chapter is adapted from:
Yuan Chen, Marlies C. Goorden, Brendan Vastenhouw, Freek J. Beekman. Optimized sampling for high resolution
multi-pinhole brain SPECT with stationary detectors, Phys. Med. Biol. 65 (2020) 015002 [70]
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B

rain perfusion SPECT can be used in the diagnosis of various neurologic or psychiatric disorders, e.g., stroke, epilepsy, dementia and posttraumatic stress dis-

order. As traditional SPECT provides limited resolution and sensitivity, we recently
proposed a high resolution focusing multi-pinhole clinical SPECT scanner dubbed GSPECT-I (Beekman et al 2015, Eur. J. Nucl. Med. Mol. Imaging 42 S209). G-SPECT-I
achieves data completeness in the scan region of interest (ROI) by making small translations of the patient bed while using projections from all bed positions together for

3

image reconstruction. A strategy to restrict the number of bed translations is desired
to minimize overhead time. Previously we presented optimized bed translation paths
for focused partial brain imaging, while here we focus on whole brain imaging which is
the common procedure in perfusion studies. Thus, a series of noise-free scans using
a reduced number of bed positions were simulated and compared to an oversampled
reference scan acquired with 128 bed positions. Noisy simulations were included to validate the utility of the optimized sequences in more realistic situations. Brain uptake
ratios (BURs) and left–right Asymmetry Indices (AIs) in 51 selected regions of interest
(ROIs) were calculated for assessment. Results show that images were barely affected
by decreasing the number of bed positions from 128 down to 18 (mean deviation from
the reference of only 2.2% and 1.5% for the BUR and AI, respectively) while slightly
larger deviations (2.9% and 2.7%, respectively) were obtained when using 12 positions.
For both 18- and 12-position sequences these deviations due to sampling were much
smaller than those induced by noise (mean deviation of 6.5% and 8.6%, respectively).
Given an associated total overhead for bed movement of half a minute (18 positions) or
20 s (12 positions), G-SPECT-I can be a clinical platform that brings new protocols for
fast (dynamic) whole brain SPECT and motion correction into reach.

3.1. Introduction
Brain SPECT with 99𝑚 Tc, e.g. with 99𝑚 Tc-HMPAO or 99𝑚 Tc-ECD, has a widely demonstrated utility in detecting regional cerebral blood flow and in indirectly measuring neuronal activity. This enables the noninvasive assessment of cerebrovascular disease (e.g.
stroke) and neurological dysfunction (e.g. epilepsy, dementias) [71, 72]. In particular,
SPECT is the only imaging modality practically capable to perform an ictal scan during
epileptic seizures due to the ‘snapshot’ property of the tracers in use [73, 74]. Besides
these clinically well-established applications, additional indications in the psychiatric domain are currently under active evaluation [75–77], for example in post-traumatic stress
disorder, anxiety and depression [78, 79].
Presently general purpose single-, dual- or triple-head SPECT scanners provide a limited spatial resolution of 7–10 mm, with sensitivity in the range of 100–250 cps/MBq.
Some dedicated brain SPECT scanners, e.g. CeraSPECT, inSpira HD or NeuroFocus [41,
43, 80, 81], have been developed, but resolutions are still around 7 mm and some are not
manufactured anymore. Such a limited resolution hampers detection of small localized
perfusion abnormalities which can compromise accuracy of diagnosis and early detec-
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tion of neuropathology while a low sensitivity requires a relatively high tracer dose and
long scanning time resulting in patient discomfort as well as increased risk of motion
artefacts. These limited resolution-sensitivity tradeoffs of previous SPECT scanners are
due to the conventional collimator designs, a limited number of detectors or restricted
detector surface area, lack of image magnification, etc.
Recently, efforts have been made to develop brain SPECT systems based on multi-pinhole
collimation owing to its enhanced resolution-sensitivity tradeoff especially when imaging
small objects. Simulation studies have been carried out to optimize multi-pinhole systems [10, 12, 13, 46, 47], however only a few systems have been built and/or acquired physical scans [10, 34]. Our group initially developed various focused multi-pinhole SPECT
systems for preclinical purposes, e.g. U-SPECT-I, U-SPECT-II, VECTor, U-SPECT+ [50,
57, 64, 65], and lately this technology was translated in a prototype system named GSPECT-I for clinical applications [10]. The preclinical systems achieve sub-halfmillimeter
SPECT resolution and sub-second-frame dynamic scans for small animals [7, 50, 82] and
are now in use in labs worldwide. The G-SPECT-I system offers an unprecedented resolution down to 2.5 mm and a sensitivity of 415 cps/MBq in scans of human head sized
phantoms when a collimator with 3-mm-diameter pinholes is used [10]. These enhanced
resolution-sensitivity tradeoffs are facilitated by the systems’ design in which all pinholes
are focusing on a central volume. This central volume is termed the complete data volume (CDV). For a scan of an object larger than the CDV, the bed is translated in order
to extend the volume with ensured sufficient angular sampling. Subsequently, all pinhole projections from all bed positions together are used for image reconstruction of the
entire volume using the scanning focus method [49].
Recently, we showed that scans of a region which contains a limited number of transaxial
slices of the brain (up to 36 mm) can be performed by G-SPECT-I using only 4 bed translations, demanding an estimated overhead time of seconds and thus allowing for very fast
dynamic imaging [27]. The present paper aims to optimize bed translations of G-SPECT-I
for full brain scanning, which is commonly done in brain perfusion studies. To maximize
effective sensitivity, scanning speed as well as 4D SPECT frame rate, we investigated (i)
confining the axial length to the minimum required, and (ii) limiting the number of bed
translations while avoiding truncation artifacts or undersampling, all based on extensive
G-SPECT-I simulations including attenuation modeling. Resulting images were assessed
both visually and quantitatively.

3.2. Methods
3.2.1. System design
The G-SPECT-I scanner (Figure 3.1) consists of nine scintillation gamma detectors each
comprised of a 595 × 472 × 9.5 mm³ NaI(Tl) crystal based cameras, an interchangeable
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collimator, a precisely controlled xyz-stage for bed translation, three optical cameras and
an appropriate user interface for the selection of the scanning volume of interest (VOI)
based on the optical cameras [56, 83]. The collimator assumed in this paper for brain
imaging has a total of 54 pinholes [10]. All pinholes are focusing towards the collimator’s
center, offering a CDV with a transaxial diameter and axial length of 100 mm and 60 mm,
respectively. Note that for activity in the large volume of the gantry outside the CDV, the
emitted photons are still captured by a part of the pinholes (see Figure 3.1). Other details
concerning the G-SPECT-I system have been explained in [27].

Figure 3.1: Illustration of the G-SPECT-I scanner. (A) G-SPECT-I system with three optical cameras and a user
interface for VOI selection; (B) an example of how VOI selection is done with the user interface. The user
interface takes the images from three optical cameras as input. (C) The CDV in transaxial view (top image) and
along axial direction (bottom image). The CDV is the volume ‘seen’ by all pinholes; it has a transaxial diameter
𝑅𝑐 of 100 mm and an axial length 𝐿𝑐 of 60 mm. The entire field of view (FOV) of the scanner, at one bed position,
is much larger than the CDV; it extends over the gantry as shown in the figure.

3.2.2. Simulation set up
A digital Zubal phantom [84] was used for simulating normal brain perfusion images (Figure 3.2). The activity map was generated by segmenting the Zubal phantom into grey
matter, white matter and cerebral spinal fluid (CSF) and assigning activity concentrations
to these regions with a ratio of 4:1:0, respectively, as in [85–87]. We forced the phantom
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to be perfectly symmetric by mirroring the phantom left hemisphere to the right. This
was to avoid any bias induced by the intrinsic left–right asymmetry of the Zubal phantom
during image analysis. This phantom was subsequently interpolated (trilinearly) in PMOD
v4.0 (PMOD Technologies Ltd, Switzerland) from its original size of 1.1 × 1.1 × 1.4 mm³ to
0.75 × 0.75 × 0.75 mm³ voxel size, half the voxel size of the reconstructed image (1.5 × 1.5
× 1.5 mm³), to mimic a continuous activity distribution reconstructed on a discrete grid.
System matrices for forward projection of the activity distribution and reconstruction
were both generated using a set of 99𝑚 Tc (140 keV) point source measurements and geometrical modeling [63]. To obtain realistic simulated projections, effects of attenuation
were included using a voxelized ray tracer [17, 68]. Attenuation map were obtained by
assigning regions in the Zubal phantom to bone, soft tissue and air with an attenuation
coefficient of 0.31, 0.15 and 0 cm−1 , respectively (Figure 3.2(C)). Although attenuation was
included in simulating projections, no attenuation correction was performed on the reconstructed images. Similarity regulated OSEM [18] with eight subsets and ten iterations
was performed using the scanning focus method [49] to combine all projections from all
bed positions simultaneously into image reconstruction.

Figure 3.2: Phantoms used for brain perfusion simulation: (A) the Zubal phantom, (B) activity distribution in
phantom, and (C) attenuation map. Tracer concentration in grey matter, white matter and CSF is set to be 4:1:0.
Attenuation coefficients assigned to bone, soft tissue and air are 0.31, 0.15 and 0 cm−1 , respectively.

3.2.3. Noise-free simulations for bed sequence optimization
Bed sequence optimization was performed using noise-free simulations to quantify errors solely induced by sampling. Sequences investigated here all follow a multi-planar
trajectory, meaning that bed positions in each transaxial plane are replicated along axial direction to extend the scan length. To serve as a reference, we first simulated an
oversampled full brain scan obtained by (i) scanning the full axial length of the brain; (ii)
keeping a small separation (compared to the 60 mm length of the CDV) of 21 mm between consecutive axial positions; and (iii) using a large number of 16 bed positions in
each transaxial plane. This reference scan thus employs a total number of 128 small bed
translations (8 axial and 16 transaxial positions).
Subsequently, to optimize the bed translation path, a series of scans using a reduced
number of bed positions were simulated and compared to the reference scan. This opti-
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mization was done according to the following three steps (see also Figure 3.3).

3

1. Confine the axial scan length by searching the maximum allowed edge margin 𝐷𝑒𝑚
that still allows for artifact-free whole brain imaging.
2. Maximize the separation 𝐷𝑠𝑝 between consecutive axial positions to facilitate a
minimum number of axial positions.
3. Further minimize the required number of transaxial positions per plane 𝑁𝑡𝑟 , using
the optimal settings found in the previous steps.
Each step is explained in detail in the subsections below.

Figure 3.3: Illustration of the bed sequence optimization for (A) edge margin 𝐷𝑒𝑚 , (B) axial separation 𝐷𝑠𝑝 , and
(C) number of transaxial bed positions 𝑁𝑡𝑟 . The brain image shown represents a maximum intensity projection
of the brain perfusion phantom in the coronal view. In (A), oversampling in the brain between the first and last
sampling planes is always ensured by using a safe 𝐷𝑠𝑝 of 21 mm and a 𝑁𝑡𝑟 of 16. In (B), bed positions are added
until at least the ‘safe’ edge found in step (A). In (C) the left figure illustrates the final axial position placement,
based on the results of the optimal 𝐷𝑒𝑚 and 𝐷𝑠𝑝 . With this axial placement, sampling sequences with a 𝑁𝑡𝑟 of
16, 8, 6 and 4 are tested which are displayed at the right. The red dots highlight the transaxial bed positions,
and the blue circles indicate the outer contours of the CDVs. The dashed blue box denotes the selected VOI
on the transaxial plane. The convex hull of the CDVs, in which complete data is obtained, is represented by the
orange line.
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Axial edge margin 𝐷𝑒𝑚

To find the maximum ‘safe’ edge margin 𝐷𝑒𝑚 , we gradually increased 𝐷𝑒𝑚 from 0 mm
(reference scan) to 10.5 mm, 21 mm, 31.5 mm, 42 mm, 52.5 mm (as shown in Figure 3.3A
which illustrates the two extreme cases). Oversampling in the region between the first
and last sampling plane was always ensured by using a small 𝐷𝑠𝑝 of 21 mm and 16 bed
positions in the transaxial plane, the same settings as used for the reference scan.

Axial separation between consecutive positions 𝐷𝑠𝑝

The optimal axial separation was investigated by gradually increasing the value of 𝐷𝑠𝑝
from 21 mm up to 60 mm (the length of the CDV). To have a fair comparison among
scans with different 𝐷𝑠𝑝 , a target slice was adopted, around which axial positions were
placed symmetrically (see Figure 3.3B). Here the value of 𝐷𝑠𝑝 was set to be 21 mm, 30
mm, 39 mm, 48 mm and 57 mm (increasing at a multiple of 2 × 1.5 mm for the symmetric
placement).The target slice was placed at the center of the thalamus, which contains rich
perfusion patterns and involves multiple important subcortical structures (e.g. caudate,
putamen). We regard this slice to be the most ‘problematic’ for all sequences since it locates exactly in between two sampling planes in all cases. Meanwhile, for all scans with
different axial separations it was ensured that the axial length was sufficiently long. In
principle, this could be accomplished by placing the first/last axial position at a common
top/bottom edge margin (e.g. all at the ‘safe edge’ found in the previous step) and adding
axial positions in between. However, this greatly limits the choice for 𝐷𝑠𝑝 . Therefore, in
this study axial bed positions with a designated separation were added until at least the
‘safe’ edge margin (Figure 3.3B).

Transaxial positions 𝑁𝑡𝑟

The findings in the aforementioned axial placement step were used as a starting point to
further optimize sequence design in the transaxial plane. We kept 𝐷𝑒𝑚 at the maximum
‘safe’ edge margin while making sure that 𝐷𝑠𝑝 was not larger than the ‘safe’ axial separation (see Figure 3.3C) and we gradually decreased the number of transaxial positions.
The design of all transaxial bed sequences was based on the previously proposed protocol
described in [27], which assumes that a VOI is selected in the transaxial plane based on
the subject’s head contour which could be done using the G-SPECT-I user interface (Figure 3.1B). A sequence was then designed based on the selected VOI and a transaxial datacompleteness model which ensures sampling sufficiency in the convex hull surrounding
the CDVs [27]. An illustration of the designed transaxial sequences for a G-SPECT-I brain
perfusion scan based on this protocol is displayed in Figure 3.3C; from an oversampled
sequence using 16 bed positions per transaxial plane, to sequences using 8, 6 and 4 bed
positions per plane.
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3.2.4. Noisy simulations

3

To place the sampling-induced deviations in the context of image variations due to statistical uncertainty caused by the limited number of detected photons, we additionally
performed reconstructions with noisy projection data (for 20 Poisson noise realizations
based on the noiseless projections). This was done for the reference sequence as well as
for a selected number of sequences with reduced number of bed positions. These noisy
simulations assumed a total of 50 MBq of 99𝑚 Tc in the brain [88–90] and were representative for a scan time of 30 min.

