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Abstract 

Positron emission tomography (PET) is a nuclear medicine diagnostic imaging exam of 

metabolic processes in the body. Radiotracers, which consist of positron emitting radioisotopes 

and a molecular probe, are introduced into the body, emitted radiation is detected, and 

tomographic images are reconstructed. The primary clinical PET application is in oncology using 

a glucose analogue radiotracer, which is avidly taken up by some cancers. 

It is well known that PET performance and image quality degrade as body size increases, 

and epidemiological studies over the past two decades show that the adult US population‘s body 

size has increased dramatically and continues to increase. Larger patients have more attenuating 

material that increases the number of emitted photons that are scattered or absorbed within the 

body. Thus, for a fixed amount of injected radioactivity and acquisition duration, the number of 

measured true coincidence events will decrease, and the background fractions will increase. 

Another size-related factor, independent of attenuation, is the volume throughout which the 

measured coincidence counts are distributed: for a fixed acquisition duration, as the body size 

increases, the counts are distributed over a larger area. This is true for both a fixed amount of 

radioactivity, where the concentration decreases as size increases, and a fixed concentration, 

where the amount radioactivity increases with size. 

Time-of-flight (TOF) PET is a recently commercialized technology that allows the 

localization, with a certain degree of error, of a positron annihilation using timing differences in the 

detection of coincidence photons. Both heuristic and analytical evaluations predict that TOF PET 

will have improved performance and image quality compared to non-TOF PET, and this 

improvement increases as body size increases. The goal of this dissertation is to parameterize 

the image quality improvement of TOF PET compared to non-TOF PET as a function of body 

size. Currently, no standard for comparison exists. 
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Previous evaluations of TOF PET's improvement have been made with either computer-

simulated data or acquired data using a few discrete phantom sizes. A phantom that represents a 

range of attenuating dimensions, that can have a varying radioactivity distribution, and that can 

have radioactive inserts positioned throughout its volume would facilitate characterizing PET 

system performance and image quality as a function of body size. A fillable, tapered phantom, 

was designed, simulated, and constructed. The phantom has an oval cross-section ranging from 

38.5 × 49.5 cm to 6.8 × 17.8 cm, a length of 51.1 cm, a mass of 6 kg (empty), a mass of 42 kg 

(water filled), and 1.25-cm acrylic walls. 

For this dissertation research, PET image quality was measured using multiple, small 

spheres with diameters near the spatial resolution of clinical whole-body PET systems. 

Measurements made on a small sphere, which typically include a small number of image voxels, 

are susceptible to fluctuations over the few voxels, so using multiple spheres improves the 

statistical power of the measurements that, in turn, reduces the influence of these fluctuations. 

These spheres were arranged in an array and mounted throughout the tapered phantom's 

volume to objectively measure image quality as a function of body size. Image quality is 

measured by placing regions of interest on images and calculating contrast recovery, background 

variability, and signal to noise ratio. 

Image quality as a function of body size was parameterized for TOF compared to non-

TOF PET using 46 1.0-cm spheres positioned in six different body sizes in a fillable, tapered 

phantom. When the TOF and non-TOF PET images were reconstructed for matched contrast, the 

square of the ratio of the images‘ signal-to-noise ratios for TOF to non-TOF PET was plotted as a 

function, f(D), of the radioactivity distribution size, D, in cm. A linear regression was fit to the data: 

f(D) = 0.108D – 1.36. This was compared to the ratio of D and the localization error, σd, based on 

the system timing resolution, which is approximately 650 ps for the TOF PET system used for this 

research. With the image quality metrics used in this work, the ratio of TOF to non-TOF PET fits 

well to a linear relationship and is parallel to D/σd. For D < 20 cm, there is no image quality 
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improvement, but for radioactivity distributions D > 20 cm, TOF PET improves image quality over 

non-TOF PET. PET imaging‘s clinical use has increased over the past decade, and TOF PET‘s 

image quality improvement for large patients makes TOF an important new technology because 

the occurrence of obesity in the US adult population continues to increase.
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I. Background and purpose 

I.A. Clinical significance of PET imaging 

The use of positron emitters in medical imaging was theorized in 1951 (Good and 

Wrenn), and in the early 1970s, the first positron emission tomography (PET) nuclear medicine 

imaging devices capable of acquiring transaxial images were built (Burnham and Brownell, 1972; 

Phelps et al., 1975; Ter-Pogossian et al., 1975 ). For PET imaging, a positron emitter is attached 

to a metabolically active molecule (unless the radionuclide itself is metabolically active) and 

introduced into the body in trace amounts, typically by injection or inhalation (de Hevesy, 1913). 

The metabolically active molecules localize in the body where a physiological function of interest 

is occurring, ideally with high specificity (Coleman et al., 1975). Eventually, the radionuclide‘s 

unstable nuclei will decay, a positron (β
+
) will be emitted, and the β

+
 will annihilate with a nearby 

electron (e
-
). This annihilation produces two anti-parallel photons that, if not absorbed in the body, 

can be detected by a ring of detectors encircling the body (Freedman et al., 1973). Detected 

coincident photons are used to reconstruct a tomographic image of the radionuclide‘s distribution 

in the body for analysis. In the almost 40 years since results from the first systems were 

published, several key factors have furthered the adoption of PET imaging: increased access to 

cyclotrons and radionuclides, more radiopharmaceutical options, smaller and more specialized 

electronics, increased computing power, faster and more robust reconstruction algorithms, 

improved image viewing capabilities, and insurance reimbursements. As a result, PET has moved 

from being a valuable research tool to also being a widespread clinical tool. 

An instrumentation improvement in the late 1990‘s that has had considerable impact on 

PET‘s clinical use was the addition of x-ray computed tomography (CT) (Beyer et al., 2000). By 

combining PET and CT systems, functional and anatomical image sets are co-registered at the 

time of acquisition; the CT can be used for attenuation correction of the PET data; and the 

images can be fused for clinical review. 
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PET‘s physiological imaging has been used clinically in oncology, cardiology, and 

neurology for diagnosing, staging, and monitoring treatment. The most frequently used 

radiotracer is 2-Deoxy-2-(
18

F)fluoro-D-glucose (also known as fluorodeoxyglucose, FDG): a 

glucose analogue that localizes in cells with high glycolytic rates (Ido et al., 1977). Malignant 

cancer cells have been shown to have increased glycolitic rates relative to normal cells (Kelloff et 

al., 2005; Gillies et al., 2008), so FDG is primarily used for imaging many types of cancers, which 

in general is the second leading cause of death in the United States (American Cancer Society, 

2008). The clinical implementations of FDG PET were comprehensively summarized in 2001 

(Gambhir et al.), and more recently it was shown that the availability of PET data for patients with 

cancer altered the management in 36.5% of cases (Hillner et al., 2008). 

I.B. Introduction to PET 

I.B.1. Physics fundamentals 

I.B.1.a) Positron decay, annihilation, and photons 

Some neutron-proton combinations make an atom‘s nucleus unstable, and unstable 

atoms decay into more stable configurations by emitting a particle, a photon, or electromagnetic 

radiation. The mode of nuclear decay that is relevant for PET imaging is β
+
 emission, where a 

proton-rich nucleus decays by emitting a neutrino (ν), a positron (β
+
), and kinetic energy, which 

carries away the ν and β
+ 

(Evans, 1955). A β
+
 is physically similar to an electron (e

-
) except that it 

has a positive charge, and after being ejected from the nucleus, it annihilates with an e
-
 (Bethe, 

1935). The sum of the rest mass energies (given by E=mec
2
, where me is the mass of an e

-
, and c 

is the speed of light) of the β
+
 and e

-
 is imparted to two 511-keV photons that propagate in nearly 

anti-parallel directions. Examples of common β
+
 emitters are 

11
C, 

13
N, 

15
O, 

18
F, 

62
Cu, 

68
Ga, and 

124
I. 

Atomic decay, like several other physical processes in nuclear medicine (e.g., photon 

attenuation), is an exponential process that adheres to a probabilistic distribution. One example is 
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the Poisson distribution (Eq. I-1): a discrete distribution that expresses the probability of 

measuring a certain non-negative integer result, N, when the true value is m, and ―!‖ is the 

factorial operator: 

 
 

Eq. I-1 
 

An important characteristic of Poisson distributions is that their expected value, μ, and variance, 

σ
2
, are equal to m. Another example of probability distributions is the Gaussian distribution (Eq. I-

2), which is defined for any value of p, which is the dependent variable, and the sum over all p 

gives a total of 1.0. 

 
 

Eq. I-2 
 

Annihilation photons primarily interact with matter by either photoelectric absorption or 

Compton scattering, depending on the photon‘s energy and the matter‘s atomic number (Attix, 

1984). Photoelectric absorption occurs when a photon‘s energy is completely absorbed by an 

atom, and the photon‘s energy is imparted to an e
-
. If the photon‘s energy is greater than the 

electron shell‘s binding energy, then the e
-
 is ejected from its nuclear orbit. A photon undergoes 

Compton scattering if it interacts with an outer shell e
-
 that has a binding energy much lower than 

the photon‘s energy; the photon will be deflected from its original direction and lose kinetic energy 

(Evans, 1955). The probability per unit path length that an annihilation photon will be absorbed or 

scattered, called the linear attenuation coefficient μl, is the sum of the probabilities of 

photoelectric absorption and Compton scattering per atom in the absorber (Knoll, 2000). 

I.B.1.b) Photon detection 

For PET imaging, a radiotracer with a β
+
-emitting radionuclide is introduced into a patient, 

who is positioned in a ring of coincidence detectors. When two annihilation photons are emitted 

from the body, if they are absorbed in a pair of detectors nearly simultaneously, then a β
+
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annihilation is measured as having occurred along a line of response (LOR) between the 

detectors. This coincidence count could be from two photons from the same annihilation, which is 

a good count, or this count could be from two unrelated photons or a photon may have scattered, 

which is a bad count that produces noise. 

The first two components of current PET coincidence detection systems are scintillation 

detectors (typically in a ring) coupled with photomultiplier tubes (PMTs) (Cherry et al., 2003). 

Inorganic scintillator materials are crystalline in structure, and after a photon interacts and excites 

a valence e
-
 in the matrix to a conduction band, the de-excitation produces a light signal that 

enables detection of the interaction in the crystal. Cutting a large piece of scintillator into a matrix 

of elements is one method for making PET detectors; reflective material in the cuts reduces 

cross-talk between the elements (Casey and Nutt, 1986). For example, the GE Discovery STE 

PET scanner uses block detectors of BGO that consist of an 8 × 6 crystal matrices, which are 

coupled to PMTs (Figure I-1) (Uchida, 1992; Johnston, 1994). 

When a photon is absorbed in a detector, the light signal is passed to an array of 

optically-coupled PMTs. When the light signal is passed to a PMT, there is statistical variation in 

the number photoelectrons that are released from the PMT‘s photocathode, so there is some 

error in the energy measurement, which is expressed as a percentage of the full width at half 

maximum of the peak energy (%FWHM) (Cherry et al., 2003). 
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Following amplification and shaping, the signal is a voltage pulse that is proportional to 

the photon‘s detected energy, which is evaluated by an energy discriminator. An energy window 

around 511 keV, with lower and upper energy thresholds (LET and UET, respectively), is used for 

signal discrimination. If the pulse‘s energy is below the LET, then it is discarded because it may 

be (1) background radiation or (2) have been corrupted due to Compton scattering; if the pulse‘s 

energy is above the UET, then it is also discarded because it may be a pile-up of (1) more than 

one annihilation photon interacting in a crystal at a time or (2) a photon that did not originate from 

a β
+
 annihilation. 

(a) 

 

 

 

(

(b) 

 

Figure I-1: Discovery STE block detector configuration schematic 

The Discovery STE (a) block detector of BGO is cut to have 8 × 6 crystals with an array of PMTs 
optically-coupled to the back. The crystal, block, and module configuration of the Discovery STE 

is shown in (b). There are 8 blocks per module, and around the detector ring are 35 modules, 
which is shown as an ―unrolled‖ ring in (b). There are 24 crystal rings across the FOV. For a 

Discovery STE there are 13440 crystal elements. 
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After single photon events are processed (i.e., ―singles‖), and position, timing, and energy 

values are generated, pulses within the energy thresholds are passed to the coincidence 

processor. Not all scattered or pile-up events are discarded by energy discrimination: photons 

with narrow scattering angles may not lose enough energy to be below the LET or the summed 

energies of pile-up events may be within the window. If two photons have been detected within a 

coincidence timing window, 2τ, then the event is counted as a prompt coincidence, P; the timing 

window is the maximum allowable interval between two impulses, where the ―2‖ is included 

because it is twice the width of the input pulses. 
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Prompt coincidences are either true (T), scattered (S), or random (R) coincidences 

(Figure I-2). A true coincidence is defined as two photons from the same annihilation exiting the 

 

(a) 

 

(b) 

 

(c) 

Figure I-2: Prompt coincidences in PET can be true, scattered, or random 

A true coincidence (a) is defined as two photons from the same annihilation exiting the 
body without being scattered or absorbed and result in an LOR being incremented. The figure 
consists of a ring of detectors, a couch, an oval body with arms, an annihilation (the dot and 
starburst), two anti-parallel photons (wavy lines), the crystals that detect the photons (grey 

detector blocks), and the incremented line of response (LOR, dashed line). A scattered 
coincidence (b) is defined as one (or both) annihilation photons undergoing Compton scattering 

(the second starburst in (b)) but still having a detected energy above the LET. A random 
coincidence (c) is defined as two photons from unrelated annihilations (the two separate 

starbursts) being detected within the energy discrimination and timing windows. 
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body without being scattered or absorbed and result in an LOR being incremented. The other two 

types of coincidences are undesirable counts that add noise. A scattered coincidence is defined 

as one (or both) annihilation photon undergoing Compton scattering but still having a detected 

energy above the LET. A random coincidence is defined as two photons from unrelated 

annihilations being detected within the energy discrimination and timing windows. Scattered 

coincidences, which are caused by attenuating material, and random coincidences, which can be 

caused by attenuation, radioactivity outside the FOV, and high count rates, result in an LOR 

incorrectly being incremented for an annihilation. Thus, as an object‘s attenuation increases (e.g., 

as patients get bigger the amount of attenuating material increases), then the rates of scattered 

and random coincidences relative to true coincidences also increase. 

There is no straightforward method for calculating a scatter coincidence rate, S. Because 

a direct calculation of a source‘s scatter distribution is not possible, methods for evaluating and 

correcting scatter in PET consist of energy window-based, convolution, estimation, and modeling 

(Zaidi, 2006). Scattered coincidences can appear to come from a slightly larger area than the 

radioactivity distribution, but true coincidences can only come from within the radioactivity 

distribution.  

The rate of random coincidences, R, for an LOR is proportional to 2τ, the coincidence 

timing window, and the rates R1 and R2, the singles counting rates for the LOR‘s two detectors 

being impinged: 

 
 

Eq. I-3 
 

Random events correction methods are based on either the detector singles rates or using a 

delayed-events channel. Random coincidences can appear to come from anywhere in the field of 

view (FOV). 

Unlike the first full-ring PET detector systems, modern systems have more than one ring 

of detectors, which increases the sensitivity for detecting coincidences. With the increase in 

sensitivity for true coincidences rate, T, also comes an increase in R and S (Dahlbom et al., 1989; 
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Laymon et al., 2004). One method for reducing background prompts is to insert septa, collimators 

in the shape of annuli, between the axial rows of detectors (Thompson, 1988; Schmitz et al., 

2005; MacDonald et al., 2008), but this sacrifices some of the sensitivity gained by having more 

detectors. 

A better solution for maintaining the increased T and reducing S and R would be to use 

an improved scintillator material. There are several physical properties that make a good PET 

scintillator: high stopping power, good energy resolution, and good timing resolution. Table I-1 

lists the properties of some scintillating crystals that have been used historically or are currently in 

use. High stopping power increases the sensitivity by decreasing the probability that a photon will 

pass through unattenuated and improves the spatial resolution by limiting depth of interaction 

effects (i.e., moving axially away from the center of the PET FOV, the apparent width of the 

detector increases which degrades spatial resolution). Better energy resolution allows for a 

narrower energy window, so fewer scattered photons will have energies above the LET and more 

pile-up events will be above the UET, which can be discarded thereby reducing both R and S. 

Good timing resolution is due to fast rise and decay times of the light pulse from the crystal, and 

the light pulse generated per annihilation photon needs to be large because the timing resolution 

scales with the square root of the light yield (Moses and Ullisch, 2006). Improved timing 

resolution allows for smaller 2τ, and because R ∝ 2τ, R decreases. Also, the crystal or detector‘s 

dead time (i.e., where it is unable to detect another event without it being corrupted) and event 

pile-ups will also decrease. None of the current PET scintillation detectors listed in Table I-1 is an 

ideal detector. 
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I.B.1.c) Tomographic image reconstruction 

Following the acquisition, prompt coincidences can be reconstructed to form tomographic 

images. PET reconstruction algorithms are typically classified as either analytical, which have 

closed-form solutions, or iterative, which may be non-linear and do not have a closed form 

solution. The best-known analytical algorithm is filtered back projection (FBP) (Bracewell and 

Riddle, 1967; Herman, 1980; Natterer, 1986). For FBP, each projection in the sinogram is 

convolved with a filter (e.g., ramp, Shepp-Logan, Metz), and possibly an apodization window 

(e.g., Hann, Hamming), is applied to eliminate image blurring and then backprojected. In practice, 

the filtering is performed by Fourier transforming the projection to frequency space, multiplying by 

the filter, and back projecting to produce the tomographic image. 

Iterative reconstructions start with an estimate of the expected image, forward projecting 

the estimation (i.e., the inverse of back projection wherein the voxel values are summed along the 

chords through the image for all possible projection angles), comparing the estimated projections 

with the measured projections, modifying the estimation, and repeating the process until the 

estimation converges to, or very closely converges to, the measured data (i.e., selecting model 

parameters that maximizes the likelihood (ML) of measuring the data) (Shepp and Vardi, 1982; 

Lange and Carson, 1984). This process of estimating and updating, called expectation 

maximization (EM), is computationally intensive because it may take many iterations (IT) to 

converge. One method for decreasing the computation time is called ordered subsets EM 

Table I-1: Properties of inorganic scintillator materials 

 
NaI(Tl) BaF2 CsF

†
 BGO GSO LSO LYSO LaBr3 

Eff. atomic no. (Z) 51 54 53 74 59 66 60 47 

μl (cm
-1

) 0.34 0.4 0.39 0.92 0.62 0.87 0.86 0.47 

ρ (g/cm
3
) 3.67 4.89 4.64 7.13 6.7 7.4 7.1 5.3 

Light yield (%NaI(Tl)) 100 12 5 15 30 75 80 160 

Coinc. timing res. (ns)
§
 - 0.5 0.5 6 ~1 <0.6* 0.6 0.315 

Decay constant (ns) 230 0.8 4 300 65 40 41 25 

(Lewellen, 2008), 
†
(Melcher, 2000), 

§
(Moses, 2007), *(Conti et al., 2008) If available, reported 

coincidence timing resolutions are for commercial PET cameras and not laboratory systems 
optimized for timing. 
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(OSEM) (Hudson and Larkin, 1994). Instead of projecting all of the angles for each estimation, 

the projection angles are divided into subsets (SS), and the EM algorithm is applied to each SS. 

A problem for EM iterative reconstruction is ill-conditioning, wherein the variance in the 

estimations is high because of small changes in the data (Qi and Leahy, 2006). As the number of 

IT increases, the estimate will more closely match the data, and image contrast is recovered, but 

the variance (i.e., image noise) can also increase (Barrett et al., 1994; Wilson et al., 1994). To 

reduce the noise, either post-smoothing will be applied to the image or reconstruction is stopped 

before convergence is reached (Turkington et al., 2007), but then some contrast and resolution is 

sacrificed. Another approach to reducing noise is to apply a penalty function that enforces 

smoothness in relatively uniform image regions, which are assumed to be independent 

radioactivity distributions, but does not smooth over discontinuities, which are assumed to be 

borders between radioactivity distributions (Geman and Geman, 1984). 

I.B.2. Measurement methods 

PET imaging systems have numerous design and implementation variables that influence 

the data acquired and the images reconstructed. To help optimize these variables for given tasks, 

a variety of measurement methods and performance metrics have been developed. Two different 

measurement methods used to accumulate data that do not require live subjects (e.g., humans, 

pigs, monkeys) are (1) physical measurements with phantoms that can be repeatedly filled with 

radioactivity and imaged, and (2) computer models that mathematically simulate radioactivity and 

attenuation distributions in digital phantoms, particle and photon interactions, and the system‘s 

detection process. There are advantages and disadvantages for both physical and simulated 

phantom measurements. 

I.B.2.a) Phantoms 

Phantoms are used for both physical and simulated methods because they can be 

designed for general or specific purposes, and their set-ups can be reproduced for multiple 
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measurements. In general, there are two types of phantoms: geometric and anthropomorphic. 

Geometric phantoms are simple shapes (e.g., cylinders, ovals) that measure uniform distributions 

or can have smaller phantoms inserted that partition different radioactivity concentrations or 

different attenuating properties. Anthropomorphic phantoms are shaped like body parts (e.g., 

heart, breast, brain) or body sections (e.g., head, chest, abdomen) and are used to more closely 

resemble human anatomy; some phantoms include motion to model physiology. 

The primary advantage of physical measurements is that a model of photon interactions 

and the system detection process does not have to be developed and validated. However, 

physical phantom measurements are limited by what can be designed and manufactured. Of the 

phantoms that are built, it is not feasible to have all possible shapes and sizes, so only a select 

few can be built or purchased (Sossi et al., 1993; Turkington et al., 1999; Surti et al., 2003; 

DiFilippo et al., 2004; Wilson et al., 2005a). A collection of several discrete sizes can become 

especially costly for anthropomorphic phantoms that are often more complex to build and fill 

properly (e.g., avoiding air bubbles) than simple geometries (Lowe et al., 1993; Li and Votaw, 

1998; Raylman et al., 2008), and even though they more closely resemble human anatomy, only 

recently are mechanisms being included to simulate physiologic functions like respiration and 

cardiac motion (Pevsner et al., 2005; Vines et al., 2007; Okubo et al., 2008). Users will also 

receive radiation dose while handling physical phantoms. 

The range of shapes and sizes of digital phantoms used in computer simulations is 

almost limitless. The phantoms or detector system parameters can be manipulated and 

reacquired as many times as necessary. However, this is computationally intensive and can take 

a very long time, and the model detector systems that are currently used do not include every 

characteristic of a physical scanner. Similar to physical measurements, phantoms are used in 

simulations to model different radioactivity distributions and come in two types: geometric (Wang 

et al., 1992; Laymon et al.; Surti et al., 2004a) and anthropomorphic, some of which also simulate 
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physiologic motion (Segars et al., 2001; Cheng et al., 2004; Lartizien et al., 2004; Gifford et al., 

2007). 

I.B.2.b) Computer simulations and Monte Carlo 

Computer simulation models range from simply forward projecting a radioactivity 

distribution, adding Poisson noise, and reconstructing the projections (Alpert et al., 1982; Kinahan 

et al., 2005; Vunckx et al., 2007), to Monte Carlo methods that use random number generators to 

generate, track, and model particle and photon interaction probabilities (Schulz et al., 1970; 

Ljungberg et al., 1998; Buvat and Castiglion, 2002). Analytic approaches (e.g., forward project, 

add noise, and back project) can be made complex and robust with repetitive and extensive 

probability distribution calculations, but this is computationally time intensive and is dependent on 

the granularity of the model. 

Some examples of Monte Carlo simulators used in PET are: Geant4 Application for 

Tomographic Emission (Jan et al., 2004), PETSIM (Thompson et al., 1992; Thompson and 

Picard, 1998), and Simulation System for Emission Tomography (SimSET) (Harrison et al., 

1993b; Lewellen et al., 1998; Schmitz et al., 2007). The choice of simulation suite depends on 

how detailed a system model is required. SimSET uses a simple model with limited 

customization, which also makes it simple to use and relatively fast, so its results are better used 

for predicting trends or rank ordering. For more extensive simulations, a comprehensive and 

highly customizable suite, such as the Geant4 Application for Tomographic Emission, is more 

appropriate, but the set-up and simulations can take considerably longer (Schmitz et al., 2007). 

I.B.3. Measurement analysis 

I.B.3.a) System level 

Metrics for analyzing acquired and simulated PET data range from standardized system 

level measurements (Karp et al., 1991; National Electrical Manufacturers Association, 2001) to 

measures of image quality for estimation (Barrett, 1990) and classification (Metz, 1986; Gifford et 
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al., 1999b). System level metrics describe how well a scanner acquires prompt coincidences and 

the quality of the prompts that are acquired. Examples of these measures include spatial 

resolution, sensitivity, scatter fraction (SF), and noise equivalent count rate (NECR) (Strother et 

al., 1990). NECR measures the performance quality of a scanner‘s T, accounting for R and S, 

where k depends on the randoms correction method: 

Standardized system level measurements can be useful for making inter-scanner performance 

comparisons, but because of new sophisticated post-processing developments and image 

reconstruction methods, these system level measurements have limited value as surrogates for 

predicting reconstructed image quality. 

I.B.3.b) Image level 

Direct image quality metrics are better than system level measurements for describing 

how good an image is for a particular task and an overall measure of a system‘s performance 

(i.e., not just how well it collects counts). One class of image quality metrics called estimators 

(Barrett, 1990) consists of objective measures: signal-to-noise ratio (SNR) (Rose, 1973), percent 

contrast recovery coefficient (%CRC), and noise variance (Karp et al., 2008; Tong et al., 2010). 

The other class of image quality metrics, classifiers, uses observers, either computer or human, 

to measure how reliably images can be correctly interpreted as compared to a ground truth (i.e., 

―using metrics that compare a user‘s response with a ground truth, can a user interpret and make 

reliable diagnoses using an image?‖) (Gifford et al., 1999a; Cheng et al., 2004; Lartizien et al., 

2004). Because observer studies with humans is cost and time intensive, computer-based 

mathematical observers are often used to emulate the visual system of a human observer (Cheng 

et al., 2004; Popescu and Lewitt, 2006; Surti et al., 2006a). 

 
 

Eq. I-4 
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I.C. Time-of-flight PET 

I.C.1. Theory 

Early in the development of nuclear medicine technology, it was known that the position 

of a β
+
 annihilation could be localized between two opposed detectors if the difference in the 

photons‘ arrival time could be measured accurately (Anger, 1966). As shown in Figure I-3, if an 

annihilation occurs in an object of size D a distance x from the midpoint of the two detectors that 

detect the annihilation photons, the two photons will travel distances d1 and d2. The difference in 

distance traveled by the photons Δd will be twice the distance from midpoint, d2-d1 = Δd = 2d. The 

photons‘ arrival times at the two detectors will be t1 = d1 / c and t2 = d2 / c, respectively, and the 

difference in arrival times is Δt = |t2 – t1|. The difference in detected arrival times is related by Δt = 

Δd / c, and in terms of the distance from detectors‘ midpoint, Δt = 2x / c. 