3.2.5. Evaluation
Assessment of the simulated perfusion scans was performed by visual inspection and
quantitative ROI analysis. The latter was achieved by calculating the BUR and the asymmetry index (AI) in selected ROIs. These two metrics are given by

𝐵𝑈𝑅 =

𝐴𝐼 =

𝐶𝑡𝑎𝑟𝑔𝑒𝑡
𝐶𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

𝐶𝑅−𝑡𝑎𝑟𝑔𝑒𝑡 − 𝐶𝐿−𝑡𝑎𝑟𝑔𝑒𝑡
× 200%
𝐶𝑅−𝑡𝑎𝑟𝑔𝑒𝑡 + 𝐶𝐿−𝑡𝑎𝑟𝑔𝑒𝑡

(3.1)

(3.2)

Here 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 and 𝐶𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 denote the mean uptake value in the target and background ROI, respectively. In this work the entire cerebellum (Figure 3.4F) directly segmented from the Zubal phantom was used as the background region. The mean uptake
value 𝐶𝑅−𝑡𝑎𝑟𝑔𝑒𝑡 is the measurement from the ROI in the right hemisphere while 𝐶𝐿−𝑡𝑎𝑟𝑔𝑒𝑡
is that of the corresponding ROI in the left hemisphere.
Varied ways of target ROI definition are used for perfusion SPECT assessment across
studies. One of the common approaches entails manually delineating ROIs in the four
big lobes (i.e. frontal, temporal, parietal and occipital lobe), sub-regions of the lobes (e.g.
inferior and superior frontal lobe, lateral and medial temporal lobe, etc), and/or in subcortical structures (e.g. cingulate, thalamus, etc) [91–95]. Besides, automated methods
-which could reduce labor and variability compared to manual ROI placements- are often performed by registering subject scans to a template (e.g. an averaged scan from
databases) or an atlas (e.g. Talairach atlas). However, this generally requires subject MR
scans, templates with already segmented ROIs, etc, while displacement due to misregistration, possibly a few mm [96, 97], could bring bias/errors for quantification on the
simulated high resolution images. In addition, some studies implement ‘polar maps’ to
generate ROIs by simple image processing on subject SPECT scans. The polar map delineates regions along the periphery of the brain in the transaxial plane covering most of the
grey matter, where manually drawn ROIs are often placed. The latter approach of ROI
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definition was implemented in our work. Meanwhile, we also incorporated some ROIs
from subcortical structures and in the coronal plane to make the measurement more
comprehensive as they have also been used in literature [92, 95].
A total number of 51 target ROIs was used (see Figure 3.4), among which 36 ROIs were
placed in three transaxial planes, 9 ROIs in two coronal planes and 6 subcortical ROIs
(caudate, putamen and thalamus in both hemispheres) were directly segmented from the
3D Zubal phantom. For the transaxial slices, an inferior (Figure 3.4A) and a superior (Figure 3.4C) slice were placed at the center of the thalamus and tangential to the cingulate,
respectively, as in [98, 99]. A middle slice (Figure 3.4B) was chosen to be the slice exactly
in between the two. To generate the polar map regions on the transaxial slice, an annulus
region was obtained by segmenting the brain outer boundary from the digital phantom
and extending it from the outer boundary inwards for 15 mm, as in [100, 101]. This annulus was subsequently divided into 12 equal angular sectors. For ROIs in the coronal plane,
the orbital and dorsolateral part of the frontal lobe and cingulate (Figure 3.4D), as well as
the mesial and lateral part of the temporal lobe (Figure 3.4E) were considered, as in [99].
These transaxial and coronal ROIs have a size in the range of 0.4–1.0 cm³ with a mean
value of 0.8 cm³. The subcortical ROIs (as displayed in Figure 3.4A on one transaxial slice)
vary in size from 4.4–5.7 cm³. Figure 3.4F illustrates the location of the selected transaxial
and coronal planes as well as the cerebellum in the brain.

Figure 3.4: Illustration of the 51 target ROIs for quantitative analysis. Panels (A)–(C) show ROIs in three transaxial
slices. Panels (D) and (E) display the ROIs in two coronal slices. Panel F indicates the location of the selected
transaxial or coronal slices in the brain. In each transaxial slice, 12 peripheral ROIs are segmented symmetrically
on the left and right hemisphere. The subcortical regions in the inferior plane are depicted in panel (A).
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For each simulated scan, its BUR and AI values in all 51 ROIs were calculated and compared to those from the (noise-free) reference scan. We assessed the magnitude of the
deviations from this reference scan when scanning with various bed sequences. These
deviations are defined as:

𝐷𝑒𝑣𝐵𝑈𝑅 =

3

∣ 𝐵𝑈𝑅 − 𝐵𝑈𝑅𝑟𝑒𝑓 ∣
× 100%
𝐵𝑈𝑅𝑟𝑒𝑓

𝐷𝑒𝑣𝐴𝐼 =∣ 𝐴𝐼 − 𝐴𝐼𝑟𝑒𝑓 ∣

(3.3)
(3.4)

Here Dev stand for the deviation from the reference scan, while 𝐵𝑈𝑅𝑟𝑒𝑓 and 𝐴𝐼𝑟𝑒𝑓 are
the BUR and AI values of the reference. The deviation of AI is calculated directly by subtracting the 𝐴𝐼𝑟𝑒𝑓 , since AI is already a normalized index expressed in percentage. Note
that the BURs are always positive (Equation 3.1) and AIs here could be either positive or
negative (Equation 3.2).
For all images presented in this paper, the noise-free scans were post filtered with a 3D
Gaussian filter of 4 mm full width at half maximum (FWHM) and displayed with a slice
thickness of 1.5 mm. The noisy scans were 6 mm-FWHM Gaussian filtered and displayed
with a larger slice thickness of 6 mm to suppress small local fluctuations due to noise. For
quantitative analysis of all scans, measurements were performed on the unfiltered images
to avoid any bias from filtering. Additionally, we included some quantitative results obtained from 6-mm-FWHM Gaussian filtered images for a selected number of scans, since
quantification of clinical SPECT is commonly performed on filtered images.

3.3. Results
3.3.1. Noise-free simulations
Axial edge margin 𝐷𝑒𝑚

Figure 3.5(A) shows the sagittal view of simulated perfusion images with an increasing
edge margin 𝐷𝑒𝑚 . The red lines indicate the locations of the first/last axial bed positions
while the dotted white lines denote the upper/bottom edge of the brain. Compared to
the reference scan (with 𝐷𝑒𝑚 = 0 mm), scans with a 𝐷𝑒𝑚 up to 31.5 mm appear hardly
degraded upon visual inspection while further increasing 𝐷𝑒𝑚 to 42 mm or 52.5 mm results in some artefacts at the edges of the brain. For an additional check, a top and a
bottom transaxial slice are selected and displayed in Figure 3.5B. Image profiles on these
two transaxial slices are displayed in Figure 3.5C. Figure 3.5 confirms the sufficient coverage of the brain for scans with a maximum 𝐷𝑒𝑚 of 31.5 mm as structures in the top or
bottom transaxial slices are well preserved compared to the reference scan.
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Figure 3.5: Comparison of scans with different edge margin 𝐷𝑒𝑚 . (A) Simulated sagittal image slices are displayed. The red lines indicate the locations of the first/last axial bed positions and the dotted white lines denote
the upper/bottom edge of the brain. The same colormap ranging from 0 to the maximum intensity of the reference scan is used for all simulated perfusion images in this paper. (B) A top and bottom transaxial slice are
displayed. The locations of these two slices are indicated in panel (A). Image profiles through each transaxial
slice are included and shown in panel (C). These profiles are taken from a line with a width and thickness of 4.5
mm.
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Axial separation 𝐷𝑠𝑝 between consecutive sampling planes

3

To compare the scans with different 𝐷𝑠𝑝 , the target slice (which always locates exactly
in between two sampling planes) as well as image profiles are shown in Figure 3.6 A and
B, respectively for all sequences. Figure 3.6 shows that visual differences between the
simulated images acquired with varied values of 𝐷𝑠𝑝 are small; patterns are well preserved
with no obvious distortions even for a value of 𝐷𝑠𝑝 of 57 mm. This is further confirmed
by the coronal view comparison in Figure 3.11 in the appendix.
To quantitatively assess the effect of increasing 𝐷𝑠𝑝 , we calculated brain uptake ratio BUR
for the 12 polar map regions on the target slice (Figure 3.7A). Compared to the reference
image, scanning with an increased value of 𝐷𝑠𝑝 up to 57 mm achieves comparable BUR
measurements (maximal deviation of 6.0% from the reference) among all selected ROIs
on the target slice.
Besides a direct comparison of the BURs on the target slice, deviations from the reference
scan among all 51 ROIs in the entire brain are calculated and displayed in Figure 3.7B. Due
to the large number of ROIs assessed, only the maximum and mean deviation from all ROIs
are plotted. Figure 3.7B demonstrates that deviations from the reference for the tested
scans acquired with different 𝐷𝑠𝑝 are all below 7%. For the scan with a 𝐷𝑠𝑝 of 48 mm, the
BUR and AI deviate maximally 5.0% and 3.2%, respectively, while the mean deviations
read only 1.3% and 0.8%. Based on these visual and quantitative results (Figure 3.6-3.7),
a maximum axial separation 𝐷𝑠𝑝 of 48 mm is used for further transaxial sequence optimization.
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Figure 3.6: Comparison of the target slice for scans with different axial separations. (A) The target slice is
displayed for different scan sequences. (B) A horizontal and a vertical image profile through the target slice
are shown. These profiles are taken from a line with a width and thickness of 4.5 mm. Note that the reference
scan is simulated using an axial separation of 21 mm and covers the entire brain using 8 axial positions (see
Figure 3.3A), while the middle image on the first row of panel A (21 mm separation) is simulated with an axial
separation of 21 mm and sufficient axial bed positions (5 in this case) are added to reach the safe edge margin
of 31.5 mm.
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Figure 3.7: Comparison of the BUR and AI measurements between the reference and scans with an increased
axial separation 𝐷𝑠𝑝 . (A) Direct comparison of the BURs for the tested sequences in ROIs on the target slice;
(B) deviations from the reference of the BUR and AI among all 51 ROIs (see Figure 3.4) in the entire brain. The
maximum and average deviation are shown with a triangle and a bar, respectively.

3.3. Results

53

Transaxial sampling sequence

Figure 3.8 shows a comparison of scans with different numbers of transaxial bed positions
𝑁𝑡𝑟 . All scans (except the oversampled reference) use the same axial bed position placement (Figure 3.8A) based on the previous results (optimal 𝐷𝑒𝑚 and 𝐷𝑠𝑝 ) and adjusted to
the size of Zubal phantom; we keep 𝐷𝑒𝑚 to be 31.5 mm while adding axial positions such
that 𝐷𝑠𝑝 is not larger than 48 mm (42 mm here). Figure 3.8A shows two transaxial slices
which are both in between two sampling planes, while Figure 3.8B gives a comprehensive
comparison of the transaxial images from the top to the bottom of the brain. Additionally,
as other views are also important for perfusion scan assessment, we include more image
comparisons for the coronal view in the appendix (Figure 3.12). Both the transaxial and
coronal view results show that reducing the number of bed positions from the oversampled reference scan to 18 (3 axial positions combined with 6 transaxial positions) hardly
has a visual effect on perfusion images. Further decreasing the number of transaxial bed
positions to 4 leads to relatively larger deviations from the reference as well as a slightly
degraded left–right symmetry.
A quantitative analysis is included in Figure 3.9 which shows a direct comparison of the
BURs for the 12 polar map ROIs on the target slice (Figure 3.9A), as well as the maximum
and average deviations in BUR and AI from the reference among all 51 ROIs (Figure 3.9B).
For all the tested transaxial sequences, these deviations are below 9.8%. When using
six transaxial positions with the proposed axial placement, the maximum deviation of
the two measurements are 5.7% and 5.4% for BUR and AI, respectively, while the mean
deviations read only 2.2% and 1.5%. Further decreasing the number of transaxial positions
to 4 leads to a maximum deviation of 8.1% and 9.8% for the BUR and AI, respectively, and
a mean deviation of 2.9% and 2.7%, respectively.
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Figure 3.8: Comparison between the reference scan and scans with different transaxial bed positions. (A) Two
transaxial slices which are both exactly in between two sampling planes; (B) transaxial slices from top to the
bottom of the brain.
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Figure 3.9: Comparison of the BUR and AI measurements between the reference and several scans each using
3 axial positions but with different numbers of transaxial bed position 𝑁𝑡𝑟 . (A) Direct comparison of the BURs
for the tested sequences in ROIs on the target slice; (B) deviations from the reference of the BUR and AI among
all 51 ROIs (see Figure 3.4) in the entire brain. The maximum and mean deviation are shown with a triangle and
a bar respectively.
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3.3.2. Noisy simulations
Noisy simulations were performed for the reference sequence (Noisy-ref) as well as for
two selected sequences based on the results above, i.e. the sequence with 18 (Noisy-18:
3 × 6 positions) and 12 positions (Noisy-12: 3 × 4 positions). Examples of the simulated
noisy images are shown in Figure 3.10A.