Because the detectors‘ timing resolution is not perfect, there will be some error in the 

measurement of t1 and t2. If στ is the error in the timing measurement Δt, then the origin of the 

annihilation photons along a line Δd is localized to a position with an error of σd, given by: σd = στ ∙ 

c / 2 (Cherry et al., 2003). To be able to localize the β
+
 annihilation within a 7.5-cm segment of the 

LOR would require a timing resolution στ ≈ 500 ps, and to localize it to within a 1.0-cm segment 

would require στ ≈ 70 ps. From Table I-1, it is evident there are only a few scintillators than can 

approach such fast timing resolution, and several of those are not ideal for other reasons. 
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I.C.2. Improved counting statistics 

Considering only the count statistic improvements (i.e., ignoring σd localization), a major 

advantage of scintillators used for TOF detection is that reducing the timing window 2τ (Eq. I-3) 

will also reduce R (Yamamoto et al., 1983). Recalling NECR from Eq. I-4, it is evident that as R 

decreases, NECR will improve, and so should image quality (Moses, 2003). However, 2τ can only 

be reduced to ~4.5 ns because that is about the TOF distance across an FOV, dFOV, plus a little 

time to account for στ. For example, the GE Discovery 690 has a dFOV = 70 cm, so the TOF 

between two detectors on a diameter is τ = dFOV / c = 70 cm / 30 cm ns
-1

 = 2.3 ns. Thus, 2τ = 4.6 

ns (though the system uses a 4.9 ns timing window). Additionally, the better στ required of the 

scintillators used for TOF, compared to non-TOF scintillators, will decrease dead time losses and 

pulse pile-up in the detectors and should increase live time for detecting true coincidences. More 

recent NECR derivations have included pile-up effects (Badawi et al., 2004) and the different 

distributions of T, S, and R in TOF (Conti, 2006). These derivations that incorporate TOF gains 

suggest a greater improvement than does the classic NECR, but unlike R, S is modestly reduced 

 
 

Figure I-3: TOF photon travel distance 

Variables used to derive annihilation localization for TOF: D is the width of the distribution, x is the 
distance from detector midpoint to the annihilation, d1 and d2 are the distances from the 

annihilation to their respective detectors. 
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with better στ (Kimdon et al., 2004). By using scintillators with good στ, TOF PET systems should 

yield an overall decrease in the S and R and improve T compared to non-TOF PET systems. 

I.C.3. Image quality improvement 

Although true coincidence counts cannot be precisely localized to the point of 

annihilation, TOF‘s ability to localize the coincidence origin to a segment σd along the LOR is an 

improvement over conventional (i.e., non-TOF) PET (Figure I-4). Consider the Poisson statistical 

noise in the measurement of a point in an LOR, which should be the square root of the point‘s 

counts. Because the point‘s measurement is acquired with the other points in the LOR, then the 

point‘s measurement is essentially coupled with the other points, and its statistical noise is 

therefore greater than if it were measured individually. With TOF PET, στ localizes the point‘s 

counts to a chord σd on the LOR that effectively decouples the point‘s measurement, and the 

addition of some statistical noise, from many of the other points in the LOR. 

 
                         (a)                                                                    (b) 

 
Figure I-4: TOF decouples statistical noise along an LOR 

In a uniformly distributed source of diameter D, each annihilation‘s measurement is acquired with 
other annihilations in an LOR. In (a), the measurement of two annihilations along an LOR is 

essentially coupled, so their statistical noise is greater than if each annihilation were measured 
individually. With TOF PET, (b) στ localizes each annihilation to a chord σd on the LOR, which 

effectively decouples the points‘ measurements that are separated by a distance greater than σd, 
and thus, the addition of statistical noise from many of the other annihilations along the LOR. 
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When non-TOF PET projections are back projected with no timing information with FBP, 

every voxel in a chord is incremented by the same amount, but TOF FBP makes use of the σd 

positioning of the annihilation as shown in Figure I-5 (Moses, 2003). Figure I-5 illustrates the most 

common way for ―confidence weighted‖ FBP (CWFBP) with timing information: a Gaussian 

distribution, with μ centered on the ―most likely position‖ of the annihilation and variance in timing 

resolution σ
2

τ
 
based on the accuracy of the coincidence timing (Snyder et al., 1981; Tomitani, 

1981). The errors in the measurement (i.e., noise) that are propagated during reconstruction are 

limited to a smaller segment because only the voxels near the annihilation point are incremented, 

so the overall statistical fluctuations will be reduced (Budinger, 1983; Wong et al., 1983). 

Based on these improvements, it has been theorized that TOF‘s image quality 

improvement compared to non-TOF will follow the relationship given in Eq. I-5: 

where SNRTOF and SNRconv are the SNR for TOF and non-TOF PET, respectively, and D is the 

diameter of the radioactivity distribution as in Figure I-3 and Figure I-4 (Snyder et al., 1981; 

 

Figure I-5: FBP and CWFBP for TOF 

When the projections are back projected for (top) FBP with non-TOF PET, every voxel in an LOR 
is incremented by the same amount, but (bottom) TOF CWFBP makes use of the σd positioning 
by confidence weighting (CW) the annihilation with the timing resolution: a Gaussian distribution; 
μ is centered on the ―most likely position‖ of annihilation, and σ

2
τ is based on the accuracy of the 

coincidence timing (Moses, 2003). 
 

 
 

Eq. I-5 
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Tomitani, 1981; Budinger, 1983). However, the assumptions made in the derivation of this 

relationship make the D/σd improvement questionable: noise measurements were (1) based on 

the variance in a single voxel over multiple realizations (2) at the center of the FOV (3) in a 

cylindrical, uniform radioactivity distribution (4) with only true coincidences; no attenuation, scatter 

coincidences, or random coincidences; (5) perfect modeling of the timing resolution during 

reconstruction (i.e., a perfect timing kernel based on μ and σ
2
τ); and (6) CWFBP image 

reconstruction. 

These assumptions may cause both over- and underestimations of the improvement and 

will have varying degrees of influence. For example, by ignoring the contributions of R and S to 

the acquired data, the improvement is underestimated (Holmes et al., 1984; Politte and Snyder, 

1991); because R and S can appear to originate from outside the radioactivity distribution, their 

equivalent diameter (i.e., the diameter of an object if it were reconstructed with only random or 

scattered events) is larger than D, so their contribution to image noise will be even further 

reduced (Moses, 2003). However, reconstruction-timing kernels are not perfect, which will lead to 

an overestimation of the improvement (Perkins et al., 2005; Daube-Witherspoon et al., 2006; 

Vandenberghe et al., 2007). Though FBP may still be used clinically (and CWFBP by extension), 

iterative reconstructions methods (e.g., OSEM, MLEM) are more commonly used. Currently, the 

gains in clinical TOF PET for both analytical and iterative reconstruction methods have been less 

than the predicted D/σd factor (Politte, 1990; Watson, 2006; Surti et al., 2007; Watson, 2007a). 

I.C.4. Past and current TOF PET models 

The first attempts to build TOF PET systems were in the early- to mid-1980‘s (Allemand 

et al., 1980; Ter-Pogossian et al., 1982a; Ter-Pogossian et al., 1982b; Yamamoto et al., 1982; 

Wong et al., 1983; Lewellen et al., 1989). Two scintillating materials had the necessary timing 

resolution, BaF2 and CsF, but both have poor stopping power and poor light yield. Because of the 

poor stopping power, the detectors had to be relatively thick to increase sensitivity (e.g., 4.5 cm 
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for the Scanditronix SP-3000 (Lewellen et al., 1988) and Super PETT I (Ter-Pogossian et al., 

1982b)), but the thicker detectors increased depth of interaction effects and degraded spatial 

resolution. Also, a block detector configuration had not yet been introduced (Casey and Nutt, 

1986), so the one-to-one coupling between detectors and PMTs limited spatial resolution, and 

because the emitted wavelengths for CsF and, especially, BaF2 are short (i.e., in the ultraviolet 

range), the PMT entrance window glass had to be appropriate for shorter wavelengths, such as 

quartz (Lewellen, 1998). Additionally, the poor light yield, about 5% the light output of NaI(Tl), 

meant that few photoelectrons would be emitted from the PMT‘s photocathode, which increased 

the statistical variations in the energy and spatial resolution measurements, so the energy 

window had to be relatively large (e.g., the Scanditronix SP-3000 LET was 170 keV (Lewellen et 

al., 1989)). Additionally, Compton scatter contribution of the detectors‘ linear attenuation 

coefficient was such that there was considerable Compton scatter within the crystals. Although 

there were measured improvements in noise reduction (Politte and Snyder, 1984), attempts to 

build TOF systems faded by the early 1990‘s (Lewellen et al., 1992). 

TOF PET made a resurgence around 2000 when new hardware became available: 

scintillator materials that had good stopping power, light yield, and light decay time; compact and 

relatively inexpensive PMTs with fast rise times and a good resolution of single photon transit 

time jitter; and computing hardware (e.g., application-specific integrated circuits) (Moses and 

Derenzo, 1999; Moses, 2002). These new systems with modern technology have used LSO 

scintillators (cerium activated lutetium oxyorthosilicate, Lu2SiO5:Ce) (Melcher and Schweitzer, 

1992; Moses and Derenzo, 1999; Moses and Ullisch, 2006) and LYSO, which is LSO combined 

with YSO (Y2SiO5) (Cooke et al., 2000). 

Recently, manufacturers have commercialized TOF PET/CT systems (Table I-2): Philips 

has the Gemini TF with LYSO (Muzic and Kolthammer, 2006; Surti et al., 2007; Karp et al., 2008), 

Siemens has the Biograph LSO (Conti et al., 2005; Watson, 2006, 2007b; Jakoby et al., 2008), 
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and GE Healthcare has the Discovery 690 with LYSO (Kemp et al., 2009; Wilson and Turkington, 

2009). 

For each new TOF PET system, a comparison with the theorized D/σd improvement is 

one of the first reported measurements. There have been system level measurements using a 

modified version of the NEMA standard (2001) (Surti et al., 2004b; Conti et al., 2005; Conti, 2006; 

Muzic and Kolthammer, 2006; Surti et al., 2007; Jakoby et al., 2008; Karp et al., 2008), image 

quality estimation measurements using SNR (Kimdon et al., 2004; Conti, 2006; Vunckx et al., 

2007), contrast recovery (Surti et al., 2004a; Surti et al., 2004b; Daube-Witherspoon et al., 2008), 

and noise variance (Watson, 2006, 2007a). A limited number of image quality classification 

measurements have also been reported (Surti et al., 2004a; Popescu and Lewitt, 2006; Surti et 

al., 2006b) and some token clinical results (Watson, 2006; Karp et al., 2008). Although all of the 

measures that have been applied predict improvement for TOF over non-TOF, no standards yet 

exist for analyzing TOF systems. 

Thus far, the predicted reduction in image noise has not been realized. This may be due 

to either the simplicity and assumptions of the original model or the improvements in hardware 

and reconstruction algorithms since the early 1980s that have mitigated the improvement. For 

example, iterative reconstruction, which is the clinical standard today but was too computationally 

expensive in the early 1980‘s, has already yielded image quality improvements over FBP that the 

addition of TOF information may not increase considerably (Moses, 2007). 

Currently, there is a dearth of standard metrics for TOF PET systems. TOF technology 

has excellent potential for whole-body PET imaging because of the considerable reductions in 

statistical variance, especially for larger patients who should benefit the most, or the reduction in 

Table I-2: Commercial TOF PET scanners 

Model  Crystal Dimensions (mm) Eres Ewin (keV) 2τ (ns) 

Philips Gemini TF* LYSO 4 × 4 × 22 11.5% 440-665 6.0 

Siemens Biograph mCT
†
 LSO 4 × 4 × 20 11.7% 435-650 4.1 

GE Discovery 690
§
 LYSO 4 × 6 × 25 12.7% 425-650 4.9 

*(Muzic and Kolthammer, 2006), 
†
(Jakoby et al., 2008), 

§
(Kemp et al., 2009) 
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statistical variance could be traded for a reduction in patient dose or shorter acquisition times. 

These improvements come with the rare quality of not requiring another engineering or image 

quality trade-off be made; the only trade off is financial cost. As manufacturers continue to build 

and market TOF PET, its presence in clinics and research applications will likely increase, and 

system level and image quality metrics will need to be developed to aid in designing dosage 

protocols, establishing acquisition protocols, setting reconstruction parameters, and making 

system performance comparisons. 

I.D. Dissertation objectives and organization 

It is well known that PET performance and image quality degrade as body size increases, 

and epidemiological studies over the past two decades show that the adult US population‘s body 

size has increased dramatically and continues to increase (Flegal et al., 2010). For a pair of 

coincidence photons, TOF PET, a recently commercialized technology, allows the localization of 

the point of the β
+
 annihilation, with a certain degree of error due to the timing resolution. Both 

heuristic and analytical evaluations predict that TOF will have improved count performance and 

image quality compared to non-TOF PET, especially as body size increases, but no standard for 

comparison exists. The goal of this dissertation is parameterize the image quality improvement of 

TOF PET compared to non-TOF PET as a function of body size. 

This dissertation document is organized as follows. Chapter 2: Body size effects on PET 

data and image quality evaluates the relationship between body size and image quality using 

computer simulations of simple geometric shapes. To show a clinical application of the noise 

versus size relationship, a variable time PET leg protocol was defined and clinically implemented 

(Wilson and Turkington, 2007). Chapter 3: Multisphere phantom development and algorithm 

describes the primary method used in this dissertation for evaluating small lesion image quality 

(Wilson and Turkington, 2008). The analysis is applied to regularized image reconstructions 

(Wilson et al., 2010). Chapter 4: Fillable, tapered phantom development outlines the rationale, 
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design parameters, Monte Carlo simulations, and machining of the novel phantom used to 

measure image quality as a function of body size (Wilson et al., 2008). Chapter 5: Fillable, 

tapered phantom validation and characterization further characterizes the phantom with additional 

Monte Carlo simulations and scanner phantom measurements. Chapter 6: Parameterizing TOF 

versus non-TOF PET image quality combines the multisphere analysis with the fillable, tapered 

phantom to parameterize image quality for TOF PET compared with conventional, non-TOF PET 

as a function of body size (Wilson and Turkington, 2009). Additionally, cold contrast recovery is 

measured as a function of body size. Chapter 7: Summary provides some summarizing remarks.
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II. Body size effects on PET data and image quality 

II.A. Introduction 

PET performance and image quality are degraded as body size increases. The added 

attenuation, one of the size-related factors, increases the number of photons that are scattered or 

absorbed within the body (Amato et al., 2009). Thus, for a fixed amount of radioactivity and 

acquisition duration, the number of measured true coincidence events will decrease and the 

background fractions (i.e., number of random and scattered events relative to true events) will 

increase. The effect of these background fractions on the quality of acquired count data can be 

evaluated using NECR (Eq. I-4). As defined by Strother et al., NECR is a metric of count rate data 

(1990). Image quality is highly dependent on these data, but system model corrections and post-

processing included in the reconstruction algorithm influence the image quality. Thus, NECR and 

image quality are related but not necessarily equivalent. However, several studies have shown 

that NECR can be a good surrogate for reconstructed image quality: NECR ∝ SNR
2
, even for 

increased body size, but those results are dependent on the image reconstruction algorithm 

(Wollenweber et al., 2002; Wollenweber et al., 2004; Halpern et al., 2005). 

Another size-related factor, independent of attenuation, is the volume throughout which 

the measured counts are distributed; for a fixed amount of radioactivity and acquisition duration, 

as body size increases, the counts measured for each detector LOR are distributed over a longer 

line segment. This decreased count density for an LOR increases each voxel‘s relative variability; 

the signal does not increase, but the voxel noise does (Stearns, 2004). In addition, simple 

background considerations dictate that the radioactivity from any particular voxel will be 

measured with less noise if the measurements of that voxel contain less background. This is the 

effect that is improved with TOF PET; increasing the body size increases the background for any 

particular LOR, but TOF‘s ability to localize measurements along a segment of the LOR 

minimizes the compounding effects of noise. 
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II.A.1. Improving count quality 

One approach to reduce count noise and improve image quality is to increase the dosage 

of radiotracer, but this increases a patient‘s absorbed dose and may only provide a modest count 

improvement. Again recalling Eqs. I-3 and 1-4, the increased count rate will also increase the 

random counts fraction, so the NECR function will have a peak value. For radioactivity 

concentrations greater than that peak value, the count quality decreases. For radioactivity 

concentrations less than but approaching the peak value, the NECR curve is relatively flat near its 

peak, so there is a minimal count quality increase for a high dose increase. It has been reported 

that the optimal dose, which is proportional to NECR, is in the 90%–95% range of the peak NECR 

value (Watson et al., 2005); for a 5%–10% decrease from the maximum NECR, the dose is 

reduced by ~40% of that required to achieve peak NECR. 

Another approach for reducing count noise is to increase the acquisition time. A longer 

scan time will increase the true counts, and if coupled with a lower radioactivity dose, the random 

coincidence counts will decrease. Masuda et al. (2009) reported on a prospective study of 

overweight patients who underwent an FDG PET/CT study, and they found that only increased 

scan time maintained image quality; increasing the weight-based dose by as much as a 2.5-fold 

did not significantly improve image quality compared to the baseline dose. 

II.A.2. NECR density 

One metric that has been used to assess the complex relationship with changing body 

size and total radioactivity is an NECR density (NECRD) (Kinahan et al., 2005; Watson et al., 

2005; Danna et al., 2006; Chang et al., 2009; Accorsi et al., 2010). Though each method varies 

slightly, the goal is to normalize NECR using a patient‘s size, so the NECR is divided by some 

measure of the patient‘s volume (e.g., weight, BMI, transmission data). This density correction 

can change some key features of an NECR curve (Watson, 2010). At low radioactivity 

concentrations, the NECR vs. radioactivity concentration is linear, but increased radioactivity will 

increase the dead-time and R. The NECR curve will become parabolic and be approximately flat 

near the peak. For NECRD, smaller patients will have less attenuation and scatter, so their count 

quality will be better than for larger patients with equal radioactivity. Thus, the slope of the 
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NECRD for smaller patients will be steeper at lower radioactivity concentrations than for larger 

patients, but as the amount of radioactivity increases, the NECRD of smaller patients will suffer 

the effects of detector dead-time and R more quickly than will larger patients. 

II.B. Simulations to evaluate size-dependent image quality 

II.B.1. Purpose 

Simple simulations were done to evaluate the relationship between the radioactivity 

distribution cross-sectional size and image noise, independent of the imaging system, so S, R, 

dead-time, scanner geometry, sensitivity, and other system effects are not simulated. Three 

different radioactivity distribution geometries were used with multiple sizes: circle, ellipse, and 

stadium (also known as an oval or rounded-rectangle). Also, image variance measurement 

methods were evaluated so that an approximately ergodic metric (i.e., a metric where statistics of 

a single image can be used to determine statistics that would be measured over an ensemble of 

realizations) can be used to compare PET image quality in later chapters (Cunningham and 

Shaw, 1999; Tong et al., 2010). 

It is well known in imaging science that tomographic reconstruction algorithms introduce 

noise correlation into an image, so measurements of noise should be done over a set of multiple 

images reconstructed from unique data whose only difference is due to Poisson statistics (i.e., an 

ensemble of images). In nuclear medicine, this is not feasible because the distribution is 

constantly changing (e.g., radioactivity decay, physiological redistribution in patient acquisitions). 

Thus, a noise metric is needed that is relatively unbiased, can be measured with a single image, 

and is well correlated with noise as measured with an ensemble of images. The noise analysis 

performed here will use (1) ensemble pixel noise over multiple realizations, and (2) ROI-mean 

variance in a single realization, which may be relatable if the average bias is not too large 

(Barrett, 1990). 
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II.B.2. Methods 

II.B.2.a) Phantom geometries and radioactivity concentrations 

The most common 2D geometric shape that is used for digital and physical phantoms is a 

circle. A digital phantom was constructed for three different shapes, sampled on a 256 × 256 

image matrix of 1.95-mm pixels: circle, ellipse, and stadium (Figure II-1 (a–c)). The radii and 

areas for the circles used are listed in Table II-1, and this range of areas was used to choose 

parameters for the ellipses and stadiums. Eq. II-1 relates a non-circular object‘s attenuating area, 

Aatten, to an effective diameter, deff, of a circle, so that if the area of a non-circular were used to 

form a circle, deff would be that circle‘s diameter. The equation for the area of an ellipse, Aell, and 

a stadium, Asta, are given in Eqs. II-2 and II-3, respectively. In Eq. II-2, a and b are the major and 

minor radii, respectively. In Eq. II-3, r is the circle radius, and d is the width of the rectangle. 

 
Eq. II-1 

 Eq. II-2 

 
 

Eq. II-3 
 

The dimensions of the ellipses and stadiums are listed in Table II-2 and Table II-3, respectively. 

The relative area for the different phantom sizes, relative to the phantom with the biggest area: 

48-cm diameter circular, are also listed in Table II-1, Table II-2, and Table II-3. 

For each shape and size, radioactivity concentrations were simulated for three 

radioactivity concentrations and for three count totals. The pixel values for the first set of 

simulations were chosen so that three different count totals would be measured in the sinogram 

independent of phantom size. Because counts are distributed over a larger area as the size 

increases, each phantom had a unique concentration so that there were three levels of total 

counts. These concentrations changed as a function of phantom size and were calculated relative 

to the phantom with the biggest area: 48-cm diameter circle, as listed in Table II-1, Table II-2, and 

Table II-3. 

The count totals were based on sinogram data of whole-body PET scans and bracketed 

low, medium, and high-count totals: 0.63 M, 1.26 M, and 1.89 M total counts per sinogram slice, 

respectively, after Poisson noise was applied to the sinograms. 
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The second set of simulations used three pixel values that were equal for all phantoms, 

independent of size and shape. This meant that as the phantom size increased, so did the pixel 

total. These three concentrations were arbitrarily chosen to be equal to the concentrations for the 

first set (i.e., where the total sinogram counts were kept constant) in phantoms with deff ≈ 40.0 cm. 

The three concentrations were normalized to the lowest and were 1:1, 2:1, and 3:1. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

 
(l) 

Figure II-1: Circle, ellipse, and stadium digital phantoms 

In (a)–(c), circle, ellipse, and stadium digital phantoms were simulated on a 256 × 256 matrix of 
1.95-mm pixels. The shapes were (d)–(f) forward projected for ρ = 180 angles, and 100 

realizations of Poisson noise were created, with examples shown in (g)–(i). Lastly, (j)–(l) images 
were reconstructed using back projection with a discrete ramp filter. 
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Table II-1: Dimensions of circle digital phantoms 

Diameter, D (cm) Acir (cm
2
) Rel. Area ROIs, K 

10 
12 
14 
16 
18 
20 
22 
24 
26 
28 
30 
32 
34 
36 
38 
40 
42 
44 
46 
48 

79 
113 
154 
201 
254 
314 
380 
452 
531 
616 
707 
804 
908 
1018 
1134 
1257 
1385 
1521 
1662 
1810 

5% 
7% 
9% 
11% 
14% 
18% 
21% 
25% 
30% 
34% 
39% 
45% 
50% 
57% 
63% 
70% 
77% 
84% 
92% 

100% 

18 
22 
34 
47 
59 
70 
89 

101 
117 
138 
163 
190 
213 
239 
262 
298 
319 
368 
398 
423 
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Table II-2: Dimensions of ellipse digital phantoms 

Major radius, a (cm) Minor radius, b (cm) Aell (cm
2
) deff (cm) Rel. Area ROIs, K 

6 

7 

8 

8 

9 

9 

10 

10 

11 

11 

12 

12 

13 

13 

14 

14 

15 

15 

16 

16 

17 

17 

18 

18 

19 

19 

20 

21 

22 

23 

24 

25 

5 

6 

4 

6 

5 

7 

6 

8 

7 

8 

8 

9 

9 

10 

10 

11 

11 

12 

12 

13 

13 

15 

14 

16 

15 

18 

16 

17 

18 

19 

20 

21 

99 

127 

101 

159 

141 

197 

188 

240 

242 

289 

302 

346 

368 

412 

440 

486 

518 

571 

603 

669 

694 

780 

792 

906 

895 

1049 

1005 

1122 

1244 

1373 

1508 

1649 

11 

13 

11 

14 

13 

16 

15 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

32 

32 

34 

34 

37 

36 

38 

40 

42 

44 

46 

5% 

7% 

6% 

9% 

8% 

11% 

10% 

13% 

13% 

16% 

16% 

19% 

20% 

23% 

24% 

27% 

28% 

31% 

33% 

36% 

38% 

42% 

43% 

49% 

48% 

57% 

55% 

61% 

67% 

74% 

82% 

90% 

19 

24 

19 

33 

32 

41 

39 

51 

49 

62 

62 

72 

75 

91 

99 

101 

115 

129 

135 

154 

156 

177 

181 

199 

200 

239 

232 

255 

280 

325 

353 

386 



 

32 

 

Table II-3: Dimensions of stadium digital phantoms 

Rectangle width, d (cm) Radius, r (cm) Asta (cm
2
) deff (cm) Rel. Area ROIs, K 

5 

5 

5 

5 

5 

5 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

11 

15 

15 

15 

15 

15 

15 

15 

15 

4 

5 

6 

7 

8 

9 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

10 

11 

12 

13 

14 

15 

16 

17 

90 

129 

173 

224 

281 

344 

94 

138 

189 

245 

308 

377 

452 

534 

622 

716 

817 

924 

1037 

1156 

1282 

1414 

1552 

614 

710 

812 

921 

1036 

1157 

1284 

1418 

11 

13 

15 

17 

19 

21 

11 

13 

15 

18 

20 

22 

24 

26 

28 

30 

32 

34 

36 

38 

40 

42 

44 

28 

30 

32 

34 

36 

38 

40 

42 

5% 

8% 

10% 

13% 

16% 

20% 

6% 

8% 

11% 

14% 

18% 

22% 

26% 

30% 

35% 

40% 

46% 

52% 

58% 

65% 

72% 

79% 

86% 

35% 

40% 

46% 

52% 

58% 

64% 

72% 

79% 

20 

25 

37 

50 

62 

78 

20 

30 

43 

55 

69 

86 

110 

125 

142 

172 

187 

212 

233 

278 

304 

326 

370 

148 

160 

196 

218 

246 

277 

304 

337 

 

II.B.2.b) Forward projection, attenuation, noise, and back projection 

The simulation included only a simple projection process that was essentially scanner 

independent: no simulation of scatter, random events, blurring, or other physically degrading 

factors, and the projection angles (ρ = 180) had uniformly spaced bins (Figure II-1 (d–f)). One set 

of projections did not include the effects of attenuation, and one set of the projections included 

water-equivalent attenuation (μ = 0.096 cm
-1

) (Laymon and Turkington, 1999). To simulate 

attenuation, the radioactivity projections were divided by attenuation projections. No noise was 

added to the attenuation projections because they were assumed to be relatively noiseless 

compared to the radioactivity projections. One hundred Poisson realizations were generated for 
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each radioactivity projection (Figure II-1 (g)–(i)): 3 geometries, 2 sets of 3 radioactivity 

applications (either constant count totals or constant concentration), and 2 types of attenuation 

(with water-equivalent or none). A total of 3600 images were simulated. 