3

Quantitative assessment of the BUR and AI deviations from the (noise-free) reference
scan are provided in Figure 3.10B. This figure shows that deviations due to Poisson noise
are 3–4 times larger than those induced by sampling; for example, reducing the number
of bed positions to 18 or 12 positions leads to a mean (BUR or AI) deviation from the
reference in the range of only 1.5%–2.9% when assessed on unfiltered images, while these
two mean deviations (BUR and AI) for Noisy-ref are 6.5% and 8.6%, respectively. Using
a post filter (6-mm-FWHM Gaussian) either on noise-free or noisy scans could reduce
the quantification error typically by a factor of 1.5–2. For example, the sampling induced
BUR or AI deviations (with 18 or 12 positions) decrease to mean values of 0.7%–1.9% when
images are filtered, while for the Noisy-ref scans the mean deviation decreases to 4.2%
and 2.5% for BUR and AI, respectively.
Compared to Noisy-ref, Noisy-18 achieves a slightly better performance, which could be
explained by the increased count yield (1.2 times higher for the more focused 18-position
sequence than for the reference sequence). Noisy-12 obtains a similar quantitative accuracy as Noisy-ref for unfiltered images, but slightly larger deviations (0.7% and 0.6%
larger mean deviations for BUR and AI, respectively) when assessed on the filtered scans.
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Figure 3.10: Comparison of the noisy simulations for the reference sequence (Noisy-ref) as well as for sequences
with 18 (Noisy-18) and 12 positions (Noisy-12). Example of the simulated noisy scans are shown in panel A. Panel
B shows the deviations from the (noise-free) reference scan for the noiseless and noisy unfiltered scans and
for these scans applying a Gaussian filter of 6 mm FWHM. The maximum and mean deviation are shown with a
triangle and a bar respectively. For the noisy simulations, the maximum and mean deviations were calculated
from 51 ROIs and for all 20 noise realizations.
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3.4. Discussion
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A big challenge in clinical brain imaging is to achieve an excellent resolution-sensitivity
tradeoff that allows for visualization of small lesions at a reasonable radiation dose, while
fast (dynamic) capabilities that can be used in motion correction are advantageous as
well. Previously we have demonstrated excellent resolution-sensitivity tradeoff of the GSPECT-I scanner in physical phantom scans [10]. The current work presents G-SPECT-I
acquisition using a limited number of bed translations that still allows artifact-free high
resolution whole brain scanning. We estimated the total overhead time of 18 and 12 positions to be only 30 and 20 s, respectively (based on estimations involving the current
G-SPECT-I prototype). This may enable fast dynamic studies and multi-frame scans for
motion correction.
Note that with G-SPECT-I, overhead time is introduced by the bed translations required
to scan volumes larger than the CDV, while for traditional SPECT overhead time is associated with the need to rotate the heads. For traditional scanners with step-and-shoot
mode, 64 or 128 views are generally required for sufficient angular sampling (even for a
small scanning volume), which results in more than 20 detector stops even for a triplehead system leading to an overhead time of 40–80 s assuming 2–4 s movement time per
view, as reported in [102, 103]. Instead, the G-SPECT-I design with stationary detectors
offers the flexibility of performing focused scans where only few bed translations are
required while also allowing for extended volume scans.
Effects of attenuation were included in the simulation to make results more realistic. No
attenuation correction was performed in the reconstruction for multiple reasons. Firstly,
we have not yet determined the attenuation correction method (e.g. transmission imaging based, MR based using deep learning, solely SPECT based, etc) to be applied in future
G-SPECT-I studies. This is currently under development [104] , however further testing
and validation is necessary. Besides, there are clinicians do not use it [105], possibly because it can be prone to errors due to small shifts between SPECT and CT [106, 107] or
because of the limited accuracy of a contour based uniform attenuation. Therefore we
felt it was better to prevent mixing of the sampling issues with attenuation correction
inaccuracies due to the use of a not fully validated approach for G-SPECT-I at this stage.
In this paper, we firstly performed noise-free simulations to constrain the analysis to
sampling problems associated with different sequences, while later noisy simulations
were included to investigate the utility of the optimized sequences in realistic noisy situations. The former step demonstrated that reconstructed images were barely affected
(both visually and quantitatively) when the number of bed translations was decreased
from 128 down to 18; when further decreasing the number of translations to 12, a somewhat larger deterioration from the reference scan (maximum deviation of 9.8%, see Figure 3.9) and some visual deviations (see Figure 3.8) were observed. This maximum deviation with the use of a 12-position sequence decreases to 6.9% when quantifications
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were done on 6-mm-FWHM Gaussian filtered scans (Figure 3.10B). In addition, the noisy
simulations showed that in the presence of noise, the deviations due to using 18-position
or 12-position sequences are almost negligible (3–4 times smaller) compare to those induced by noise. Note that in the noisy simulations bed movement overhead time was
neglected as it highly depends on the number of frames in data acquisition and the bed
in use. Thus in practical SPECT scans when overhead time is playing a role, especially in
multi-frames studies, one would expect a relatively larger benefit when using sequences
with 18 and 12 positions than what is provided in Figure 3.10.
For focused scans when only a part of the brain is of interest, the number of bed translations can be further reduced without sacrificing image quality by axially restricting the
scan length to just cover the target volume. An example of such an implementation was
demonstrated in [27] which presented brain dopamine system imaging with only 4 bed
translations. Besides, even for whole brain scans which require very high temporal resolutions, as in brain pharmacokinetic studies [108–111], utilizing less than 12 positions
remains possible, for example by applying an axial separation 𝐷𝑠𝑝 larger than the currently used value of 48 mm. For such fast scans, the effects of noise would be much more
prominent than what was shown in figure 10 such that the compromised accuracy due
to sampling may be negligible. This could enable imaging tracers with a very short (biological or physical) half-life, such as ¹³³Xe (biological half-life of about 40 s), for which
scanning with a confined axial length, e.g. 71 mm [112] is often already done.
Aspects which have not yet been studied here could enable even faster dynamic SPECT
imaging. We have assumed the same number of transaxial positions at each axial position; in future work one could study using fewer transaxial positions when scanning
parts of the brain with smaller dimensions, e.g. the brain’s top and bottom. Besides,
strategies that enable a continuous bed motion acquisition would be beneficial as in that
case counts would constantly be recorded during the entire scan. Such methods have
been proposed for PET imaging with bed translations only in axial direction [113–115]. For
G-SPECT imaging this requires additional investigations. Moreover, collimators that offer a larger CDV are currently under design in our institute. With these developments,
one can expect that less or even no bed translations are required, which may help to
achieve extremely fast SPECT scans.

3.5. Conclusion
We have designed and evaluated different bed position sequences for total brain perfusion imaging with a stationary focusing multi-pinhole SPECT system. We found that
decreasing the number of bed positions from 128 representing an oversampled scan down
to a small number of 18 or 12 positions has minimal effects on image quantification compared to those induced by noise, while the respective overhead times were estimated to
be only 30 and 20 s in total. This is important information for developing protocols for
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fast dynamic brain SPECT and multi-frame scans for motion correction.
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Appendix
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Figure 3.11: Comparison of simulated perfusion images with the reference image when increasing the axial separation between consecutive sampling planes 𝐷𝑠𝑝 images are shown in the coronal view. Each row corresponds
to one simulated scan, with the 𝐷𝑠𝑝 increasing from 21 mm to 57 mm from the 2nd row to the bottom row. Images from left to right shows the coronal slices from the anterior of the brain to the posterior. The locations of
the slices are indicated in the top left image.
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Figure 3.12: Comparison of simulated perfusion images with the reference image when using the proposed
axial position placement but reducing the number of transaxial bed positions 𝑁𝑡𝑟 . Each row corresponds to
one simulated scan, with the 𝑁𝑡𝑟 decreasing from 16 to 4 positions per plane from the 2nd row to the bottom
row. Images from left to right shows the coronal slices from the anterior of the brain to the posterior. The
locations of the slices are indicated in the top left image.

4
Automatic attenuation map estimation
from SPECT data only for brain
perfusion scans using convolutional
neural networks

This chapter is adapted from:
Yuan Chen, Marlies C. Goorden Freek J. Beekman. Automatic attenuation map estimation from SPECT data only
for brain perfusion scans using convolutional neural networks, Phys. Med. Biol. 66 (2021), 065006 [104]
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I

n clinical brain SPECT, correction for photon attenuation in the patient is essential to obtain images which provide quantitative information on the regional activity

concentration per unit volume (kBq.ml−1 ). This correction generally requires an attenuation map (𝜇 map) denoting the attenuation coefficient at each voxel which is often
derived from a CT or MRI scan. However, such an additional scan is not always available
and the method may suffer from registration errors. Therefore, we propose a SPECTonly-based strategy for 𝜇 map estimation that we apply to a stationary multi-pinhole
clinical SPECT system (G-SPECT-I) for

99𝑚

Tc-HMPAO brain perfusion imaging. The

method is based on the use of a convolutional neural network (CNN) and was validated
with Monte Carlo simulated scans. Data acquired in list mode was used to employ the
energy information of both primary and scattered photons to obtain information about

4

the tissue attenuation as much as possible. Multiple SPECT reconstructions were performed from different energy windows over a large energy range. Locally extracted
4D SPECT patches (three spatial plus one energy dimension) were used as input for
the CNN which was trained to predict the attenuation coefficient of the corresponding
central voxel of the patch. Results show that Attenuation Correction using the Ground
Truth 𝜇 maps (GT-AC) or using the CNN estimated 𝜇 maps (CNN-AC) achieve comparable accuracy. This was confirmed by a visual assessment as well as a quantitative
comparison; the mean deviation from the GT-AC when using the CNN-AC is within 1.8%
for the standardized uptake values in all brain regions. Therefore, our results indicate
that a CNN-based method can be an automatic and accurate tool for SPECT attenuation correction that is independent of attenuation data from other imaging modalities
or human interpretations about head contours.

4.1. Introduction
In SPECT, attenuation of photons in tissue hampers quantitative analysis of regional
tracer uptake and may lead to image artefacts. Attenuation correction (AC) is thus required to improve the diagnostic value and quantitative accuracy of reconstructed images. Besides, quantitative SPECT (i.e. SPECT that provides a precise estimate of the
activity level in kBq.ml−1 ) is also important for dosimetry planning [116].
Correction for photon attenuation is commonly based on a 3D map (attenuation map or
𝜇 map) that quantifies the amount of attenuation in each voxel within the patient at the
given photon energy. Today, these 𝜇 maps are often derived from an additional CT or
MRI scan. However, such an additional scan may not be available, can add radiation dose
in case of CT, and is prone to registration errors [117–119]. Besides the use of additional
CT or MRI scans, simple methods based solely on emission data that delineate the object contour and assume a uniform attenuation within the contour are used. Currently,
manual placement of an ellipse approximating the head contour is still the most widely
implemented approach for brain studies with commercial SPECT systems [120]. Such a
method however can be highly subjective and suffer from limited accuracy due to the operator dependency, coarse approximation of the skull contour and lack of internal head
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anatomy.
In clinical SPECT, photon-interactions in biological tissues are dominated by Compton
scatter while photoelectric absorption is almost negligible. For example, for photons
at 140 keV traveling through brain, only 1% (a linear coefficient of 0.0015 cm−1 ) of the
total attenuation (0.1461 cm−1 ) is due to photoelectric effects. Therefore, one might expect that the detected scattered photons contain essential information about attenuation
maps. Conventionally, the use of SPECT images reconstructed from scattered photons or
projections in scatter windows for 𝜇 map generation has been investigated in the 90s for
brain [121] and body (cardiac and liver) SPECT [122–124], yet in most cases solely a contour
was estimated from a single scatter window while a uniform attenuation coefficient was
assigned to the volume within the contour. This approach is seldom applied clinically,
possibly due to the increased complexity in light of the limited improvement of accuracy compared to the ellipse method. With the advance of SPECT instruments, list mode
acquisition –in which case the estimated interaction position as well as the energy are
recorded simultaneously for every detected event- is gaining popularity. In the work of
[125], the authors studied the information content in SPECT list mode data and proposed
a MLEM approach using scattered photons from the observed list mode data to jointly
reconstruct the attenuation and activity map. This, however, remains a theoretical study
due to the complexity of the approach. Similarly, jointly reconstructing the attenuation
and activity map using both the photopeak and scattered projections was also proposed
in a newly published work for PET scans without time of flight information [126].
Recently, deep learning with convolutional neural networks (CNNs) has been widely investigated in medical image restoration and analysis, e.g. for tissue segmentation, image
de-noising, and image transformation (e.g. MRI to CT) [19, 21, 23, 127–130]. These networks can capture relevant information inherent in data and establish highly nonlinear
mapping from input to output. This enables the extraction of energy-spatial information from the scatter- and primary-window reconstructed SPECT images for 𝜇 map estimation. Successful implementations of this deep learning based strategy have been
demonstrated in [23] for 99𝑚 Tc-tetrofosmin SPECT scans, and in [22, 131] for 18 F-FDG
brain PET scans. Specifically in [23], the authors performed image reconstructions from
two energy windows (primary and one scatter window) of 99𝑚 Tc-tetrofosmin myocardial
SPECT; a generative adversarial network was used to transform 4D SPECT image patches
(3D SPECT over two energy windows) to 3D attenuation map patches. Results were validated on clinical myocardial scans acquired from a GE dual-head parallel-hole SPECT/CT
850 system.
The aim of the present work is to develop and validate a CNN approach for estimating 𝜇
maps of 99𝑚 Tc-HMPAO brain perfusion scanning with a full ring stationary SPECT system
(G-SPECT-I, [10]). The full emission data including both primary and scattered photons
over a broad energy range was utilized via multiple image reconstructions at different
energy windows. A patch-based CNN approach was implemented in the present work.
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Such an approach is often applied in medical image restoration and analysis [19, 127, 132,
133] due to the reduced number of parameters and increased amount of training data
that is required compared to the full-image to full-image approaches e.g. U-Net [134].
In the present study, a large number of 4D (i.e. XYZE dimensions) SPECT patches (subvolumes of 21 × 21 × 21 voxels × 5 energies) were used as input for the CNN to estimate
the attenuation coefficient of the corresponding central voxel of the patch. Our proposed
method was tested on Monte Carlo (MC) simulated 99𝑚 Tc-HMPAO SPECT scans based on
the G-SPECT-I geometry.

4

4.2. Methods
4.2.1. G-SPECT-I system
The G-SPECT-I is a multi-pinhole system with stationary detectors that demonstrates
excellent resolution down to 2.5 mm (resolved rod size for Derenzo hot rod phantom)
and a central sensitivity of 415 cps/MBq when using a dedicated brain collimator with
3-mm-diameter pinholes [10]. This system (see Fig. 4.1) consists of nine large-area NaI
detectors, an interchangeable collimator and a precisely controlled xyz-stage used for
bed translation. The collimator assumed in this paper was developed for high sensitivity brain and pediatric imaging and has a total of 54 pinholes with a pinhole diameter of
4.5 mm. The G-SPECT-I has a focused geometry design, similar to that of its preclinical
predecessors, i.e. various versions of U-SPECT/CT and VECTor/CT scanners that are
now in use by many labs worldwide [7, 39, 57, 64]. Such focused geometries entail that
all pinholes simultaneously ‘view’ a central volume in which a very high sensitivity and
complete data (without bed movement) is obtained. This central volume is termed the
complete data volume (CDV). This CDV has a transaxial diameter and axial length of 100
mm and 60 mm respectively (see Fig. 4.1). For a scan of an object larger than the CDV,
the bed is translated to extend the volume in which sufficient sampling is obtained for
optimal image reconstruction. In the present paper, for a whole brain perfusion scan,
18 bed translations with overlapping CDVs are used for sufficient sampling of the entire
scan volume based on findings in [70]. All pinhole projections from all bed positions together are used simultaneously for image reconstruction using the so called scanning
focus method [49]. Other details concerning G-SPECT-I are described in [27].