Images were reconstructed using back projection with a discrete representation of the 

ramp filter in the spatial domain. For radioactivity projections that were attenuated, attenuation 

correction was done after the Poisson noise was added by multiplying the attenuation projection 

with radioactivity projections. No smoothing was applied to the projections or the reconstructed 

images (Figure II-1 (j–l)). 

II.B.2.c) Measuring image noise 

Two figures of merit were used to measure image noise: background variability (BV) and 

ensemble noise (EN). BV is calculated for a single realization and is similar the NEMA NU2-2001 

image quality measurement (2001). The number of ROIs per image is K, indexed by the variable 

k, and was dependent on the phantom‘s size, which are listed in Table II-1, Table II-2, and Table 

II-3. EN is measured across the ensemble of R = 100 images, where the number of images in the 

ensemble is R = 100, indexed by the variable r. Each ROI was a 4 × 4-pixel square. For each ROI 

on each image, a mean value is calculated, μk,r. 

A software algorithm was written to automate the placement of a large number of ROIs 

on an image. The software user can either use a custom ROI pattern or define a geometric shape 

(e.g., dimensions of a square or radius of a circle). The ROIs are constrained to a region within 

the image, are non-overlapping, can be placed randomly or in a raster pattern, and can be limited 

to a user-entered number or as many that will fit. This software was used to place from K = 18 to 

K = 423 ROIs per image, depending on phantom size. 

Two different averages across ROI means were calculated; μ
_

r and μ
_

k are the average of 

the ROI means across different ROIs in an image (Eq. II-4) and for the same ROI over the 

ensemble of images (Eq. II-5), respectively. 

 
Eq. II-4 
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Eq. II-5 
 

These means were used to calculate the (Eq. II-6) BVr and (Eq. II-7) ENk. 

 

Eq. II-6 

 
 

Eq. II-7 

Because multiple image realizations were generated with independent Poisson noise, EN 

is an unbiased estimate of the image variance. However, as defined in Eq. II-7, the EN variance 

is dependent on ROI size, so as the ROI size increases, the EN will decrease (Tong et al., 2010). 

Noise correlation will decrease the variance in EN as the ROI size increases. For ROIs with 

dimensions small relative to the noise correlation length, EN will not be affected, but as the ROI 

size increases, noise correlation will decrease variance within an ROI and cause bias. The 

texture of the noise correlation is highly dependent on the reconstruction algorithm, but these 

effects were not evaluated here (Barrett, 1990; Barrett et al., 1994; Wilson et al., 1994; Razifar et 

al., 2005). 

BV is also influenced by ROI size and noise correlation in an image, but because BV is 

measured for a single realization, other low frequencies variations across an image (e.g., 

background non-uniformities due to attenuation, scatter, resolution, and imperfect reconstruction 

corrections) will also increase BV. These low frequency variations do not affect EN in the same 

way because it is measured at the same position throughout the ensemble, which has most 

recently been shown by Tong et al., 2010. For images that had no post-smoothing applied and 

were measured with ROIs whose diameters were near the system‘s spatial resolution, the ratio of 

BV/EN was nearly 1.0, but as either ROI-size or post-filtering increased, the ratio of BV/EN 

increased. They determined that, despite a modest bias in BV, when multiple realizations of an 

acquisition are not available or attainable, a linear correlation between BV and EN meant that BV 

is a reasonable surrogate for EN. 
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II.B.3. Results and discussion 

II.B.3.a) BV and EN versus object size 

BV is plotted versus deff in Figure II-2 for different radioactivity concentrations and with or 

without attenuation. In Figure II-2 (a) and (b), the radioactivity concentration was equal for all 

geometries, independent of size, with three levels of concentrations. Because the concentrations 

were constant, the larger phantoms will have more total activity and more counts than the smaller 

phantoms. In (c) and (d), the total radioactivity was equal for all geometries, independent of size, 

with three levels of count totals. The effects of attenuation were only included for (b) and (d). EN 

is plotted in Figure II-3 versus deff using the same conventions as Figure II-2. 
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Figure II-2 (a) shows several of the expected effects of size for a uniform radioactivity 

distribution that is not attenuated. For decreased levels of count noise (from 1:1 to 3:1), the BV 

decreases. The error bars‘ magnitudes increase as deff decreases. This decrease is because 

fewer ROIs can be placed as the phantom size decreases and not because there is greater 

variability in BV across the ensemble of images. The fact that BV increases with deff is an 

interesting feature; all the phantoms had the same radioactivity concentration independent of 

size, so for these simple simulations it might be expected that BV should be constant. The 

increased BV in Figure II-2 (a) is because as the body size increases, the counts measured for 

each LOR are distributed over a longer line segment. This is the effect described earlier in this 

 
(a) 

 
(b) 

 
(c) 

 

 
(d) 

Figure II-2: BV image variability metric vs. phantom size for simulated geometries 

BV is plotted versus the simulated phantom‘s deff for (a) constant radioactivity concentration 
without attenuation, (b) constant radioactivity concentration with attenuation, (c) constant total 
radioactivity without attenuation, and (d) constant total radioactivity with attenuation. In (a) and 

(b), because the amount of radioactivity is normalized to phantom size, the larger phantoms will 
have more counts than the smaller phantoms. In (c) and (d), the radioactivity concentration 

changes as a function of size so that at the three levels of image noise, the number of counts is 
equal. 
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chapter: a ―point‘s measurement is acquired with all the other points in an LOR, then the point‘s 

measurement is essentially coupled with all the other points, and its statistical noise is therefore 

greater than if it were measured individually.‖ 

Figure II-2 (b), (c), and (d) have similar characteristics as (a). For (b) and (d) the BV is 

increased relative to (a) and (c), respectively, because of attenuation‘s count-degrading effects. 

Figures (c) and (d) are curved because the total radioactivity is kept constant as size increases, 

so the curve reflects the approximately radius-squared effect of increasing area for the nearly 

circular phantoms. 

The EN plots in Figure II-3 are nearly identical to their respective plots in Figure II-2 with 

the exception that the error bars in Figure II-3 are relatively bigger. This difference is due to the 

number of μr and μk included in each metric. At the largest deff‘s, K was greater than 400 ROIs for 

 
(a) 

 
(b) 

 
(c) 

 

 
(d) 

Figure II-3: EN image variability metric vs. phantom size for simulated geometries 

EN is plotted versus the simulated phantom‘s deff for (a) constant radioactivity concentration 
without attenuation, (b) constant radioactivity concentration with attenuation, (c) constant total 

radioactivity without attenuation, and (d) constant total radioactivity with attenuation. 
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the BV, but EN was calculated using R = 100 ensemble images. Comparing Figure II-2 and 

Figure II-3, parts (a) and (b), is where this is most noticeable. In Figure II-2 (a) and (b), the 

magnitude of the error bars decreases as phantom size increases because the number of ROIs is 

increasing with size, but in Figure II-3 (a) and (b), the magnitude of the error bars increases 

because the number of images in the ensemble is fixed. 

An important finding of Figure II-2 and Figure II-3, which is relevant to this research, is 

that BV and EN are independent of the phantom geometry. Regardless of radioactivity 

concentration or the inclusion of attenuation‘s effects, if the deff‘s of the different geometries are 

equal, then their image noises will be nearly equal. 

II.B.3.b) Ergodic relationship between BV and EN 

In Figure II-4, EN is plotted versus BV using the same conventions as Figure II-2 and 

Figure II-3. The first and most obvious characteristic of (a)–(d) is that the ratio of EN to BV is 

approximately unity for all geometries, sizes, and radioactivity concentrations. To a degree, these 

results could be expected in this set of simulations because no post-filtering was applied, the 4 × 

4-pixel ROI size was relatively small, and many of the system-dependent count-degrading effects 

were ignored. Indeed, as noted earlier in this chapter, BV can typically be used when EN is not 

available (Tong et al., 2010). In other words, a metric using statistics from a single image can be 

used to determine statistics that would, ideally, be measured over an ensemble of realizations. 

For the purposes of many of the studies in subsequent chapter, the findings that this relationship 

holds will be used, regardless of phantom size or the shapes evaluated here. 



 

39 

 

II.C. Variable time PET leg protocol 

This chapter concludes with a clinical application of the size effects of circular 

radioactivity distributions on image noise. This research was previously published in a 

Conference Record ©2007 IEEE and is reprinted here, with permission, from the IEEE Nuclear 

Science Symposium Conference Record, Development of a PET protocol to equalize noise for 

PET/CT leg acquisitions, Wilson and Turkington. 

II.C.1. Purpose 

In PET, the simplest radiotracer dosage and acquisition protocols use the same dose and 

scan duration for all patients. A slightly more customized protocol scheme uses weight-based 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
Figure II-4: EN versus BV image variability metrics for simulated phantom geometries 

EN is plotted versus BV for (a) constant radioactivity concentration without attenuation, (b) 
constant radioactivity concentration with attenuation, (c) constant total radioactivity without 

attenuation, and (d) constant total radioactivity with attenuation. The ratio of EN/BV is 
approximately unity for all geometries, sizes, and radioactivity concentrations. 
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injection and acquisition settings. Further, to achieve relatively uniform reconstructed image 

quality, PET injection protocols and acquisition parameters can be adjusted per patient (Everaert 

et al., 2003; Halpern et al., 2004; Halpern et al., 2005; Masuda et al., 2009). One such method is 

to calculate a predicted NECR for each patient and adjust the patient‘s radioactivity dose 

(Lartizien et al., 2002; Watson et al., 2003; Watson et al., 2005; Jakoby et al., 2006). Another 

method is to optimize each bed position‘s (BP) scan duration by accounting for the radioactivity 

distribution, attenuation distribution, and background fractions, which has been proposed for the 

torso and abdomen (Carney et al., 2004). 

There are several benefits for optimizing BP durations. Cost analysis studies on PET/CT 

systems have concluded that reducing a patient‘s scan time can increase the efficiency of system 

use (von Schulthess, 2000; Halpern et al., 2004), and reducing total scan time can also improve a 

patient‘s imaging experience. Both reducing the total scan time and redistributing BP durations 

(i.e., less time at the feet and more at the pelvis) will mean a shorter scan time of some anatomy 

and will limit the opportunity for motion. Limiting motion can reduce imaging artifacts and improve 

image fusion (Halpern et al., 2004). 

At the Duke University Medical Center PET Facility, the skull-base to mid-thigh FDG PET 

acquisitions on a Discovery STE PET/CT scanner (GE Healthcare) (Turkington et al., 2005) are 

done without septa (i.e., 3D) for 1.5-4.0 min/BP, depending on weight. For a whole-body study 

that includes the legs, the leg acquisitions are done with septa (i.e., 2D) for 1.5 min/BP, with an 

increasing number of BPs depending on leg length. Although PET leg acquisitions are not 

commonly obtained, they are indicated for muscle and connective tissue tumors as well as 

malignant melanoma of the lower extremities (Gambhir et al., 2001). 

For leg studies, BP scan durations are constant despite the considerable change of 

attenuating tissue from pelvis to ankles. Due to much different attenuation, scatter, and possibly 

random event effects, image quality varies greatly from the pelvis to the ankles. As was described 

earlier in this Chapter and can be seen for a constant radioactivity concentration and attenuation 

in Figure II-2 (b) and Figure II-3 (b), the image variability will increase with size. Thus, noise in the 

pelvis for a leg acquisition is equal to or worse than for a trunk acquisition, and the least noisy 
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images—probably the best in the body—are at the ankles (Figure II-5). Using a variable-time 

protocol should result in more uniform image quality. 

The legs differ from the rest of the body in two key ways that make them a good 

candidate for a single, variable-time protocol that could be used for all patients. Legs taper from 

the pelvis to the feet for all patients (Mitchell et al., 1970), whereas the torso and abdomen can 

vary widely depending on how weight is distributed. Additionally, the background uptake is 

relatively uniform because the legs primarily consist of only three tissue types: bone, muscle, and 

fat. 

For conventional protocols, noise will change as a function of attenuation (i.e., leg 

diameter) with the noisiest images being in the pelvis. If leg sizes decrease from pelvis to feet 

consistently across the patient population, then a single, variable-time protocol can be used for all 

patients. Because there is overlap between the trunk and leg acquisitions (which has a range of 

1.5–4.0 min and 1.5 min, respectively), the superior leg BP has from 100% to 38% of the counts 

of the inferior trunk BP (depending on the trunk BP time).  

 

Figure II-5: Image quality degrades as size increases in the legs 

For PET leg studies, BP scan durations are constant despite the considerable change of 
attenuating tissue from (left) pelvis to (right) ankles. Due to much different attenuation, scatter, 
and possibly random event effects, image quality varies greatly from the pelvis to the ankles. 

Thus, noise in the pelvis for a PET leg acquisition is equal to or worse than for a trunk acquisition, 
and the least noisy images—probably the best in the body—are at the ankles. 
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The goal of this work was to use patient and phantom data to develop a single, variable-

time PET leg protocol that will reduce or redistribute scan time as the legs taper and equalize 

noise throughout the legs. 

II.C.2. Materials and methods  

To design a single protocol, the first step was to measure and determine if the patient 

population‘s legs tapered relatively consistently, independent of weight and leg length. Then four 

pairs of bottle phantoms were selected to relate size to PET image noise because it is easier to 

measure image quality in a uniform phantom than in the non-uniform legs. This noise-versus-

diameter relationship from the phantom measurements was applied to the measured leg 

diameters to calculate BP durations. 

II.C.2.a) Patient studies 

Fifty-six 2D-PET/CT patient leg studies, from consecutive whole-body PET acquisitions 

between March and April 2007, were randomly selected, completely de-identified, and moved off-

line for analysis in a method that was declared as exempt by the Institutional Research Board 

review. These acquisitions were done on a Discovery STE PET/CT scanner (GE Healthcare) 

using the routine 2D PET clinical protocol of 1.5 min/BP with a 5-slice overlap, and the 50-cm 

FOV was reconstructed, on the clinical console before being moved off-line, to a 128 × 128 matrix 

using OSEM for 2 IT, 14 SS, and an 8.0-mm Gaussian post-filter. One study was excluded due to 

the presence of an ~23.0-cm diameter lesion in the mid-thigh. Of the remaining 55 exams, the 

weight and height ranges were 43–150 kg and 152–198 cm, respectively. Due to leg length 

variations, there were three patient groups of 6, 7, and 8 BPs with 11, 37, and 7 patients, 

respectively. Figure II-6 shows the distribution of body mass indices (BMI) for the range of exams 

analyzed. Also plotted is the mean BMI, 28.4, for United States adults over 20 years old 

(McDowell et al., 2008). 
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Leg diameters were measured by estimating that a transaxial CT slice of two legs is 

approximately two circles of equal area, which allows the legs to be modeled as two adjacent 

cylinders. The anatomy in a CT slice was used to calculate an attenuating area, Aatten, and an 

effective attenuating diameter, deff (Eq. II-1). The Aatten in a CT slice was measured by image 

thresholding and counting the pixels with leg tissue, and the pixels with cortical bone were 

weighted twice that of soft tissue to account for higher attenuation. Although this is an over-

estimation of bone‘s attenuation, the effect will be modest. 

The deff was calculated for each slice of each patient exam, and the deff‘s for each BP of 

each patient exam were averaged. Each patient exam had one mean deff for each BP, and then 

these deff‘s were averaged for each BP across all patient exams regardless of size, with BPs 6, 7, 

and 8 being averaged together. 

 

Figure II-6: Patient population BMI distribution for PET leg protocol development 

The distribution of BMI for the 55 de-identified patients used to measure the taper of the leg as a 
function of the number of PET bed positions (BPs). Points denote outliers, and the horizontal line 

is the mean US adult BMI = 28.4 (McDowell et al., 2008). 
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II.C.2.b) Phantom acquisition 

A phantom study was acquired to relate object size to image noise for fixed scan 

durations. Based on the measured deff‘s, four pairs of bottles with varying diameters were chosen 

to represent different leg diameters (Table II-4). The bottles were filled from a uniform solution of 

water and 
18

F that had a radioactivity concentration of 30.5 kBq/mL at scan time. Each pair of 

bottles was positioned as a pair of legs and separated from the next set by ~5 cm. A CT and 2D 

PET study with 1.0 min/BP (6 BPs) was acquired, and the 50-cm FOV was reconstructed to a 128 

× 128 matrix using OSEM for 2 IT, 14 SS, and an 8.0-mm Gaussian post-filter (Figure II-7). 

Image noise was measured by randomly placing non-overlapping 4 × 4-pixel (1.56 × 

1.56-cm) ROIs on the CT and then applying them to the PET slices. The 4 × 4-pixel size was 

chosen to measure the noise near the nominal lesion size. The ROIs‘ placement were restricted 

 
(a) 

 
(b) 

 
Figure II-7: Bottle phantoms used for analysis of PET leg protocol 

To represent different leg diameters, 4 bottle pairs with 19.7, 11.4, 7.0, and 4.5-cm diameters 
were chosen (Table II-4), and (a) as shown in the sagittal CT slice, each pair of bottles was 

positioned as a pair of legs and separated from the next set by ~5 cm. The bottles were filled 
from a uniform solution of 

18
F. (b) A 2D PET study with 1.0-min/BP (6 BPs) was acquired, and the 

50-cm FOV was reconstructed to a 128 × 128 matrix using OSEM for 2 IT with 14 SS and an 8.0-
mm Gaussian post-filter. PET images are shown in A–D and correspond with the (a) CT image 

from top to bottom. 
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to the central 10 slices (3.27 cm) of each bottle pair, with the total number of ROIs used per bottle 

pair listed in Table II-4. 

Using each ROI‘s mean radioactivity concentration, BVs (Eq. II-7) across all ROIs in each 

slice were calculated for each bottle. The coefficient of variation was calculated for each bottle 

diameter and normalized to the largest (19.7-cm diameter).  

For events governed by Poisson distribution statistics, the noise is the square root of the 

mean. Thus at a PET sinogram level, the square of the relative noise should predict the relative 

scan times, depending on diameter, necessary to equalize noise. The non-linear nature of 

iterative image reconstruction algorithms may yield this relative noise change will not propagate 

to the reconstructed image quality, but this effect is small. 

An exponential function was found to fit the noise versus bottle diameter measurements 

and was used to calculate the relative BP scan times for the variable-time protocol. The patient 

deff‘s, which were averaged across all patients for each BP, were evaluated using the exponential 

fit, and the scan times per BP that could reduce or redistribute scan time were calculated. 

II.C.3. Results  

The 55 randomly selected patient studies have a mean BMI of 28.1 (SD = 6.0), which is 

similar to the US adult mean BMI of 28.4 as plotted in Figure II-6. A mean deff for each BP for 

each subgroup of patients with the same number of BPs is plotted in Figure II-8. The mean deff, 

d
_

eff, across all 55 patients as a function of BP, with BP 1 being superior and BPs 6, 7, and 8 

combined as explained below, is calculated in Eq. II-8: 

 
 

Eq. II-8 
 

The reported mean mid-thigh diameters of the US adult population are 16.8 and 17.1 cm 

for females and males, respectively, and the maximal calf diameters are 12.2 and 12.6 cm for 

Table II-4: Dimensions of bottle phantoms 

Diameter (cm) Height (cm) ROIs 

4.5 

7.0 

11.4 

19.7 

7.0 

13.0 

12.5 

18.0 

75 

160 

672 

1316 
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females and males, respectively (McDowell et al., 2008). In these PET/CT exams, the mid-thigh 

would be positioned in BP 2, and the calves would be positioned in BP 4, 5, or 6, depending on 

height. The d
_

eff for BP 2, independent of height and sex, was 16.5 cm, and the d
_

eff for BPs 4, 5 

and 6, were 11.4, 9.5, and 7.9 cm, respectively. 

Regardless of patient size, the variability (i.e., relative SD) of diameters for each 

subgroup was 15%-20%. Of all patients, 94.5% (52 of 55) had a deff that was <±7.5% of their 

respective subgroup‘s mean deff. Because the d
_

eff‘s for BPs 6, 7, and 8 are within a 3.0-cm range, 

a single d
_

eff was used to calculate a relative scan time for BPs 6–8 (i.e., regardless of leg length, 

BPs 6, 7, and 8 have the same scan times). Otherwise, as determined by the ±7.5% window, the 

deff‘s all tapered relatively consistently, so a single variable-time protocol for all patients that 

equalizes noise throughout the image set is feasible. 

 

Figure II-8: Patient leg deff‘s for each bed position of a PET leg study 

The mean effective attenuating diameters, deff, for each BP are plotted. Only patients whose 
exams had the same number of BPs were averaged together. N is the number of patients in each 

subgroup. The taper of leg diameters over the BPs is relatively consistent regardless of patient 
weight and leg length. 
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Based on the d
_

eff‘s in Figure II-8, the 4 bottle pairs listed in Table II-4 were selected, 

imaged (Figure II-7), and analyzed. The calculated relative scan times, trel, are plotted in Figure 

II-9 versus bottle diameter, dbottle, and an exponential function was fit to the data in Eq. II-7. Using 

Eq. II-9 and the mean deff‘s from Figure II-7, trel and their SDs for 6 BPs were calculated and are 

also plotted in Figure II-9. 

 
Eq. II-9 

 

Table II-5 lists the calculated trel shown in Figure II-9, the current constant-time protocol, 

and examples of variable-time protocols that reduce or redistribute scan duration. For most 

patients, the most inferior BP could be 75% less time than the most superior and yield uniform 

image noise. This reduction for the last BP means that the biggest gains in time come from the 

tallest patients because the additional BPs beyond 6 have a constant duration. Using the 

constant-time protocol for a 7-BP scan at 1.5 min/BP requires 10.5 min to acquire the legs. If the 

scan times were variable with 1.5 min for the first BP, then total scan time would be ~5.0 min; 

 

Figure II-9: Exponential fit to bottle phantoms and patients‘ deff 

Relative scan times are calculated for measured patient deff‘s (squares) using the exponential fit 
of the bottle measurements (circles), where the fit is given in Eq. II-9. 
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having matched pelvis noise with the current protocol, the total acquisition time is less than half 

the constant protocol. Alternatively, redistributing scan time by increasing the pelvic BP from 1.5 

to 3.0 min, which results in a √2-factor reduction in noise at the sinogram level relative to the 

current constant-time protocol, yields a variable-time, constant noise scan that is ~0.75 min 

shorter than the current protocol. 

II.C.4. Discussion 

Using phantom and patient data, the purpose of this study was to develop a single 

variable-time PET leg protocol that would be effective for all patients, reduce or redistribute scan 

time as the legs taper, and equalize noise throughout the leg. 

A relative scan time trel was calculated for each BP, for each patient, as the time required 

to equalize the noise in that BP to the superior BP. The SDs of these trel were nearly constant for 

all BPs, except for the most inferior BP. The SD is higher in the most inferior BP because all the  

d
_

eff‘s from BPs 6, 7, and 8 were used to calculate a single trel. Therefore, the variable-time 

protocol should be suitable for all patients regardless of weight or leg length. 

Only the feasibility of implementing a single variable-time protocol to equalize noise is 

addressed here. To implement this protocol, users must consider the system‘s constraints and if 

equalizing noise across all BPs is the correct optimization (instead of, for example, optimizing 

image quality in a known lesion location). Users would also need to determine if equalizing noise 

with the superior BP is the correct optimization, or whether other considerations for image quality 

and patient size should be made. No guidance is given to determine where leg acquisition 

anatomically begins and ends. The system used for this protocol development has constraints on 

Table II-5: Variable-time PET leg clinical protocols 

BP trel Constant 
Variable 
reduce 

Variable 
implemented 

Variable 
redistribute 

1 (Pelvis) 1.00 90 90 90 180 

2 0.65 90 60 75 120 

3 0.45 90 40 60 80 

4 0.36 90 32 45 64 

5 0.30 90 27 45 54 

6,7 (Feet) 0.25 90 23 40 45 

Total time: 7 BPs (min) 10:30 4:55 6:35 9:48 
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table travel, so a head-to-toe acquisition cannot be performed on most patients without 

repositioning. This allows the legs to be acquired with a different protocol than the head and 

trunk. 

In consultation with nuclear medicine physicians using list-mode-generated simulations of 

several variable-time protocols, the first implementation of a variable-time protocol to reduce 

acquisition time was a compromise between the current constant-time protocol and reducing the 

total scan time, listed as ―Variable – implemented‖ in Table II-5. A comparison of the constant 

time and variable-time protocols for two different patients of similar height and weight is shown in 

Figure II-10. While the initially proposed variable protocol would equalize noise, it was determined 

that a substantial gain in ankle image quality could be obtained without a substantial overall 

increase in total scan time.  

This study was also done on a PET/CT that is capable of 2D and 3D PET, but many PET 

systems are 3D only. Many of the size-dependent degrading factors relevant to this study are 

expected to be similar for 2D and 3D PET. Since this study was done, a GE Discovery 690 

PET/CT system  (Kemp et al., 2009), which has no septa, was installed at the Duke PET facility. 

Though a phantom study was not repeated in 3D, the identical variable time protocol reported 

here has been implemented for 3D and yields acceptable image quality. 
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In conclusion, reducing or redistributing scan time from the lower-legs and feet to the 

pelvis and upper-legs can equalize noise throughout the image set with total scan times from 

 

 
(a) 

 

 
(b) 

 
Figure II-10: PET leg study images with constant and variable time protocols 

Coronal and sagittal PET images, as well as sagittal images focused on a foot, are shown from 
(a) the previous protocol, which used a constant time per BP, and (b) the implemented variable-
time protocol. Patient (a) was 95 kg and 178 cm, and Patient (b) was 86 kg and 168 cm. In (a), it 
is visually apparent that image noise decreases moving inferiorly, but for (b), the image noise is 

relatively uniform throughout the length of the leg. 
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equal to less than half the current acquisition protocol. A single, variable-time protocol is feasible 

for all patients, but users must determine if equalizing noise is the correct optimization.
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III. Multisphere phantom development and algorithm  

III.A. Purpose 

Measurements for basic system performance and image quality are included in the 

current industry standards for measuring a PET system‘s performance: NEMA NU 2-2007 (2007). 