4.2.2. SPECT data simulations
The CNN estimation of the 𝜇 maps is based entirely on MC simulated SPECT list-mode
data for the G-SPECT-I geometry using head phantoms. As the presence of noise in
the MC simulated realistic brain images may hamper visualization of AC effects when
evaluating the 𝜇 maps, we additionally performed a voxelized ray tracing (VRT) simulation
[17, 68] to generate noise-free images, such that the accuracy of AC and thus the quality
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Figure 4.1: Illustration of the G-SPECT-I scanner. The G-SPECT-I system has three optical cameras and a user
interface for volume of interest (VOI) selection. Based on the selected VOI, G-SPECT-I software automatically adjusts parameters for optimal imaging of the VOI. The CDV is the volume “seen” by all pinholes; it has a
transaxial diameter 𝑅𝑐 of 100 mm and an axial length 𝐿𝑐 of 60 mm.

of the 𝜇 maps could be studied on noisy as well as on noiseless images. These simulations
are described in detail below (see also Fig. 4.2).

4.2.3. Digital phantoms for simulation
The publicly available Brainweb database with digital phantoms generated based on normal subjects [135] were used to simulate 99𝑚 Tc-HMPAO brain perfusion scans. This type
of scan was chosen given the wide application of perfusion SPECT in the diagnosis of
cerebrovascular (e.g. stroke), neurological (e.g. epilepsy) and psychiatric disorders (e.g.
post-traumatic stress disorder) [71, 72, 79]. A total of six phantoms (the first six phantoms
when ordered by subject number) were used in this work, with five used for training and
one for testing in a leave-one-out cross validation manner.
For each phantom, the activity map was generated by assigning tracer concentrations to
grey matter, white matter and background regions (e.g. skin, skeletal muscle) with a mean
ratio of 80:20:5 [85–87] to mimic a realistic blood flow. This ratio was introduced with a
random variation (normally distributed) with a standard deviation of 10% for each number
to make the activity distribution variable among phantoms. Besides, a total activity of 50
MBq in average was set in the head (resembling an injected dose of 25 mCi as in [88–90].
This number was induced with a standard deviation of 10% (normally distributed) for each
phantom. Simulations assumed a scan time of 30 min.
The attenuation map was obtained by segmenting the phantom into different regions.
For MC simulations, the maps with each region assigned with a material (e.g. water)
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Figure 4.2: Illustration of SPECT data simulation. (a) MC simulations of the head phantoms; for each phantom,
an activity and attenuation map were generated and were used for MC simulation. Background counts due to
cosmic radiation were added to the MC simulated projection data. Five SPECT reconstructions were performed
from different energy windows. (b) VRT simulations to generate noise-free images on which the effects of
attenuation correction with different 𝜇 maps were studied. In the figure, “bkg” stands for background, “WM”
is the white matter and “GM” is the grey matter.

were used (see Fig. 4.2a), while for VRT simulations, the maps with each region assigned
with an attenuation coefficient were used (subject to the different requirements of both
simulators). A total of eight different regions were segmented, i.e. skull, skin, blood,
muscle, brain, water, fat and air, with a corresponding coefficient of 0.248, 0.155, 0.149,
0.147, 0.146, 0.142, 0.128 and 0 cm−1 respectively. These values were calculated based
on the chemical component of each tissue and the mass attenuation coefficient given in
NIST (National Institute of Standards Technology [136]) for photons at 140 keV. The map
with given attenuation coefficient is also the ground truth (GT) 𝜇 map that was used in
the cross-validation step for training and for evaluation of the network predicted 𝜇 maps.
All phantoms for simulations were down-sampled with trilinear interpolation to have a
voxel size of 1 × 1 × 1 mm³ from its original voxel size of 0.5 × 0.5 × 0.5 mm³.
Noisy MC simulations

The software used for MC simulations was the Geant4 Application for Tomographic Emission (GATE) [137], with Geant4 v10 and GATE v8.0 installed on a CentOS 6.6 cluster. The
long scanning time (30 min) simulation was divided into multiple simulations with shorter
time intervals (randomly seeded) that were executed in parallel on a computer cluster.
The system geometry in GATE was designed to closely represent the actual G-SPECT-I
design, namely, the computer-aided design (CAD) drawing of the G-SPECT-I collimator
was put into GATE. Additionally, nine NaI-scintillators were created natively by defining
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a 497 × 410 × 9.5 mm³ box and replicating it with a ring repeater with a collimator center
to detector distance of 757 mm (same as in the G-SPECT-I prototype). The full emission
spectrum of 99𝑚 Tc was used in the simulations. Physics processes modelled were photoelectric effect, Compton and Rayleigh scattering for gamma photons; bremsstrahlung
and multiple scattering for electrons. Within the scintillators, the interaction time, total deposited energy, and energy-weighted average interaction location for each gamma
photon were recorded. The uncertainty of the scintillation process and light collection
is not fully modelled in the MC simulations, but rather accounted for by taking random
samples from a Gaussian distribution in both the spatial and energy domain for each photon recorded on the detector. This is to accelerate the simulation process. The full width
at half max (FWHM) of the Gaussians were set according to findings in [138]: for photons
at 140 keV, the respective spatial and energy blurring were 3.5 mm and 10% FWHM (based
on measurements of detectors at our institute); for photons at other energies these two
values were calculated based on models from literature [138].
Background counts due to cosmic radiation were emulated to make the simulation more
realistic. This was done by acquiring a long void scan (10 h scan without radioactivity)
with the G-SPECT-I prototype, followed by count scaling (by dividing the count numbers
by 360 to emulate a 100 sec scan at one bed position) and Poisson statistics generation.
This process was performed for all 18 bed positions to emulate a total acquisition time
of 30 min. Finally, the background counts at each bed position were added to the corresponding projections obtained with the MC simulation.

Noise-free VRT simulations

The VRT simulator takes the system geometry (i.e. the precise pinhole and detector positions and detector orientations) as input and models the collimator and detector crystal
penetration but ignores scattering [17, 68]. For these noise-free VRT scan simulations,
the same scanner geometry and the same acquisition parameters (e.g. the same 18 bed
positions) as in the MC simulation were assumed. Cosmic radiation counts were not
added in the VRT simulations. Effects of patient attenuation were included in the VRT
simulated projection data.

4.2.4. Image reconstruction
For the MC simulated projection data, five SPECT reconstructions were performed (see
Fig. 4.2a); one used the photons detected in the photopeak window combined with a
triple energy window (TEW) scatter correction (28 keV width centered at 140 keV for the
photopeak window and 5.6 keV width at each side for scatter correction) and four additional reconstructions were done from different scatter windows (28 keV width centered
at 120, 100, 80 and 60 keV respectively). For the VRT simulated projection data, only primary photons were simulated and could thus be reconstructed, resulting in noise- and
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scatter-free SPECT scans (see Fig. 4.2b).
All image reconstructions were performed on a 1.5 mm grid, larger than the voxel size
of the digital phantoms, to mimic a continuous activity distribution reconstructed on a
discrete grid. The system matrix for reconstruction was calculated using the VRT simulator for photons at 140 keV and excludes effects of object scatter. This system matrix
was used in image reconstruction for all energy windows. No attenuation correction was
performed during reconstruction. Similarity regulated OSEM [18] with 8 subsets and 10
iterations was implemented for image reconstruction.

4

4.2.5. Attenuation map (𝜇 map) estimation
SPECT image preprocessing

Before being used as input to the CNN to estimate 𝜇 maps, the reconstructed MC simulated SPECT images were preprocessed (see also Fig. 4.3). Firstly, the reconstructed noisy
MC simulated SPECT images (from all energy windows) were masked to remove artefacts
outside the head (Fig. 4.3a). The mask used was a cylinder with a relatively large diameter
of 240 mm to safely preserve the brain/head structures. Secondly, intensity normalization was performed to compensate for variance of reconstructed image intensity among
phantoms (Fig. 4.3a). Here for each phantom, the maximum intensity from the photopeak reconstructed image was firstly calculated. To reduce the effects of noise and/or
any strong edge artefacts (which might appear at the edge slices of the reconstructed
volume), this maximum value was obtained from slightly filtered SPECT scans (with a
6-mm-FWHM Gaussian) and from the central 36-mm-thick slices of the reconstructed
volume (the reconstructable length even with one bed position in the axial direction of
G-SPECT-I, see Fig. 4.1). Subsequently, all five reconstructions from different energy
windows were normalized by division by this maximum value such that the images from
different phantoms that are used as input to CNN have a similar dynamic range.
The MC SPECT images were down-sampled (tri-linearly) to a voxel size of 3 × 3 × 3 mm³
from an original voxel size of 1.5 × 1.5 × 1.5 mm³ before being fed into the neural network.
This is to speed up the training process with a relatively larger image voxel size.
CNN regression

The neural network takes 4D (XYZ and energy) patches centered at each voxel as input
and was trained to predict the attenuation coefficient of the corresponding central voxel
in object space (Fig. 4.3b). The patch size used was 21 × 21 × 21 voxels × 5 energies. The
voxel size of the patch images is 3 × 3 × 3 mm³. We used a typical CNN architecture that
consists of multiple stages of convolution, batch normalization, ReLU activation and max
pooling, followed by a fully connected layer with a sigmoid for voxel regression (see Fig.
4.3b). The network that takes in total five energy windows as input is termed CNN5E. In
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Figure 4.3: Illustration of attenuation map estimation. (a) SPECT image preprocessing; (b) architecture of the
CNN; 𝑛 is the number of energy windows. Three networks were tested. The network that takes five, three or
one energy window as input is termed CNN5E, CNN3E and CNN1E respectively. “Conv” and “BN” are short for
convolution and batch normalization respectively. The number of the filters is 32, 64, 128, 256 and 512 as shown
in the figure. (c) Leave-one-out cross validation with six phantoms; for testing on each phantom, the other five
phantoms are used for training.

addition, we included two networks using less energy windows to investigate the effect of
energy range of scattered photons on 𝜇 map estimation. These two networks are termed
CNN3E and CNN1E respectively, with three energy windows (one photopeak window and
the two high-energy scatter windows, see Fig. 4.2a) and only the photopeak window
involved respectively. Convolution was performed with a kernel size of 3 × 3 × 3. The
number of the filters is 32, 64, 128, 256 and 512 as indicated in the figure. Pooling was
done with a grid of 2 × 2 × 2.
Leave-one-out cross validation was performed using five phantoms in training and one
for testing (see Fig. 4.3c). Each network was trained with a balanced set containing 5k
samples (4D patches) randomly selected from each of the three main tissue classes (0 ≤ 𝜇
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< 0.07/cm for air voxels, 0.07 ≤ 𝜇 <0.20/cm for water-like voxels and 0.20 ≤ 𝜇 < 0.25/cm
for bone voxels; thus 15k samples in total). Meanwhile, for each epoch during training, a
new selection of 15k samples was made in order to feed the network with as many samples
as possible, similar as in [139]. The network used in this study was trained to minimize
the mean square error between the predicted attenuation coefficient μ and the GT 𝜇 map
(see description in section 4.2.3 for definition).

4

The proposed network was implemented using TensorFlow. The Adam optimizer [140]
with default settings (learning rate = 0.001, 𝛽1 = 0.9, 𝛽2 = 0.999) was used to train the network. A mini-batch of 15 4D patches was used. No validation set was used to determine
the optimal epoch due to the limited number of phantoms in this study. The model was
trained for 200 epochs for convergence.

4.2.6. Attenuation correction with estimated maps
As the aim is to use the 𝜇 maps to realize quantitative SPECT, attenuation correction was
implemented using the estimated maps. Correction was done using an adapted firstorder Chang’s method (Chang 1978). In Chang’s method with traditional parallel-hole
collimation, the transmission along every projection line from a given voxel is calculated,
and the transmission fraction (TF) for that voxel is defined as the average transmission
value among all projection lines (Eq. 4.1).
𝑀

𝑇𝐹 =

1
∑ exp( − ∫ 𝜇(𝑙)𝑑𝑙)
𝑀
𝐿𝑚

(4.1)

𝑚=1

Here 𝑀 is the number of projections involved in data acquisition for a certain voxel, 𝐿𝑚
is the 𝑚th projection path of gamma photons and 𝜇 is the attenuation coefficient along
the projection line 𝐿𝑚 .

Figure 4.4: Illustration of the adapted first-order Chang’s method used in this study. With G-SPECT-I, for a
given voxel at a given bed position, only photons that travel toward some distinct directions will be captured
by one of the pinholes, as shown in the figure.
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Due to the (multi-pinhole multi-bed-position) characteristic of G-SPECT-I, for a given
voxel at a given bed position, only photons that travel toward some distinct directions
will be captured by one of the pinholes (see Fig. 4.4). Thus, here we implemented an
adapted multi-pinhole Chang’s method. This was done by first checking –at every bed
position– if a voxel is seen by a pinhole. If yes, the transmission along this projection line
(from that voxel center to the pinhole center) is counted, and weighted by the pinhole’s
sensitivity for that voxel (see Eq. 4.2-4.4). The parameters used in the adapted multipinhole Chang’s method (Eq. 4.2-4.4) are summarized in table 4.1.

𝑇𝐹 =

𝑁

1
𝑁

𝑃

∑𝑛=1 ∑𝑝=1 𝑆𝑛,𝑝

𝑃

∑ ∑ (𝑆𝑛,𝑝 exp( − ∫
𝑛=1 𝑝=1

𝜇(𝑙)𝑑𝑙))

(4.2)

𝐿𝑛,𝑝

2

𝑆𝑛,𝑝 =

𝑑𝑒 = √𝑑 2 +

𝑑𝑒
cos 𝜃𝑛,𝑝
16𝑟𝑛,𝑝 2

2
𝛼
2
𝛼
𝑑 tan( ) + 2 𝑑 tan2 ( )
𝜇0
2
𝑢0
2

(4.3)

(4.4)

Table 4.1: Parameters used in the adapted multi-pinhole Chang’s method.