Only one section of the standard evaluates image quality by measuring lesion contrast and 

background variability in a phantom. The image quality phantom uses the NEMA IEC body 

phantom with 10 mm as the smallest sphere diameter. For the analysis of image quality, the NU 

2-2007 standard uses hot spherical lesions in a warm background to measure %CRC and BV, 

and the ratio of those measurements can be used to calculate SNR (Rose, 1973). Applications of 

SNR in medical imaging have been discussed (Brownell et al., 1979; Cunningham and Shaw, 

1999), and SNR has been previously used as a figure of merit in research studies (Kinahan and 

Karp, 1994; Brasse et al., 2005). Additionally, SNR as an image quality metric has been shown to 

be well correlated with human observers‘ ability to detect small lesions (Loo et al., 1984). In such 

use, it is appropriate to use lesion sizes that challenge the system‘s spatial resolution. 

Using only one 10-mm sphere has several drawbacks. A single measurement of an insert 

this size may incorrectly or inconsistently characterize image quality due to fluctuations in the 

measured uptake in such small inserts. Voxel dimensions are relatively coarse compared to the 

sphere size, and the few voxels that the ROI encompasses can have large variability relative to 

the mean voxel value, exacerbated by the details of the positioning of a sphere relative to the 

resulting image matrix. Additionally, by using only one sphere, NEMA NU 2-2007 only assesses 

the spatial resolution of that sphere‘s location in the FOV. This is inadequate because spatial 

resolution is variant across an FOV due to effects such as non-uniform sampling, depth of 

interaction, and imperfect corrections (Karuta and Lecomte, 1992). 

Another liability in the measurement is the common practice of manual placement of 

ROIs that may not be reproducible between repeated inter- or intra-operator measurements. 

Additionally, if the ROIs are drawn directly on the PET, as would normally be done by a user, 

ignoring the positional information from the CT, such that the maximum signal and minimum 
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background intensities are analyzed, then the SNR value is biased higher. Using the position 

information from the CT to constrain where the ROIs are drawn on the PET should provide a less 

variable analysis than a user-defined ROI analysis. Methods for objective, automated, and 

reproducible ROI placement have previously been studied (Boellaard et al., 2004; Krak et al., 

2005) and are preferred over manual placement. 

Beyond possible biases caused by having a user make measurements, the background 

ROI measurements are not made near the signal measurement and, thus, may unfairly 

characterize detectability in an image. Due to inadequacies in the applied corrections for 

attenuation, scatter, and random events, PET images of uniform objects will be non-uniform. This 

non-uniformity will lead to low-frequency variations that are not related to count statistics and that 

may not be relevant to lesion detection. Pajevic et al. (1998) and Stearns (2004) have both 

described how a non-uniform distribution of scattered and random events throughout a volume 

can cause global metrics to incorrectly characterize local noise characteristics. Attenuation 

correction can also cause these low-frequency non-uniformities. If the application of the 

attenuation correction map imperfectly corrects attenuation effects, then a low-frequency non-

uniformity may still exist in the attenuation corrected PET images. 

To address the possible biases introduced by having one signal sphere with a diameter 

near the scanner‘s optimal spatial resolution, ROI measurements made manually by a user, and 

background ROI measurements made in multiple regions of the image, a multisphere phantom 

and analysis algorithm were developed and implemented as a method for measuring small lesion 

detectability in PET is described here, which was previously reported by Wilson and Turkington 

(2008). A phantom with numerous spherical inserts has several benefits: flexibility in sphere 

placement so that multiple regions of the axial and transaxial FOV can be evaluated, the number 

of radioactivity concentrations that can be used during a single study is increased, and the 

statistical power of the measurements improves by reducing the influence of fluctuations over a 

few voxels in a single ROI. Additionally, software that automates the process of localizing 

spheres, placing background ROIs near spheres, and calculating contrast, variability, and SNR, 
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will increase reliability and reproducibility of image quality assessment, in addition to simplifying 

the analysis. 

III.B. Phantom development 

The set of phantom inserts includes a mounting plate, positioning rods, and hollow 

spheres. Originally, 50 spheres were individually crafted from two polystyrene test tubes with a 

12-mm outer diameter and a 10-mm inner diameter. The hemispherical ends were cut off, drilled, 

tapped, and cemented together to form a hollow, mountable sphere. After the utility of a large set 

of 10-mm spheres was established, a set of 10- and 8-mm spheres were designed and custom 

fabricated using polycarbonate. 

Spheres are mounted on threaded rods made of Nylon 6,6, and an air-seal is formed with 

an O-ring tightened by a Nylon 6,6 nut (Figure III-1 (a)). The acrylic mounting plate was drilled 

with a grid of holes separated, center-to-center, by 30 mm. Threaded rods can be mounted on the 

plate so that the spheres are positioned in many orientations: all spheres centered in the same 

transaxial slice (Figure III-1 (b)); spheres randomly positioned in the transaxial direction; or 

spheres positioned along a gradient in the transaxial direction. 
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Having a collection of spheres and positioning options gives the versatility of multiple set-

up orientations and the ability to have multiple radioactivity concentrations. First, the spheres may 

all be aligned in a single plane, useful for studies in which it is desirable to see all spheres in one 

slice. A second option would be to place spheres on a gradient. This would allow the range of 

axial sampling cases to be considered, from having a sphere centered on a slice, to having a 

sphere centered between slices. The third set-up using a random axial distribution may be useful 

for performing observer studies, or to assure that some unintended bias is not introduced in a 

patterned placement. Adding to any of these set-ups the option to use multiple radioactivity 

concentrations allows for a wide range of measurements. Also, the positioning rods could be 

used with other inserts if it is desirable to measure larger volumes that would have greater 

contrast recovery. 

 
(a) 

 
(b) 

 

 
(c) 

Figure III-1: Multisphere phantom components and whole-body phantom 

Photographs are shown of the (a) sphere and positioning rod, (b) spheres and rods affixed to the 
mounting plate, and (c) the insert assembly positioned in the WB phantom (Turkington et al., 

1999). 
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The mounting plate was made so as to fit in a whole body (WB) phantom that has an 

stadium cross-section with a 36 × 21-cm major-minor axis and 40-cm length (Figure III-1 (c)), 

which is based on measurements from patient PET exams (Turkington et al., 1999). 

Aside from the advantages, there are several drawbacks to using multiple, small spheres. 

First, due to the large number of inserts that can used, which must be manually filled, the 

radiation exposure must be considered. Two researchers, who have experience working with 

phantoms and are working in tandem, can fill and mount the hot spheres in 15 minutes, and fill 

the WB phantom with the lower-concentration radioactive solution in 5 minutes. Some practice is 

required to fill the spheres without trapping air and forming bubbles. Lastly, the sphere‘s shell wall 

can cause a cold region between the signal and background. This effect is more of a problem for 

smaller spheres because the shell‘s volume is a higher percentage of the sphere‘s inner volume 

(Turkington et al., 2002; Hofheinz et al., 2010). 

III.C. Algorithm 

III.C.1. Image segmentation 

For image analysis, the reconstructed CT and PET image sets are transferred to an 

offline workstation for evaluation using the software outlined in Figure III-2. A sample CT image 

that was segmented and had ROIs placed is shown in Figure III-3. 
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First, a 3D bitmap representation of the sphere was produced, using the same voxel 

dimensions as the original image. This bitmap matrix, p, has values of 0 or 1, and the number of 

voxels set to 1 is P, which corresponds to the sphere‘s volume. Then, p is translated throughout 

the CT image, and the N spherical inserts are localized by calculating normalized cross-

 

Figure III-2: Flowchart of multisphere analysis software 

The sequential steps of the analysis software are listed in the flowchart. If necessary, the PET 
and CT images are scaled to the same matrix dimensions. A spherical pattern, which has the 

same dimensions as the phantom inserts, is applied throughout the CT image to calculate cross-
correlation coefficients to localize the spherical inserts (Eq. III-1). Using only the peak cross-

correlation coefficients, a unique ROI is drawn for each sphere, and the unique ROIs are used to 
place each sphere‘s respective background ROIs. The ROIs are applied to the PET image, and 

the image quality metrics are calculated. 
 

 
 

Figure III-3: Segmentation and ROI placement of small lesions with the multisphere algorithm 

On (1.) the CT image, the WB phantom‘s border, water, and spheres with a CT contrast agent 
can be seen. From the CT, the algorithm will generate (2.) a map of the ROIs where: grey voxels 
correspond to bROIs; white voxels correspond to sROIs; dark grey voxels correspond to the WB 

phantom‘s volume where bROIs can be placed; and black voxels correspond to the volume 
where bROIs cannot be placed: a user-defined radius around the sROIs and outside the 

phantom‘s volume. In this case, (3.) six bROIs (―Back ROIs) are randomly placed for each sROI. 
Most are not centered in the same slice as their corresponding sROI. The ROIs are then applied 

to (4.) the PET image. 
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correlation coefficients, θi, as in Eq. III-1 where · and | | are the vector dot product and norm 

operations, respectively. θi are calculated between p and the i region of the CT image, ci. 

 
 

Eq. III-1 
 

If the spherical-pattern has a strong negative correlation with the CT, then θi will approach -1.0, 

and if it has a strong positive correlation, then θi will approach 1.0. Because the spheres were 

filled with a contrast agent and immersed in water, calculating θi values between p and ci 

effectively locates the spheres. 

III.C.2. Signal ROI 

Spheres are selected by finding the peaks of the θi; the peak θi values are sorted, and the 

top N peak values are assumed to be the center of the inserts in the CT. Spherical ROIs, 

centered on the peak voxel, are traced in the well-correlated regions. Then, the voxel values 

(Hounsfield unit) for voxels that are encompassed by the sphere ROI are sorted, and only the 

highest P voxels are used for the signal ROI (sROI). Because each sROI is made by including 

only its top P voxels, then each sROI can have a unique pattern of voxels that comprise its 

volume. 

III.C.3. Background ROI placement 

After the sROIs are drawn, each of the sROI voxel patterns is used to draw its respective 

background ROIs (bROIs). The user has multiple options for how the bROIs are placed. After the 

user determines the minimum and maximum distance the bROI must be from the sROI, 

placement can be performed such that either the bROIs are centered in (1) the same transaxial 

slice as the sROI or (2) the same transaxial slice as the sROI and proximate transaxial slices. 

Another option is that bROIs are either placed (1) in a fixed orientation around all sROIs or (2) in 

a random orientation, based on a seeded random number generator, around the sROI so that 

each successive execution of the software has a unique bROI placement (unless the same seed 

was used). Placement is constrained so that no two ROIs overlap and no ROI extends into or 

beyond the phantom‘s edges. 
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An example of sROI and bROI placement is shown in Figure III-3 where light grey voxels 

depict bROIs. In Figure III-3, 6 bROIs are randomly placed in a 3D-orientation around each sROI. 

Most are not centered in the same slice as their corresponding sROI, but because volume ROIs 

(spanning more than one slice) are used, bROI patterns that are centered in other slices can be 

seen. 

Next, to correct for any misalignment between the PET and CT, the ensemble of sROIs is 

translated in the PET image until the sum of the counts from the sROIs is the greatest; if there is 

more than one PET, then the PET frames are summed together and the set of sROIs is 

translated in the summed image. The sub-voxel translations are done in the x-, y-, and z-axes; no 

image matrix rotation or warping is done. This technique accounts for possible misalignment 

between PET and CT, but assumes that the image scales are correct.  

III.C.4. Image quality analysis 

Once the sROIs and bROIs have been traced and aligned with the PET, then sphere 

contrast (Eq. III-2) and background variability (Eq. III-3) can be calculated, which closely 

resembles the NEMA NU 2-2007 image quality calculation. 

 
Eq. III-2 

 

Eq. III-3 

 

In Eq. III-2, i indexes the sROIs, and j indexes the bROIs. The means for each sROI, μ
s
i, and 

bROI, μ
b
i,j, are calculated, where μ

b
i,j is the mean value for the j bROI associated with the i sROI; 

μ
b
i is the mean bROI value of the μ

b
i,j for the i sROI. In Eq. III-3, the sample SD of the bROI 

means, σi, is calculated for the i sROI, and Ki is the number of bROIs associated with the i sROI. 

In phantom and simulation studies where the true signal and background concentrations, 

aH and aB respectively, are known, then a percent contrast recovery coefficient, %CRCi (Eq. III-4), 

can be calculated. %CRCi can be used to measure how well the signal-to-background contrast is 

recovered compared to the true contrast for the i sphere, and it
 
can be compared with the percent 
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background variability, %BVi (Eq. III-5), to evaluate how trade-offs are made for varied 

reconstruction parameters. 

 

Eq. III-4 

 

Eq. III-5 

  

For example, increasing the number of iterations in iterative reconstructions will increase contrast, 

but at a high number of iterations, the image noise will increase much more than the contrast. 

The ratio of %CRC to %BV can be used to calculate a single metric: signal-to-noise ratio 

(SNR). The total image SNR, SNR, is defined as the mean across the sphere SNRs: 

 
 

Eq. III-6 
 

 If multiple signal-to-background radioactivity concentrations exist, then a %CRC, %BV, and SNR 

can be calculated for each concentration. 

III.D. Algorithm application to penalized likelihood image 
reconstruction 

III.D.1. Introduction 

One use of the multisphere software algorithm (Figure III-2) is to compare the same raw 

data that have been reconstructed using different algorithms or similar data that were acquired 

under different circumstances (e.g., ambient temperature, out-of-field activity). 

Ideally, neighboring image voxels of the same tissue that have uniform uptake should 

have approximately equal intensity. However, this is often not true for several reasons. In the 

photon counting process, there is noise in the counts caused by Poisson statistics. In statistical 

image reconstructions such as MLEM (Shepp and Vardi, 1982; Lange and Carson, 1984), the ill-

posed nature of the reconstruction problem causes image noise (i.e., subtle changes to the count 

data changes the reconstruction solution and causes large deviations in the estimates). One 

solution for minimizing this noise is to incorporate a smoothing penalty in the reconstruction; this 
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can be equivalent to using an image prior in a Bayesian framework (Geman and Geman, 1984). 