Symbol

𝑁
𝑃
𝑆𝑛,𝑝
𝜇
𝑟𝑛,𝑝
𝜃𝑛,𝑝
𝑑𝑒
𝑑
𝜇0
𝛼

Description
Number of bed positions in data acquisition
Number of pinholes “seeing” the voxel
Sensitivity of the given voxel corresponding to pinhole 𝑝 at bed position 𝑛 [141]
Attenuation coefficient along the line 𝐿𝑛,𝑝 from voxel to pinhole 𝑝 center at bed position 𝑛
Voxel-to-pinhole distance, given pinhole 𝑝 and bed position 𝑛
Angle between the line of voxel to pinhole center and the line of collimator center to pinhole
center, given pinhole 𝑝 and bed position 𝑛 (see Fig. 4.4)
Equivalent pinhole diameter
Actual pinhole diameter (4.5 mm here)
Attenuation coefficient (24.3 cm-¹, measured experimentally) for pinholes made of hard lead
(antimonial lead, containing a mixture of 𝑃𝑏 and 𝑆𝑛 )
Pinhole opening angle (27 ∘ here)

4.2.7. Evaluation
Visual inspection

The network estimated 𝜇 maps were compared to the ground truth 𝜇 maps. Besides,
attenuation corrected SPECT images using the three CNN estimated 𝜇 maps (CNN5EAC, CNN3E-AC and CNN1E-AC) were compared to the ground-truth-AC (GT-AC) images
which use the ground truth 𝜇 maps for correction.
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Quantitative analysis

4

4.2.7.2.1 Standard uptake value (SUV) As often used in absolute quantification for PET
and SPECT, the standardized uptake values SUVs were calculated in a number of regions
of interest (ROIs). The SUV (in units of g/ml) is the mean concentration in a region 𝐶𝑅𝑂𝐼
(Bq/ml) normalized by the injected dose per patient weight (Bq/g), as shown in Eq. 4.5. In
this work a clinically injected dose of 25 mCi and a body weight of 70 kg were assumed for
brain perfusion scans for all phantoms. To define the ROIs, a template phantom based on
the “Colin 27 Average Brain” [142] provided by the Brainweb database was registered to
subject phantoms. ROIs were generated by warping the automated anatomical labeling
(AAL v3) template [143] to subject space using the same transformation. A total of 166
regions were defined in the AAL template. These localized regions have a size in the
0.07-41.15 ml range with a median value of 3.75 ml (mean of 6.40 ml) respectively (across
all phantoms).
The capability to achieve quantitative SPECT was assessed by comparing the SUVs calculated from the attenuation corrected SPECT images to those of the digital phantom
image. This direct comparison of the SUVs was performed in eight big structures as in
[21, 144], including four big lobes (temporal, occipital, parietal and frontal lobe), three subcortical structures (thalamus, putamen and caudate nucleus) and the cerebellum. Here
in our work these eight structures were further separated into 16 ROIs by hemispheres
(e.g. thalamus in the left hemisphere and in the right).

𝑆𝑈𝑉(𝑔/𝑚𝑙) =

𝐶𝑅𝑂𝐼
𝐷𝑜𝑠𝑒/𝑊𝑒𝑖𝑔ℎ𝑡

(4.5)

4.2.7.2.2 Difference from GT-AC Differences in units of SUV (𝐷𝐼𝐹𝐹 ) when using the
CNN estimated 𝜇 maps for attenuation correction compared to that of the GT 𝜇 maps
were evaluated (see Eq. 4.6). The distribution of the differences were presented in BlandAltman plots as in [144]. Differences (in percentage) from the GT-AC images, which is
termed deviations (𝐷𝐸𝑉 ) here, were calculated as in Eq. 4.7. Statistical significance of
the deviations was assessed using paired t tests (𝑝 < 0.05 is considered as statistically
significant) as in [22, 144].

𝐷𝐼𝐹𝐹(𝑆𝑈𝑉) = 𝑆𝑈𝑉 − 𝑆𝑈𝑉𝐺𝑇−𝐴𝐶
𝐷𝐸𝑉𝑆𝑈𝑉 (%) = ∣

𝑆𝑈𝑉 − 𝑆𝑈𝑉𝐺𝑇−𝐴𝐶
∣ × 100%
𝑆𝑈𝑉𝐺𝑇−𝐴𝐶

(4.6)
(4.7)

For all SPECT images shown in this paper, a 3D Gaussian post filter with 6 mm FWHM
was applied. For quantitative analysis, measurements were performed on the unfiltered
SPECT images to avoid any bias from filtering.
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4.3. Results
4.3.1. Visual inspection
Figure 4.5 shows a comparison of the CNN estimated and the ground truth 𝜇 maps. Five
slices obtained from one of the phantoms (indicated by the solid black lines) are displayed.
A full comparison of results for all six phantoms is included in the appendix (Fig. 4.9).
Figure 4.5 shows that compared to the ground truth, 𝜇 maps can be well estimated with
CNN5E and CNN3E in which cases scatter windows (besides the photopeak window) were
involved as input to the CNN; in these cases, the shape and size of the heads are well
retrieved. The improvement by including two additional low-energy scatter windows
from CNN3E to CNN5E is small.
CNN1E has inferior performance compared to CNN5E and CNN3E; the head size can be
inaccurately predicted with CNN1E as in the example shown in Fig. 4.5 where the predicted 𝜇 maps appear incorrectly large. Besides, an insufficient estimation of the air and
bone structures was observed for CNN1E as demonstrated in figure A1 (phantom number
5). This might be due to the fact that input to CNN1E includes only the photopeak window
which represents solely the activity distribution. Information to correctly determine the
air and bone voxels where there is barely any tracer accumulation is thus insufficient.
Figure 4.6 shows a comparison of the SPECT images as well as the image profiles when
using the ground truth or CNN 𝜇 maps for attenuation correction. SPECT images presented in this figure are the noiseless scans from VRT simulations to better visualize the
effects of attenuation correction. Results of corrections performed on the realistic MC
simulated scans are included in the appendix (Fig. 4.11). Figure 4.6 shows that the image
and image profile differences from the ground-truth-AC are small for CNN5E-AC and
CNN3E-AC images, while CNN1E-AC images deviate more from the ground-truth-AC.
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Figure 4.5: Comparison of the ground truth and CNN estimated 𝜇 maps. Five slices (equally distributed with
25.5 mm separation) obtained from one of the phantoms are displayed. Locations of the slices are indicated by
the solid lines. The predicted 𝜇 maps of CNN1E appear incorrectly large.
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Figure 4.6: Comparison of the attenuation corrected SPECT images using different 𝜇 maps. (a) Attenuation
corrected SPECT images; image profiles through each slice are included and shown in panel (b). These profiles
are taken from a line with a width and thickness of 4.5 mm. A zoomed view of some parts of the profiles are
displayed in panel (c).
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4.3.2. Quantitative analysis
SUV

4

The absolute quantification results when using the ground-truth-AC and CNN-AC are
shown in figure 4.7. The SUVs in the 16 merged ROIs (8 structures × 2 hemispheres)
are plotted. Figure 4.7 shows that attenuation correction is essential to achieve accurate quantification; without correction, an underestimation of about 70% for the SUVs
is observed. Compared to the digital phantom, the ground-truth-AC, CNN5E-AC and
CNN3E-AC images suffer from slight underestimation of the SUVs, which could be due
to the partial volume effects given the finite system resolution (∼ 3.5 mm) or the imperfect attenuation correction method.

Figure 4.7: Comparison of the SUV values when using various AC methods in 16 regions (8 structures × 2 hemispheres). The mean and standard deviation from all 6 phantoms are displayed for each region.

Difference from GT-AC

In the Bland-Altman plot (Fig. 4.8), the distribution of the SUV differences is assessed. Fig.
4.8a plots the distribution for measurements taken from the merged 16 × 6 regions while
those from the localized 166 × 6 regions over the entire brain are given in Fig. 4.8b. In
Fig. 4.8, differences from the ground-truth-AC are small (close to the zero line) for both
the CNN5E-AC and CNN3E-AC. Among these two methods, CNN3E-AC shows a slightly
more diverging distribution and thus a larger difference. A deviation from the groundtruth-AC of 10% is highlighted by the semi-transparent grey region. For CNN5E-AC, all
measurements are within 10% deviation across all regions.
The mean value of the deviations for measurements among all ROIs is summarized in table
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Figure 4.8: Bland-Altman plots when using different CNN-AC methods. Measurements taken from the merged
16 × 6 regions are plotted in (a) while those from the localized 166 × 6 regions are given in (b).

4.2 for different CNN-AC methods. For CNN5E-AC and CNN3E-AC, the mean deviations
across 16 × 6 regions are within 1.60% and are statistically insignificant (𝑝 > 0.05), while
for assessments across 166 × 6 localized regions, the mean deviations are within 1.82%
(𝑝 < 0.05).

Table 4.2: SUV deviation (mean ± standard deviation) from the ground-truth-AC across 16 merged ROIs and
166 small localized ROIs for all six phantoms. 𝑃 < 0.05 is defined as the significance level.

16 × 6 regions

CNN5E-AC

CNN3E-AC

CNN1E-AC

No-AC

𝐷𝐸𝑉𝑆𝑈𝑉 (%)
𝑃

1.60 ±1.53

1.59 ±1.68

7.35 ±8.91

67.50 ±5.30

0.368

0.616

0.002

<0.001

166 × 6 regions

CNN5E-AC

CNN3E-AC

CNN1E-AC

No-AC

𝐷𝐸𝑉𝐴𝐼 (%)
𝑃

1.63 ±1.66

1.82 ±1.90

7.53 ±8.80

69.25 ±4.40

<0.001

0.016

<0.001

<0.001

4.3.3. Counts from each energy window
Table 4.3 provides the number of counts detected in each energy window. An example
of the energy spectrum from one phantom is shown in figure 4.2a. Table 4.3 shows that
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i) the detected counts from tracer emission decreases for energy windows going from E1
to E5, and ii) contribution of cosmic radiation to the total increases (from 5% to 15%) for
energy window going from E1 to E5.

Table 4.3: Comparison of the count number from different energy windows (keV). The mean counts across
all phantoms are given. ‘M’ stands for the unit million. The first row gives the mean counts detected from
tracer emission based on Monte Carlo simulations. The second row gives the background counts from cosmic
radiation based on a long void scan (10 hours scan without radioactivity) with the G-SPECT-I prototype. Note
that these two types of counts were added in projections for image reconstruction.

4

Mean counts

Photopeak E1 (126-154)

E2 (106-134)

E3 (86-114)

E4 (66-94)

E4 (46-74)

From tracer
From cosmic
Cosmic/tracer

7.50 M
0.45 M
6.0%

4.20 M
0.44 M
10.5%

3.59 M
0.45 M
12.5%

3.29 M
0.54 M
16.4%

2.19 M
0.35 M
16.0%

4.4. Discussion
The current work shows the feasibility of estimating attenuation maps by using SPECT
data only without additional (radiation) scans or the need to draw head contours. This
could facilitate SPECT imaging with minimal ionizing radiation or user interactions, enabling quantitative brain perfusion SPECT to be independent from data from other scanners, thereby avoiding registration issues between modalities as well.
Figures 4.5-4.7 and figure 4.9 show that despite of the inadequate 𝜇 map estimation of
CNN1E, a reasonable quantification accuracy could still be obtained with this method.
This might explain the broad use of an ellipsoidal region for attenuation correction in
clinical routine given its benefit of simplicity and decent effectiveness (i.e. the improved
accuracy compared to that of not performing a correction at all). While various contourbased methods have been proposed to attain a uniform 𝜇 map, devising one here that is
suitable for our work is beyond the scope of this paper. Alternatively, a ground-truthuniform (GT-uniform) 𝜇 map, which can be regarded as the best achievable 𝜇 map using the contour-based method, was generated by replacing all tissues in the GT 𝜇 map
with the attenuation coefficient of brain tissue (𝜇 = 0.146/cm). This part of the results
is included in the appendix (figure 4.10 and table 4.4). GT-uniform-AC suffers from underestimation of the SUVs compared to the GT-AC since all bone voxels are replaced
by brain. The Bland-Altman plot of GT-uniform-AC shows a more diverging distribution
of the SUV differences compared to those of the CNN5E-AC and CNN3E-AC. The mean
deviation from GT-AC is within 3.78%, which is also larger than CNN5E-AC (1.63%) and
CNN3E-AC (1.82%). Note that the GT-uniform 𝜇 map is the ideal 𝜇 map one could get
using the contour-based method. In reality, obtaining such a contour generally requires
image processing steps, which involve a set of parameters (e.g. smoothing and threshold) that are sensitive to tracer distribution and noise in image. On the other hand, with
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the proposed CNN method, an optimal mapping with a large number of parameters is
generated automatically. Here our results show that, even though the tracer distribution
and the amount of activity were variable for each phantom, CNN could still accurately
estimate the attenuation map when trained on a small set with five phantoms.
Three neural networks (CNN5E, CNN3E and CNN1E) were tested in this work, where we
found that compared to the use of only the photopeak window (CNN1E), the involvement
of scatter windows as done in CNN3E and CNN5E improves the performance. The use
of five energy windows (CNN5E) instead of three (CNN3E) only has a limited effect on
results. This might be due to i) the intrinsic weak correlation between the multi-order
scattered photons and the attenuation coefficients and ii) the relatively low scatter signal compared to the level of noise in the additional two low-energy scatter windows of
CNN5E (see table 4.3). The results also indicate that investigating the utilization of photons from high-energy scatter windows close to the photopeak might be beneficial. In
this paper, energy windows used all have an equal width of 28 keV and are already slightly
overlapping (see figure 4.2a), thus adding additional high-energy scatter windows may
not lead to improvements. Given better energy resolution, the incorporation of more
energy windows may be possible by narrowing the width of each window. This could
provide the network with photons with more precise energy-spatial information. However, the exact effect on CNN estimation of 𝜇 maps requires additional studies.
In this paper, evaluation of attenuation correction with the CNN estimated 𝜇 maps was
performed on the noise-free VRT simulated scans (for better visualization of the AC effects when using different 𝜇 maps). Results of correction performed on the realistic MC
simulated scans are included in the appendix (figure 4.11). These results show that visually the differences of using GT-AC, GT-uniform-AC, CNN5E-AC and CNN3E-AC are
small on the MC simulated scans. Besides, comparing the realistic MC simulated SPECT
images to the noiseless VRT scans (figure 4.6a), one could see that the effects on image
quality due to, e.g. noise and imperfect scatter correction as in the former scans can
be larger than effects caused by using different CNN-AC methods (e.g. CNN5E-AC and
CNN3E-AC). This is not surprising as noise generally plays a critical role in SPECT. While
we aim to estimate the attenuation map using deep learning for automatic and accurate
attenuation correction, future development that could achieve SPECT denoising can be
beneficial, and using deep learning techniques for this task is also being actively investigated [145–147].
As a feasibility study based on Monte Carlo simulated data, limitations of this work include a validation using experimental scans which is required to bring the method closer
to clinical applicability. For implementation on experimental data, we expect that the
network may be trained on physical scans with CT ground truth attenuation maps acquired from only a few patients, as it was shown that the proposed CNN needed only a
limited number of training samples. Besides, the effect of subtle differences of attenuation correction when using a CNN instead of a CT 𝜇 map needs to be evaluated on real
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patient data by human readers with a specific clinical task to ultimately prove the merit
of the proposed CNN approach. Additionally, we used discretized maps consisting of a
limited number of tissue classes (eight classes) as the ground truth attenuation map. For
brain scans with relatively simple attenuation maps, this approximation could be acceptable. For other applications especially those involving fine structures, e.g. myocardium
imaging, more complex attenuation maps with more tissue classes or with continuous
attenuation coefficients would be preferable. Furthermore, the proposed method was
tested on a G-SPECT-I geometry as it is an ultra-high resolution system we are developing at our institute. Given the validity of the proposed approach on G-SPECT-I, it would
be worthy to try it for other standalone SPECT devices as well. Moreover, the proposed
methodology was validated only for brain perfusions scans with 99𝑚 Tc-HMPAO in the
present work. We expect that the approach may be applicable to other types of scans
when the CNN is trained on that specific scan, yet the accuracy and effectivity have to
be validated.

4.5. Conclusion
We have implemented and validated a neural network approach to generate attenuation maps solely from SPECT emission data for 99𝑚 Tc-HMPAO brain perfusion scans.
This could enable quantitative SPECT imaging with minimal ionizing radiation and make
SPECT independent of data from other imaging modalities, while the fully automated
approach could reduce the subjectivity due to intra- or inter-observer variability.

Appendix
Comparison of the ground truth GT and CNN estimated 𝜇 maps for all six phantoms
are given in figure 4.9. Five slices with an equal separation of 25.5 mm are displayed
for each phantom. Figure 4.10 and table 4.4 provide the quantitative analysis results of
GT-uniform-AC. The results from CNN5E-AC are shown together here as a comparison.
Figure 4.11 displays the MC simulated realistic SPECT scans after attenuation correction
with different 𝜇 maps. Quantitative analysis on these MC simulated scans of the deviations from the GT-AC for various CNN-AC methods are not included. These deviations
are the same as those given in table 4.2 where assessments are performed on the noiseless VRT scans as the deviations depend only on the transmission fraction of the 𝜇 maps
(see Eq. 4.2).
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Figure 4.9: Comparison of the ground truth GT and the CNN estimated 𝜇 maps for all six phantoms. Five slices
from the top to the bottom of the head (equally distributed with 25.5 mm separation) are displayed.

Table 4.4: SUV deviation (mean ±standard deviation) from the ground-truth-AC for ground-truth-uniform-AC
when assessed on the VRT simulated SPECT images. The results from CNN5E-AC are also given here as a
comparison. 𝑃< 0.05 is defined as the significance level.

16 × 6 regions

𝐷𝐸𝑉𝑆𝑈𝑉 (%)
𝑃(%)

166 × 6 regions

CNN5E-AC

Ground-truth-uniform-AC

CNN5E-AC

Ground-truth-uniform-AC

1.60±1.53

3.72±1.58

1.63±1.66

3.78±1.65

0.368

<0.001

<0.001

<0.001
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Figure 4.10: Bland-Altman plots for SUVs calculated from the noiseless VRT simulated SPECT images when
using ground-truth-uniform-AC. The results from CNN5E-AC are also plotted as a comparison. The difference
for ground-truth-uniform-AC are negative since all bone voxels are replaced by the attenuation coefficient of
brain tissue.
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Figure 4.11: Comparison of the attenuation corrected images when using different 𝜇 maps for Monte Carlo
simulated realistic SPECT scans. Five slices equally distributed with 25.5 mm separation are displayed (as in
Fig. 4.5-4.6). Locations of the three slices shown at the left panel are indicated by the solid lines and those at
the right panel are highlighted by the dashed lines.

5
Convolutional neural network based
attenuation correction for SPECT
DaTscans with focused striatum
imaging

This chapter is adapted from:
Yuan Chen, Marlies C. Goorden, Freek J. Beekman. Convolutional neural network based attenuation correction
for SPECT DaTscans with focused striatum imaging, Physics in Medicine and Biology under revision (2021).
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S

PECT imaging with ¹²³I-ioflupane (DaTscan) can be used for diagnosis of neurodegenerative disorders like Parkinson’s disease. Attenuation correction (AC) may im-

prove quantitative analysis of DaTscans. Ideally, AC would be performed based on attenuation maps (𝜇 -maps) derived from perfectly registered CT scans. Such 𝜇 -maps,
however, are most times not available and possible errors in image registration can
induce quantitative inaccuracies in AC corrected SPECT images. Earlier, we showed
that a convolutional neural network (CNN) based approach allows to estimate SPECTaligned 𝜇 -maps for full brain perfusion imaging using only emission data. Here we
verify if a similar CNN method could be applied to axially focused DaTscans, which is
challenging as only a low activity level is present outside the central region of the brain.
The work is tested on a high-resolution multi-pinhole prototype clinical SPECT system
in a Monte Carlo simulation study. Three CNNs that estimate 𝜇 -maps in a voxel-wise,
patch-wise and image-wise manner were investigated. The impact of AC on DaTscans
using the ground truth 𝜇 -maps (GT-AC), CNN estimated 𝜇 -maps (CNN-AC) was evaluated and compared with the case when no AC was done (No-AC). Results show that

5

the effect of using GT-AC versus CNN-AC or No-AC on striatal shape and symmetry is
minimal. Specific binding ratios (SBRs) from localized regions shows a deviation from
GT-AC ≤2.0% for all three CNN-ACs while No-AC systematically underestimates SBRs
by 10.9%. Strong correlation was observed between GT-AC based SBRs and SBRs from
CNN-ACs (𝑅2 ≥0.98) and No-AC (𝑅2 = 0.99). Absolute quantification of standardized
uptake value (SUV) shows a deviation from GT-AC ≤2.4% for all three CNN-ACs and of
71.7% for No-AC. To conclude, all three CNNs show comparable performance in accurate 𝜇 -map estimation and DaTscan quantification. Thus, CNN estimated 𝜇 -map could
be a promising substitute for a CT-based 𝜇 -map.

5.1. Introduction
SPECT with ¹²³I-ioflupane (DaTscan) can be used for visualization of the dopamine transporter (DaT) distribution in the brain. This enables assessment of parkinsonian syndromes, particularly for differentiation of Parkinson’s disease from essential tremor and
for differentiation of dementia with Lewy Body from Alzheimer disease [28, 30]. Current clinical assessment of DaTscans relies mainly on a visual inspection of the extent
of DaT reduction in the striatum, the striatal shape and its symmetry [32, 148]. Relative
quantification by calculating the regional striatal uptake ratios could reduce inter- and
intra-observer variability and may enable longitudinal studies to monitor disease progression [149] 2017) and therapeutic effects (Parkinson Study Group 2002). For accurate
relative quantification, correction for photon attenuation in the patient head is recommended by guidelines [148, 150]. Ideally, attenuation correction (AC) would be performed
based on an attenuation map (𝜇 -map) derived from a perfectly registered CT scan. This
𝜇-map provides the tissue attenuation coefficient at each voxel in the patient. However,
such a CT scan is often not available, may lead to increased radiation dose. Moreover,
possible errors in image registration can induce quantitative inaccuracies in SPECT images [118, 151, 152]. Besides the CT based approach, manually drawing an ellipse around

5.1. Introduction

89

the head contour and assuming uniform attenuation within the ellipse is widely used for
attenuation map approximation in brain SPECT studies [44, 153]. This ellipse method,
however, suffers from observer subjectivity and insufficient estimation of the head contour and internal head anatomy.
Apart from the use of an additional CT scan or a simple ellipse, automatic approaches
based only on SPECT data have been investigated, which can be mainly classified into
two categories. The first category contains sophisticated methods using SPECT photopeak projections to estimate the attenuation map and activity map either simultaneously
by means of joint reconstruction [154–156] or independently by applying data consistency
conditions [157–160]. This approach however has limited utility in clinical routine due to
cross-talk artefacts, instability and the computational complexity. The second category
consists of contour-based methods that assume uniform attenuation within the contour.
Such a contour can be obtained by automatic edge-detection in projection space or on
non-corrected SPECT images [121, 123, 124, 161]. Automatic contour detection techniques
are not commonly applied clinically, possibly due to the increased complexity given the
minimal improvement of accuracy compared to the manual drawn ellipse approach. Interestingly, the value of SPECT images reconstructed from a scatter window has been
emphasized in these contour detection studies for edge determination [121–124]. This
is justifiable as Compton scatter is the dominant photon-tissue interaction for clinical
SPECT, and the probability of Compton scatter is proportional to the tissue density (with
a maximal probability at skull and almost zero outside the body). Thus, the tissue density
information embedded in scattered data could be helpful to highlight the tissue boundaries.
Lately, deep learning with neural networks has been applied to estimate 𝜇 -maps using SPECT-data-only for clinical [23] and simulated [162] 99𝑚 Tc-tetrofosmin myocardial
scans and PET-data-only for clinical 18 F-FDG brain PET scans [22, 131]. Our group has
recently also demonstrated a convolutional neural network (CNN) approach to estimate
𝜇-maps for 99𝑚 Tc-HMPAO full brain perfusion scans [104] based on a Monte Carlo study
assuming a multi-pinhole clinical SPECT geometry (G-SPECT-I [10] ). In this study, both
the primary and scattered photons from SPECT emission data were used via multiple
image reconstructions from different energy windows to obtain as much attenuation information as possible. Using these multi-energy SPECT images, a patch-voxel CNN with
an encoder architecture was implemented to transform a 4D SPECT patch (3D SPECT
plus one energy dimension) to a single attenuation coefficient for the central voxel of the
patch. Such a patch-voxel approach was used due to its advantage of requiring a reduced
number of parameters and providing an increased amount of training data compared to
the full-image to full-image approaches e.g. U-Net [134]. Accurate attenuation maps
were obtained with the proposed CNN approach for the 99𝑚 Tc-HMPAO full brain perfusion scans.
For a DaTscan, direct implementation of the previously investigated CNN method may be
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challenging. Firstly, a DaTscan has a more localized activity distribution due to the high
affinity of the tracer (¹²³I-ioflupane) to the dopamine transporters in the small striatum
while the rest of the brain expresses only non-specific binding leading to a low background activity level. Secondly, a DaTscan has an overall low tracer uptake in the brain
(with a standard injection dose of 185 MBq) compared to that of a brain perfusion scan
(standard injection dose of 925 MBq), resulting in a limited number of primary and scatter events being captured and potentially utilized. Lastly, the clinical assessment of a
DaTscan often uses only a few transaxial slices around the striatum (e.g. 20 mm thick
slices [149]) rather than the full axial length of the brain. Previously, we demonstrated
with a simulation study that for DaTscans, focused striatum imaging with a confined axial length can maximize the count yield without sacrificing image quality [27]. Such a focused imaging strategy was evaluated for the multi-pinhole prototype clinical G-SPECT-I
scanner and may enable G-SPECT-I to become a new clinical platform for high-resolution
and low dose DaTscan imaging. Hence, in case only a few SPECT slices are scanned, 𝜇 maps that could be beneficial for DaTscan attenuation correction may not be fully estimated.
The aim of this paper is to develop and validate a deep-learning based approach for 𝜇 map estimation using only emission data for DaTscan imaging. To this end, SPECT data
were acquired with a protocol aimed at imaging a few slices centered at the striatum
based on the G-SPECT-I geometry. Besides the patch-voxel CNN that was implemented
in our previous work, we also tested two other networks that have been used in relevant
recent studies which estimate 𝜇 -maps with a patch-patch or image-image based method
[22, 23, 130]. The proposed strategy was evaluated using Monte Carlo simulations based
on the G-SPECT-I geometry. Quantitative accuracy of the CNN approach was assessed
on the network estimated 𝜇 -maps and on attenuation corrected SPECT images.

5.2. Methods
5.2.1. G-SPECT-I system
The G-SPECT-I [10] consists of nine large-area NaI stationary detectors, a multi-pinhole
collimator and a precisely controlled 𝑥𝑦𝑧-stage used for bed translation (see Fig. 5.1).
All pinholes are simultaneously ‘viewing’ a central volume from which complete data is
obtained without any bed movement. This central volume is thus referred to as the complete data volume (CDV, see see Fig. 5.1). For a scan of an object larger than the CDV, the
bed is translated to extend the scanning region with sufficient sampling. In this work, a
total number of 8 bed translations (2 axial translations combined with 4 transaxial translations) was used based on findings in [27] for an optimal focused striatum scan to maximize
the count yield. This bed translation trajectory ensures an axial scanning length of about
57 mm which is long enough to cover the entire striatum (35 mm). All pinhole projections
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from all bed positions together were used simultaneously for image reconstruction using the so-called scanning focus method [49]. Other details concerning G-SPECT-I are
described in [27].

Figure 5.1: Illustration of the G-SPECT-I scanner (the left image) when a small-bore collimator dedicated for
brain imaging was mounted, and the focused striatum imaging strategy (the right image). The CDV is the volume
“seen” by all pinholes; it has a transaxial diameter of 100 mm and an axial length of 60 mm. The patient bed can
be shifted in 𝑥𝑦𝑧 directions to position different parts of the patient head into the CDV and thus extend the
scanning region with sufficient sampling. With the focused striatum imaging strategy, the scanning region is
confined in axial direction to maximize the count yield from the striatum. The data truncation region is ‘seen’
by only part of the pinholes and thus sampling is not complete.

5.2.2. Simulated SPECT scans
To mimic realistic SPECT scans, full system Monte Carlo (MC) simulations were performed. These MC simulated scans were used as input to the CNN for 𝜇 -maps estimation.
Attenuation correction accuracies based on these 𝜇 -maps were evaluated subsequently;
this evaluation was done on MC simulated realistic images but was also performed on
noise-free simulated SPECT images. The latter noise-free images were involved to better visualize and quantify attenuation correction with different 𝜇 -maps. These noise-free
scans were obtained with a voxelized ray tracer simulator (VRT) and assumed the same
system geometry and the same acquisition parameter as the MC simulations but eliminated noise and scatter. Both simulation methods are summarized in Fig. 5.2 and are
described in more detail below.

Digital phantoms

The publicly available Brainweb dataset containing 20 phantoms generated from normal
subject scans was used. For each phantom, an activity distribution map and an attenuation map were generated (see Fig. 5.2). The activity map was obtained by assigning ¹²³Iioflupane (159 keV) to the striatum and the background (which is the rest of the brain and
the skin) with a mean concentration ratio of 8:1 [54, 163, 164]. This ratio was set slightly
differently for each phantom with a standard deviation 𝜎 of 10% (normally distributed)
for both the striatum and background uptake. A total activity of 7.4 MBq in average was
put in the phantom (resembling an injected dose of 185 MBq and a brain uptake of 4% at
the time of imaging [165]). Similarly, we assumed a variation of the total activity for each
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Figure 5.2: Illustration of SPECT data simulation. (a) MC simulations for realistic DaTscans; for each phantom,
an activity and attenuation map were generated and were used for MC simulation. Background counts due
to cosmic radiation were emulated and added to the MC simulated projection data to make the simulation
more realistic. Five SPECT reconstructions were performed from different energy windows. (b) Noise-free
simulated images on which the effects of attenuation correction with different 𝜇 -maps were studied. The MC
simulation uses the attenuation map with each region assigned with a material (skull or brain), while for noisefree simulations, the maps with each region assigned with an attenuation coefficient were used (subject to the
different requirements of both simulators).

phantom by sampling from a normal distribution (𝜎 = 10%).
The attenuation map was obtained by tissue segmentation. Regions of skull, skin, blood,
muscle, brain, water, fat and air structures were segmented. These regions were assigned
with a respective attenuation coefficient of 0.232, 0.148, 0.143, 0.141, 0.140, 0.135, 0.123 and
0 cm−1 . This map with designated coefficients was considered to be the ground truth (GT)
𝜇-map that was later used for training of the neural networks. Phantoms were randomly
rotated (-20∘ to 20∘ ) and translated (-10 to 10 mm) to make the dataset more variable. All
phantoms were down-sampled using trilinear interpolation to a voxel size of 1.0 × 1.0 ×
1.0 mm³ from their original voxel size of 0.5 × 0.5 × 0.5 mm³.

MC simulated realistic projections

MC simulations of the 20 phantoms were performed with Geant4 Application for Tomographic Emission (GATE) [137] with geometry based on G-SPECT-I. The MC simulation
assumes a total scan time of 30 min. Besides, cosmic background counts were added to
the MC projections to make the simulation more realistic. More details of the MC simulation in GATE and the cosmic background counts emulation with the G-SPECT-I system
were described in [104].
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Noise-free simulated projections

For all 20 phantoms, noise-free forward projections were generated with the VRT simulator. This simulator takes the system geometry (i.e. the precise pinhole and detector
positions and detector orientations) as input and models the collimator and patient attenuation but ignores scatter [17, 68], as shown in figure 5.2. No noise or cosmic radiation
counts were modelled in the VRT simulated projections.

Image reconstruction

A system matrix calculated based on the VRT simulator was used for image reconstruction of the MC simulated projections and the noise-free simulated projections (see figure
5.2). No patient attenuation correction was performed during reconstruction. All image
reconstructions were performed on a 1.5 mm grid, larger than the voxel size of the digital phantoms, to mimic a continuous activity distribution reconstructed on a discrete
grid. Similarity regulated OSEM [18] with 8 subsets and 10 iterations was implemented
for image reconstruction.
As demonstrated in our previous study [104], accurate estimation of the 𝜇 -maps can be
obtained when photopeak as well as scatter window reconstructed images were used
as input to CNN. Therefore, five SPECT reconstructions were conducted from different
energy windows to obtain tissue attenuation information as much as possible (see Fig.
5.2). One reconstruction used the photons detected in the photopeak window combined
with a triple energy window scatter correction (32 keV width centered at 159 keV for
the photopeak window and 6.4 keV width at each side for scatter correction) and four
additional reconstructions were done from different windows (32 keV width centered at
139, 119, 99 and 79 keV respectively). For the VRT simulated projection data, only primary
photons were simulated and could thus be reconstructed, resulting in noise- and scatterfree SPECT scans (see Fig. 5.2).

5.2.3. Attenuation map estimation
Image preprocessing

Before being used as input to the neural networks, the MC simulated SPECT images were
pre-processed. This includes a step of cylindrical masking (diameter 240 mm) to remove
artefacts outside the head and a step of intensity-normalization to ensure a similar dynamic range for scans from different phantoms, as in [104]. Besides, the input SPECT
images were down-sampled (tri-linearly) to a voxel size of 3 × 3 × 3 mm³ from an original
voxel size of 1.5 × 1.5 × 1.5 mm³ before being fed into the neural network to speed up the
training process with a relative larger image voxel size.

5
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CNN architectures

The patch-voxel CNN that estimates 𝜇 -maps voxel-wise with an encoder architecture
as implemented in our previous work was used [104]. Additionally, two networks with an
encoder-decoder architecture that estimate 𝜇 -maps in a patch-wise or image-wise manner were tested. Such an encoder-decoder architecture has the advantage of preserving
neighborhood information in the output space. For the three networks, 2D patches in
the spatial domain (𝑥𝑦 plane) were used as input. This is to avoid inter-slice interference
particularly for slices close to the edge of the scanning region where neighboring slices
might suffer from data truncation artefacts (note that there are only a limited number
of slices in the scanning region due to the focused striatum imaging strategy). Each 2D
patch underwent multiple stages of 2D convolutions and pooling (see Fig. 5.3). These
three networks are explained in detail below.

5

1. Patch-voxel CNN: this network takes SPECT image patches centered at each voxel
as input to predict the corresponding attenuation coefficient of the central voxel
from each patch as output (see Fig. 5.3). The input image patch has a dimension
of 21 × 21 voxels taken from the 2D transaxial slices × 5 energies, while the output
has a dimension of 1 voxel.
2. Patch-patch CNN: this network takes SPECT image patches as input to predict the
corresponding attenuation map patches at the same location in image space (see
Fig. 5.3). The input SPECT patch dimensions were set to have an even dimension
due to the down-sampling up-sampling operations with U-Net architecture. Thus,
a dimension of 20 × 20 voxels × 5 energies was used as input with an output size of
20 × 20 voxels. In the testing phase, the entire 2D image slice was used in the network for prediction. Thus, the attenuation coefficient of each voxel was the mean
value among predictions from all patches covering that voxel (20 × 20 patches).
3. Image-image CNN: this network has a U-Net architecture as in the patch-patch
CNN, while here each slice (72 × 80 voxels × 5 energies) was used as input to predict
the attenuation map for the corresponding slice (72 × 80 voxels).

Model training

Training was done on five randomly selected phantoms while testing was performed on
the remaining 15 phantoms. All CNNs were trained with 15k samples randomly selected
with replacement in each epoch. For the patch-voxel and patch-patch CNN, a balanced
selection of the patches was ensured for the three main tissue classes (air, soft tissue
and bone). Data augmentation was performed with random rotation (-20∘ to 20∘ ) and
translation (-10 to 10 mm). The networks were trained to minimize the mean square
error between the predicted and the GT 𝜇 -map. The Adam optimizer [140] with default
settings and a batch size of 15 was used in the training. No validation set was used to
determine the optimal epoch. The network was trained for 200 epochs for convergence.
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Figure 5.3: Network architecture of the patch-voxel, patch-patch and image-image CNN (Conv: 3 × 3 convolution; Pool: 2 × 2 max pooling; FC: fully connected; Upconv: 2 × 2 up-sampling). Every convolutional layer
was followed with a layer of batch normalization and a layer of ReLU activation. Each fully connected layer was
followed by a sigmoid activation. The number of filters is indicated in the figure below the layers.

This work was implemented using TensorFlow.

5.2.4. Correction using the 𝜇 -maps
Attenuation correction with the 𝜇 -maps was done using an adapted multi-pinhole firstorder Chang’s method [104]. This method first checks –at every bed position– if a voxel
is seen by a pinhole. If yes, the transmission along the corresponding projection line
(from that voxel center to the pinhole center) is counted and weighted by the pinhole’s
sensitivity for that voxel. The transmission fraction for the corresponding voxel is then
the average transmission value among all projection lines that are counted.

5.2.5. Evaluation
Attenuation maps

The accuracy of the CNN estimated 𝜇 -map was evaluated by calculating the root mean
square error (RMSE) defined in equation 5.1 and the normalized mean absolute difference
(NMAE) given by equation 5.2 as in [23]. In the equations, 𝑛 is number of voxels involved
in the calculation for each scan. Only voxels in the head (i.e., soft tissue or bone) are
𝐺𝑇
𝐺𝑇
taken into account. The symbols 𝜇𝑚𝑎𝑥
and 𝜇𝑚𝑖𝑛
are the respective maximum (𝜇 = 0.232
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for bone) and minimum intensities (𝜇 = 0) of the ground truth 𝜇 -map.

𝑛

1
2
𝑅𝑀𝑆𝐸 -𝜇 = √ ∑ (𝜇𝑗𝐶𝑁𝑁 − 𝜇𝑗𝐺𝑇 )
𝑛

(5.1)

𝑗=1

𝑁𝑀𝐴𝐸 -𝜇 =

1
𝐺𝑇 − 𝜇 𝐺𝑇 )
𝑛 × (𝜇𝑚𝑎𝑥
𝑚𝑖𝑛

𝑛

∑ |𝜇𝑗𝐶𝑁𝑁 − 𝜇𝑗𝐺𝑇 |

(5.2)

𝑗=1

Attenuation corrected SPECT images

5

5.2.5.2.1 Visual inspection SPECT images that are corrected using the CNN estimated
𝜇-maps (CNN-AC) were compared to the ground-truth-AC (GT-AC) image that uses the
GT 𝜇 -maps for correction. All SPECT images shown in this paper for visual comparisons
were smoothed using a 3D Gaussian post filter with 6 mm FWHM.

5.2.5.2.2 Relative quantification Relative quantification is done by calculating the regional striatal uptake ratios in localized regions of interest (ROIs). The specific binding
ratio (SBR) and the asymmetry index (AI) were calculated as defined by

𝑆𝐵𝑅 =

𝐴𝐼 = 2 ×

𝐶𝑡𝑎𝑟𝑔𝑒𝑡 − 𝐶𝑏𝑘𝑔
𝐶𝑏𝑘𝑔

𝑆𝐵𝑅𝑅 − 𝑆𝐵𝑅𝐿
× 100%
𝑆𝐵𝑅𝑅 + 𝑆𝐵𝑅𝐿

(5.3)

(5.4)

Here 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 and 𝐶𝑏𝑘𝑔 are the mean DaT image intensity in the target ROI and the reference ROI respectively, while 𝑆𝐵𝑅𝑅 and 𝑆𝐵𝑅𝐿 refers to the SBR of a target ROI in the
right and left hemisphere respectively. Eight localized sub-regions of the striatum were
defined as the target ROI (see Fig. 5.4). These localized ROIs in the striatum were drawn
with a diameter of 10.5 mm in the transaxial plane and were placed over 9 mm slices in
the axial direction (thus each has a volume of 1 ml). The reference region was obtained
using the Southampton method [69] (see Fig. 5.4).
The deviation for the SBRs and AIs calculated from the CNN-AC images were compared
to those of GT-AC as in equation 5.5-5.6. In the equations, 𝐷𝐸𝑉𝑆𝐵𝑅 and 𝐷𝐸𝑉𝐴𝐼 denote the
SBR and AI deviations from the GT-AC image. The deviation of AI is calculated directly by
subtracting the 𝐴𝐼𝐺𝑇−𝐴𝐶 since AI is already a normalized index expressed in percentage.

𝐷𝐸𝑉𝑆𝐵𝑅 (%) =

|𝑆𝐵𝑅𝐶𝑁𝑁−𝐴𝐶 − 𝑆𝐵𝑅𝐺𝑇−𝐴𝐶 |
× 100%
𝑆𝐵𝑅𝐺𝑇−𝐴𝐶

(5.5)
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Figure 5.4: Illustration of the eight localizied regions and the reference ROI for quantitative analysis. Regions
of caudate, anterior putamen, middle putamen and posterior putamen in the left and right hemisphere are
depicted. Each region has a diameter of 10.5 mm and an axial length of 9 mm (thus a volume of about 1 ml).
Caud: caudate; Ante Put: anterior putamen; Mid Put: middle putamen; Post Put: posterior putamen. The
reference ROI was generated using the Southamoton method.

𝐷𝐸𝑉𝐴𝐼 (%) = |𝐴𝐼𝐶𝑁𝑁−𝐴𝐶 − 𝐴𝐼𝐺𝑇−𝐴𝐶 |

(5.6)

Besides evaluating the deviations, correlations between SBRs derived from images with
different AC methods and those of the GT-AC were investigated. This is done by linear
regression and comparison of the coefficient of determination (𝑅2 ) as in [166]. 𝑃 values
were computed using paired 𝑡 tests to measure the statistical significance ( 𝑝 < 0.05 were
considered statistically significant).

5.2.5.2.3 Absolute quantification Compared to relative quantification, absolute quantification assesses regional tracer concentrations rather than uptake ratio between regions. Absolute quantification is currently rarely implemented for DaTscans. Applications on PET and SPECT studies [167, 168] show potential value of such an assessment,
thus we include it in the present work. Here, the standardized uptake values (SUVs) as
often used for absolute quantitative analysis were calculated as shown in equation 5.7.
The SUV (in units of g/ml) is the mean concentration (kBq/ml) from a ROI normalized by
the injected dose per patient weight (kBq/g). The deviation for the SUVs calculated from
the CNN-AC images were compared to those of GT-AC according to equation 5.8.

𝑆𝑈𝑉 =

𝐷𝐸𝑉𝑆𝑈𝑉 (%) =

𝐶𝑡𝑎𝑟𝑔𝑒𝑡
𝐷𝑜𝑠𝑒/𝑤𝑒𝑖𝑔ℎ𝑡

|𝑆𝑈𝑉𝐶𝑁𝑁−𝐴𝐶 − 𝑆𝑈𝑉𝐺𝑇−𝐴𝐶 |
× 100%
𝑆𝑈𝑉𝐺𝑇−𝐴𝐶

(5.7)

(5.8)

For both relative quantification and absolute quantitative analysis, measurements were
performed on the unfiltered SPECT images to avoid any bias from filtering.
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5.3. Results
5.3.1. Attenuation maps
Figure 5.5 gives a comparison of the CNN estimated and the GT 𝜇 -maps. Slices within
an axial length of 48 mm that are essential for DaTscan inspection and quantification are
displayed. The center of the striatum in axial direction is defined to be at 0 mm. Figure 5.5
shows that 𝜇 -maps can be accurately estimated with all the networks. Among the three
CNNs, the patch-voxel CNN gives slightly more ‘noisy’ 𝜇 -maps. This (i.e., the ‘noise’ on the
𝜇-map) is circumvented in the patch-patch and image-image CNNs where neighborhood
information is preserved in the output space with an encoder-decoder framework.

5

Figure 5.5: Comparison of the 𝜇 -maps obtained using different CNNs. Slices within an axial length of 48 mm
that are essential for a DaTscan are shown.

Table 5.1 provides the NMAE and the RMSE results for the different CNN estimated 𝜇 maps. Voxels for slices within the 48 mm axial range were used for the calculation. This
table shows that NMAE and RMSE of the 𝜇 -map are small and comparable for the three
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networks.
Table 5.1: Mean and standard deviations of NMAE and RMSE for the 𝜇 -maps obtained with various CNN methods. The errors were calculated from the slices within an axial length of 48 mm that are essential for DaTscan.

NMAE-𝜇 (%)

NMAE-𝜇 (× 10−2 𝑐𝑚−1 )

Patch-voxel CNN 𝜇 -map

4.53 ± 0.82

2.25 ± 0.40

Patch-patch CNN 𝜇 -map

4.16 ± 0.85

2.01 ± 0.40

Image-image CNN 𝜇 -map

4.07 ± 0.65

2.01 ± 0.31

5.3.2. Attenuation corrected SPECT images
Visual inspection

Figure 5.6 provides a visual comparison of the attenuation corrected SPECT images. To
avoid the dominating effect of noise, SPECT images presented in the figure are the noisefree simulated scans which allows to focus on attenuation effects. Results of corrections
performed on the realistic MC simulated scans are included in the appendix (Fig. 5.10).
Figure 5.6 shows that the striatum structure looks similar for all AC methods including
No-AC. Compared to the GT-AC, the No-AC gives an increased activity distribution at
the periphery and outside of the brain.
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Figure 5.6: Comparison of the attenuation corrected SPECT images.

Relative quantification

Figure 5.7 gives Bland-Altman plots of the SBR differences from the GT-AC image across
120 regions (eight sub-regions for all 15 test subjects). The deviations in percentage for
the SBRs and AIs are summarized in the figure. Figure 5.8 gives the scatter plot of the
SBRs for correlation analysis.
Figure 5.7 shows the small differences between the three CNN-ACs and GT-AC for the
SBRs (differences are close to the zero line). Among the three CNN methods, the patchvoxel CNN-AC shows a slightly more diverging distribution and thus a larger difference
of the SBRs from GT-AC. The deviation from the GT-AC is ≤ 2.0% for all three CNN-ACs.
No-AC underestimates SBRs by 10.9% systematically, as shown by the strong linear correlation (𝑅2 = 0.99, 𝑝 < 0.001) between the GT-AC based SBRs and the values obtained
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with No-AC in figure 5.8. The impact of different CNN-AC methods or No-AC on asymmetry index is small (within 3.2%).

5

Figure 5.7: Bland-Altman plots when using different AC methods. Measurements taken from all 15 × 8 regions
are plotted.

Figure 5.8: Correlation between GT-AC and CNN-ACs, as well as between GT-AC and No-AC for the SBRs;
strong correlation (𝑅 2 > 0.98, 𝑝 < 0.001) are observed.
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Absolute quantification

The capability to obtain accurate regional uptake values with different AC methods is
shown in figure 5.9. The SUVs calculated from the phantoms are included as a reference.
Figure 5.9 shows that compared to the digital phantom, the ground-truth-AC suffers from
slight inaccurate estimation of the SUVs. This might be due to the partial volume effects
or the imperfect attenuation correction method. Besides, the three CNN-AC methods
achieve comparable SUV accuracies as the GT-AC. The deviation from the GT-AC was
summarized in table 5.2, which shows a mean deviations of within 2.4% for all three CNNACs.

5

Figure 5.9: Comparison of the SUV measurements when using different AC methods in the eight sub-regions
of the striatum. The mean and standard deviation across 15 test subjects are displayed for each region. Caud:
caudate; Ante Put: anterior putamen; Mid Put: middle putamen; Post Put: posterior putamen.

Table 5.2: Deviation (mean ± standard deviation) of the SUVs from the GT-AC across 120 regions (8 sub-regions
for all 15 subjects). The term ‘PV’, ‘PP’ and ‘II’ denotes patch-voxel, patch-patch and image-image respectively.
𝐷𝐸𝑉𝑆𝑈𝑉 (%)

Caudate

Ante. Put.

Mid. Put.

Post. Put.

Mean

L

R

L

R

L

R

L

R

1.6 ± 1.5

1.4 ± 1.4

2.6 ± 2.9

1.9 ± 1.9

2.7 ± 3.0

2.0 ± 2.2

2.6 ± 2.8

2.0 ± 2.5

2.1 ± 1.3

PP CNN-AC

1.8 ± 1.5

2.3 ± 1.2

2.1 ± 1.2

2.8 ± 1.6

2.1 ± 1.2

2.9 ± 1.9

2.0 ± 1.2

3.1 ± 2.1

2.4 ± 1.5

II CNN-AC

1.7 ± 2.0

1.3 ± 1.3

2.2 ± 2.8

1.3 ± 2.0

2.2 ± 2.7

1.4 ± 2.3

2.0 ± 1.3

1.5 ± 2.5

1.7 ± 2.3

No-AC

72.1 ± 0.7

72.0 ± 0.6

71.7 ± 0.9

71.3 ± 0.7

71.9± 0.9

71.3 ± 0.7

71.9 ± 0.6

71.3 ± 0.7

71.7 ± 0.8

PV CNN-AC

5.3.3. Computation
The training took about 1.8 h, 1.9 h and 1.2 h for the patch-voxel, patch-patch and imageimage CNN respectively, when running on a single NVIDIA 2080 Ti graphics processing
unit with 11 GB of memory. Testing was done in 28.4 s and 60.0 s and 1.3 s for the respective network to generate the attenuation map for each patient scan.
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5.4. Discussion
In the present work, we demonstrated the feasibility of CNN based approaches for 𝜇 -map
estimation using only SPECT data from axially focused DaTscans. The approaches were
tested on a focusing multi-pinhole system in a Monte Carlo simulation study.
Our visual results show that AC does not affect the shape and symmetry of the striatum much. The main visual effect of AC is that the activity distribution at the periphery
and outside of the brain can be well estimated, which may otherwise be incorrectly enhanced (as the No-AC images show). For relative quantification of the SBRs, deviations
from the GT-AC were within 2.0% for CNN-AC. No-AC systematically underestimates
SBRs by 10.9%. A highly linear correlation was observed between the GT-AC obtained
SBRs and the values obtained with CNN-AC (𝑅2 ≥ 0.98, 𝑝 < 0.001) and No-AC (𝑅2 = 0.99,
𝑝 < 0.001). Absolute quantification in terms of the SUV has a deviation from GT-AC of
within 2.4% for CNN-AC and of 71.7% for No-AC.
Currently, the clinical value of AC for DaTscans is debated [54, 166]. Based on our results, the impact of AC is likely insignificant for diagnostic purposes when assessment is
based on visual inspection of the striatum. This is aligned with previous findings [54, 169].
Likewise, omitting AC may not be an issue for relative quantification when DaTscans at
a single clinical site are processed using the same protocols (e.g., all without AC), given
the strong correlation between the GT-AC obtained SBRs and those of No-AC. However,
in case that AC is a step in a standardized protocol or a precise measurement of the
SBR is helpful (e.g., for multicenter studies where AC is already performed), AC can be
performed. This is certainly true when absolute quantification is preferred. Absolute
quantification (for which AC is required) is presently rarely applied on DaTscans. A recent study suggests that it can be helpful for differentiation of normal and pathological
DaTscans [170]. In these cases, using the CNN estimated 𝜇 -map allows to obtain accurate results, without suffering from possible image registration errors and eliminating the
need of manually drawing an ellipse. Apart from DaTscans, in other applications where
a low activity level is present in the majority of the head, e.g., for tumor therapy imaging
with 131 I-labeled 81C6 [171], a CNN may also be applied to estimate 𝜇 -maps for precise
quantification of the tracer uptake.
In the present work, three CNN frameworks that estimate 𝜇 -map in a voxel-wise, patchwise and image-wise way were tested for the task of interest. We found that incorporating neighboring information in the output space as with the patch-patch and imageimage CNN could reduce noise of the 𝜇 -maps, which (i.e., the noise) appears with the
patch-voxel CNN that estimates 𝜇 -maps voxel-wise. Among the three frameworks, the
image-image architecture attained a slightly better performance in terms of NMAE and
RMSE of the 𝜇 -maps and 𝐷𝐸𝑉𝑆𝑈𝑉 and additionally has the advantage of fast computation
in training and testing. The image-image CNN treats the image transformation problem
(from multi-energy SPECT images to attenuation map) from a global view. In contrast, the
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patch-voxel and patch-patch CNN take local regions and thus focus more on details. For
DaTscans, the 𝜇 -maps essential for interpretation and quantification are ‘oval-shaped’
with rather simple structures. This might favor the use of a method as image-image
CNN that ensures a global consistency. Nevertheless, the differences of quantification
accuracy was small with the use of different CNN frameworks.
Our work shows that the CNNs can accurately estimate 𝜇 -maps even when only a few
scans are used for training. This could make the method easily applicable in clinical practice, as a large number of training data are generally not readily available. However, a
limitation of the present work lies in a lack of validation using patient scans. For a clinical
implementation of the proposed method, we expect that the network may be trained on
patient scans with CT attenuation maps acquired from a few subjects.

5

We used the noise-free VRT simulated scans to evaluate the effects of attenuation correction using different 𝜇 -maps (these 𝜇 -map themselves were all estimated based on the
Monte Carlo data). Results of correction performed on the realistic MC simulated images
are shown in the appendix (figure 5.10). For these realistically simulated scans in figure 5.10, noise has a large effect on image quality. Differences of using various CNN-AC
methods are small and hardly noticeable.

5.5. Conclusion
We have demonstrated the feasibility of a CNN based approach to generate 𝜇 -maps using
only SPECT data from ¹²³I-ioflupane DaTscans with a focused striatum scan strategy. Our
results based on a Monte Carlo simulation study show that the impact of GT-AC versus
CNN-AC or No-AC on striatal shape and symmetry is minimal. A strong correlation is
observed between the GT-AC based SBRs and the values obtained with CNN-AC and NoAC. While SBRs and SUVs are underestimated by No-AC, they can be precisely quantified
with CNN-AC. Thus, CNN estimated 𝜇 -map could be a promising substitute for CT 𝜇 map, while further validation with patient scans in clinical cohorts is needed.
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Appendix
Figure 5.10 displays the MC simulated realistic SPECT scans after attenuation correction
with different 𝜇 -map. Quantitative analysis of the SUV deviations from the GT-AC for
various CNN-AC methods are not performed on these MC simulated scans. These deviations read the same as those given in figure 5.7 where assessments were done on the
noiseless VRT scans as the deviations depend only on the 𝜇 -map with the multi-pinhole
Chang’s attenuation correction method.

5

Figure 5.10: Comparison of the attenuation corrected images when using different 𝜇 -map for Monte Carlo
simulated realistic SPECT scans. Slices within an axial length of 48 mm that are essential for DaTscan are
displayed. Images were applied with a Gaussian filter of 6 mm FWHM.

6
Conclusion
Conventional dual-head SPECT with parallel-hole collimators suffers from limited spatial and temporal resolution, and limited sensitivity. Our group initially developed various
multi-pinhole SPECT systems for preclinical purposes that are nowadays in use by hundreds of researchers worldwide. These systems are based on a full ring with stationary
detectors applying multi-pinhole collimation. Lately this technology was translated in a
prototype system named G-SPECT-I for clinical purposes. G-SPECT-I has demonstrated
unprecedented resolutions in physical phantom scans when using a small-bore collimator dedicated to brain scanning. This thesis focuses on image acquisition optimization
and attenuation map estimation for fast dynamic scanning and quantitatively accurate
brain imaging. Meanwhile, we focus on DaTscan and brain perfusion imaging in this thesis as they are the two important brain SPECT applications.
The focusing multi-pinhole G-SPECT-I system scans an extended volume by gently translating the patient bed through the collimator to obtain sufficient sampling of the entire
volume. A large number of bed translations could better warrant sampling sufficiency
however at the cost of an increased overhead time needed for bed movement, which
hampers fast dynamic studies. In Chapter 2, we developed a sampling strategy that employs a minimal number of bed translations for G-SPECT-I DaTscan imaging. Specifically,
the scan region was confined in axial direction for partial brain imaging, while transaxially, we focused the bed positions in the brain and limited the number of transaxial bed
positions while always ensuring sufficient sampling. Optimization of image acquisition
with the use of different bed trajectories was performed with a simulation study. We
found that structures essential for DaTscan assessment were barely affected even when
using a very low number of bed translations (i.e., 4). We conclude that the proposed ac107
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quisition plan could enable protocols for extremely fast dynamic SPECT DaTscans with
less than half-minute time frames, which can be useful for efficient head motion correction.
While Chapter 2 presented optimized bed translation trajectories for focused partial brain
imaging, Chapter 3 concentrated on whole brain imaging which is the common procedure for brain perfusion imaging. To this end, a series of scans using a reduced number of
bed positions were simulated and compared to an oversampled reference scan acquired
with a large number of bed translation (128 translations). We showed that the full brain
perfusion images were barely affected by decreasing the number of bed positions from
128 down to 18. This bed trajectory entails a total overhead for bed movement of only
half a minute, which may open up possibilities for fast dynamic whole brain SPECT and
efficient motion correction.

6

Chapter 4 and 5 attempt to estimate attenuation maps which could be used for SPECT attenuation correction. In Chapter 4, we proposed a strategy to estimate attenuation maps
using only SPECT data based on a convolutional neural network (CNN). We validated the
proposed approach using Monte Carlo simulated brain perfusion scans with G-SPECT-I.
Multiple image reconstructions were performed from different energy windows. Locally
extracted 4D SPECT patches (three spatial plus one energy dimension) were used as input
to the CNN which was trained to predict the attenuation coefficient of the corresponding
central voxel of the patch. We showed that attenuation maps can be accurately estimated
with the patch-voxel CNN method.
The promising results in Chapter 4 motivated us to apply a similar CNN approach for
attenuation map estimation on the more challenging case of axially focused DaTscans
in which only a low activity level is present outside the central region of the brain. The
corresponding work was described in Chapter 5. In this Chapter, Monte Carlo simulation
of DaTscans was performed using a protocol aimed at imaging a few slices centered at
the striatum as proposed in Chapter 2. Apart from the patch-voxel CNN as implemented
in Chapter 4, we also applied a patch-patch and image-image CNN that have been used
in relevant recent studies to estimate attenuation maps. We concluded that all three
CNNs can accurately estimate the attenuation maps for DaTscans , even though data was
acquired with the focused striatum scanning strategy.
In this thesis, we optimized image acquisition and enabled accurate attenuation map estimation for a multi-pinhole SPECT system. This may, for the first time, allow for dynamic
organ-specific clinical SPECT imaging at high spatial and temporal resolution. Additionally, the proposed sampling strategies, which were tested on G-SPECT-I brain scans, can
be implemented for other future G-SPECT-I applications (e.g., pediatric imaging) or for
other systems with a similar full ring multi-pinhole geometry (e.g., various preclinical
systems of U-SPECT-II, VECTor, etc.). Similarly, the presented CNN based attenuation
map estimation methods can essentially be applied on all other SPECT systems that have
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list mode acquisition (the exact accuracy has yet to be assessed). A limitation of this thesis is a lack of evaluation using experimental scans. Also, further validation in clinical
cohorts would be necessary to ultimately prove the benefit of the proposed method.
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