Penalized Likelihood (PL) image reconstruction with an objective function penalizes image voxels 

so that the image is smoother (Mumcuoglu et al., 1996). However, when there are physiologically 

different radiotracer uptakes, then neighboring voxels should not be penalized, and an edge 

should be allowed to form. 

Several penalty functions have been defined to simultaneously create a locally smooth 

image and preserve edges, which can be categorized and sub-categorized (e.g., spatially 

independent vs. interactive, convex vs. non-convex, Gaussian vs. non-Gaussian). There is an 

extensive body of research that has explored the purpose, distinction, and product of different 

functions, which is beyond the scope and purpose of this evaluation. In this study, four spatially 

interactive, convex potential functions are evaluated. The advantage of convex potential functions 

is that a global maximum of the objective function can be found using standard optimization 

methods. 

Most iterative reconstruction algorithms, including PL, are non-linear, so the statistical 

properties of the reconstructions and the tuning parameters cannot be directly calculated from the 

data. Thus, tuning the PL regularization parameters must be done with simulated or acquired 

data, but has almost exclusively been done with simulated data (Qi and Leahy, 2000; Nuyts and 

Fessler, 2003; Nuyts et al., 2004; Nuyts and Michel, 2005; Qi and Huesman, 2006b; Asma and 

Manjeshwar, 2007; Nuyts et al., 2009). 

Additionally, most iterative reconstruction algorithms, including OSEM and PL, are not 

true ML estimators and are not guaranteed to converge. However, using either relaxed or 

incremental OS methods, OSEM and PL algorithms can be made to converge. The regularization 

method evaluated here is a class of the OS algorithms that uses optimization stepsize relaxation: 

block sequential regularized expectation maximization (BSREM) (De Pierro and Yamagishi, 

2001), which is an extension of the row-action maximum likelihood algorithm (Browne and 

DePierro, 1996). The original BSREM algorithm required assumptions that were not ensured 

during the image update, but the problem associated with these assumptions was solved with a 

modified BSREM by Ahn and Fessler (2003); again, the subtleties are not important here. The 
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rate of convergence for modified BSREM depends α ,which is the iteration update strength, and 

γ, which is the relaxation of α as some function of IT.  

Using multiple small, hot spheres in a warm background, image quality was measured 

using acquired data and the multisphere algorithm to narrow the tuning parameter options of four 

potential functions applied with modified BSREM. Narrowing these parameters will be useful for 

determining clinical reconstruction protocols. This research was previously published in a 

Conference Record ©2010 IEEE and is reprinted here, with permission, from the IEEE Nuclear 

Science Symposium Conference Record, A phantom study of regularized PET image 

reconstruction, Wilson et al. 

III.D.2. Methods and materials 

Fourteen 1.0-cm spheres were filled with a 6:1 
18

F radioactivity concentration, relative to 

the warm background, and iodinated contrast. They were positioned in a WB phantom (Figure 

III-1 (c)), and the total radioactivity at scan time was 139 MBq (3.75 mCi). The phantom was 

scanned on a GE Discovery STE PET/CT (Turkington et al., 2005). A CT scan was done for 

attenuation correction and sphere localization, and 3D PET data were acquired for 180 sec. 

For all images, the 50-cm FOV was reconstructed to a 128 × 128 matrix with all 

corrections included in the system model (e.g., attenuation, normalization, decay, scatter, 

randoms). First, two image sets were reconstructed using OSEM and MLEM. One used Duke‘s 

current clinical whole-body PET reconstruction protocol of OSEM consisting of 2 IT with 20 SS, a 

z-axis smoothing ratio of 4.0, and a 4.29-mm Gaussian post-filter. Although these values were 

chosen for clinical use with small lesion image quality as a consideration, they are not necessarily 

optimized for 1.0-cm lesion image quality. Second, an image was reconstructed with MLEM 

essentially run to convergence (i.e., 1000 IT), and 50 images were generated by applying 

Gaussian post-smoothing from 0 to 20 mm in increments of 0.39 mm, which is one-tenth of the 

voxel dimension. The MLEM reconstruction with 0.0-mm smoothing was used as the benchmark 

for maximum %CRC. 

For the modified BSREM reconstructions, the values for IT, SS, α0, and γ were chosen 

after some testing to ensure convergence of the objective function, Φ, was essentially reached. 
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Selecting values for the stepsize and relaxation parameters α0 and γ (Eq. III-7) that maximizes 

the convergence rate is currently an open problem, but their values do not change the ML 

solution, only how quickly it is reached. 

 Eq. III-7 

 

α0 and γ were chosen so that reconstruction had approached convergence at 20 IT with 20 SS. 

The PL reconstructions were initialized with 2 IT of OSEM, and then used 25 IT with 20 SS, an 

update strength α0 = 3.0, and a relaxation γ = 0.20 (Figure III-4). No post-smoothing was applied 

because PL reconstruction inherently smooths the image.  

The modified BSREM regularization algorithm is used to optimize Φ (Eq. III-8): 

 
 

Eq. III-8 
 

 where L(y|f) is the log-likelihood of observing data y for an image f; β is the strength of the 

potential function (also known as the hyperparameter) and is shift invariant; and U is the Gibbs 

distribution energy function (Eq. III-9) that is dependent on a potential function, υ: 

 

Figure III-4: BSREM stepsize relaxation as a function of iterations 

The convergence rate for BSREM depends on the iteration update strength, α, and the relaxation 
of α as a function of iteration, γ. Eq. III-7 is plotted here for different chosen γ values and is the 

relaxation equation used in this analysis. Selecting values for the stepsize and relaxation 
parameters α0 and γ that maximizes the convergence rate is currently an open problem, but their 

values do not change the ML solution, only how quickly it is reached. 
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Eq. III-9 

 Nj is the 3D-voxel neighborhood (26 adjacent voxels) of the j voxel, and the potential function is 

weighted by the Euclidean distance between the j and k voxels. Four convex potential functions 

were evaluated and compared: quadratic (Eq. III-10) (Geman and Geman, 1984), generalized 

Gaussian (Eq. III-11) (Bouman and Sauer, 1993), logCosh (Eq. III-12) (Green, 1990), and Huber 

(Eq. III-13) (Huber, 1981). 

 Eq. III-10 

 Eq. III-11 

 Eq. III-12 

 
 

Eq. III-13 
 

Generalized Gaussian and Huber have an additional parameter, δ, that controls how the potential 

function penalizes small and large intensity differences. 

In Figure III-5, the potential functions are plotted for how each penalizes intensity 

differences between neighboring voxels, |f|. In the legend, the different potential functions are 

rank ordered based on degree of penalty. Figure III-5 (a) shows how small differences are 

penalized; generalized Gaussian penalizes the most, which enforces smoother regions, and 

Huber can be tuned to penalize for small differences. Figure III-5 (b) shows how larger 

differences are penalized, and the potential functions are re-ordered based on degree of penalty; 

the quadratic potential function is the most penalizing. The decreased penalty of other potential 

functions means better tolerance for edges. β, and δ for generalized Gaussian and Huber, were 

varied for each potential function such that there was a total of 269 unique BSREM 

reconstructions (Table III-1). The wide range of values listed in Table III-1 were chosen based on 

some knowledge of studies reported in the literature (Green, 1990; Bouman and Sauer, 1993; 

Mumcuoglu et al., 1996; Asma and Manjeshwar, 2007). 
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Sphere localization on CT images was automated with custom software based on the 

iodinated contrast, and a 3D ROI was placed on each sphere, similar to Figure III-3. For each of 

the 14 1.0-cm spheres, 16 bROIs were placed in the 3D region around the sphere: a distance 

(a) 

 

(b) 

 
 

Figure III-5: Penalty of voxel intensity differences for BSREM convex potential functions 

For the four convex potential functions applied with modified BSREM (Eqs. III-10, III-11, III-12, 
and III-13), (a) shows how small voxel intensity differences are penalized, and (b) shows how 

larger differences are penalized. In the legend, the different potential functions are rank-ordered 
based on the degree of penalty. In (a), generalized Gaussian (GG; values are δs) penalizes the 

most, which enforces smoother regions, but Huber (H; values are δs) can be tuned to penalize for 
small differences. In (b), the potential functions are re-ordered based on degree of penalty; the 
quadratic (Q) potential function penalizes the most. The relatively smaller penalty of the other 

potential functions means a relatively better tolerance for edge formation. 
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between 1.2–3.4 cm, and no bROIs overlapped. Image quality was measured as the %CRC (Eq. 

III-4), %BV (Eq. III-5), and SNR (Eq. III-6) across the set of 14 spheres. 

III.D.3. Results and discussion 

An array of image slices is shown in Figure III-6. A slice was chosen that has three 

spheres, which have different axial and transaxial positions. The selection of PET images 

includes the clinical OSEM reconstruction with 2 IT, MLEM with 1000 IT and no smoothing, and 

the 4 BSREM potential functions with their respective tuning parameters. These particular 

BSREM slices were chosen because they exemplify each potential function‘s features as well as 

how tuning parameters influence image quality. 

 
 

Table III-1: Multisphere BSREM image reconstruction parameters 

υ(f) No. of Images δ β 

gen Gauss 3 
1.05, 1.1, 1.15, 1.2, 1.25,1.3, 

1.35 
0.1, 0.2, 0.3, 0.5, 0.75, 1, 1.25, 

1.5, 2 

Huber 180 
0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 1, 1.1, 

1.2, 1.3, 1.4, 1.5, 3, 4, 5 
0.1, 0.2, 0.3, 0.5, 0.75, 1, 1.25, 

1.5, 2, 4, 6, 8 

logCosh 13 
N/A 

0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 1, 
1.25, 1.5, 2, 4, 6, 8 quadratic 13 
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CT 

 
OSEM, 2 IT 

 
MLEM, 1000 IT 

 
gen Gauss, δ = 1.05, β = 0.3 

 
gen Gauss, δ = 1.2, β = 0.5 

 
gen Gauss, δ = 1.35, β = 0.1 

 
Huber, δ = 0.1, β = 0.1 

 
Huber, δ = 0.5, β = 1.5 

 
Huber, δ = 1.0, β = 0.2 

 
quadratic, β = 0.1 

 
quadratic, β = 1.5 

 
quadratic, β = 8.0 

 
logCosh, β = 0.1 

 
logCosh, β = 1.5 

 
logCosh, β = 8.0 

 
Figure III-6: PET images reconstructed using different BSREM potential functions and parameter 

values 

Fourteen 1.0-cm spheres with a 6:1 radioactivity concentration of 
18

F relative to the warm 
background, which included iodinated contrast, were positioned throughout the WB phantom 

(Figure III-1 (c)). Only three spheres are present in the slice shown. PET images were 
reconstructed with the default OSEM with 2 IT and MLEM with 1000 IT. Image slices are also 

shown for the four BSREM potential functions and their respective tuning parameters. 
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Two key reasons make using multiple small spheres to measure image quality of PL 

reconstructions a good method. Qi and Huesman (2006a) found that it is feasible to choose 

penalty parameters optimized for small lesion image quality (5 mm in their study) because the 

detection of larger lesions is relatively easy. Second, most PL‘s βs are spatially shift-invariant, so 

the resolution is both position- and image-dependent (Fessler and Rogers, 1996). Using multiple 

spheres and the multisphere algorithm assesses the local image quality, which mitigates these 

dependencies. 

SNR and %CRC are plotted for the logCosh and quadratic potential functions as a 

function of β in Figure III-7. Plotted in blue against the right axis are the %CRCs for the logCosh 

(triangles) and quadratic (squares), and plotted in red on against the left axis are SNRs. For 

comparison, the %CRC and SNR are shown for (a) MLEM with smoothing applied and the (b) 

clinical OSEM reconstruction. In Figure III-7 (a), increased Gaussian post-filtering applied to 

MLEM is plotted along the top axis. As would be expected, as β and post-smoothing increases, 

the contrast decreases. Compared to MLEM, %CRC of logCosh and quadratic is relatively 

similar. However for low β in Figure III-7 (b), these potential functions have considerably higher 

%CRC than OSEM, but this is expected; the smoothing strength is minimal, so this is similar to 

comparing contrast of 2 IT to 25 IT. 
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For SNR, there is minimal variation for logCosh and quadratic. The highest small lesion 

SNRs are always less than for OSEM, but the SNR is always slightly greater than or equal to 

MLEM with post-filtering. For small lesions, quadratic excessively smooths, which decreases 

%CRC and SNR. LogCosh has better %CRC, but because %BV also increased, there is no SNR 

improvement. 

Plotted in Figure III-8 are combinations of β and δ for (a) Huber and (b) generalized 

Gaussian that yield %CRC, %BV, and SNR from top to bottom. For the Huber potential with δ > 

(a) 

 
 

(b) 

 
 

Figure III-7: Multisphere image quality for the quadratic and logCosh BSREM potential functions 

%CRC (blue with right axis) and SNR (red with left axis) are plotted for quadratic (square) and 
logCosh (triangle) potential functions with β increasing to the right. For comparison, the %CRC 
and SNR are shown for (a) MLEM with 1000 IT post-smoothed with a 0–20 mm Gaussian post-

filter and (b) the clinical OSEM reconstruction with 2 IT. 
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1.0, SNR becomes relatively fixed independent of penalty strength, but as δ decreases, β is the 

dominant variable. With Huber, SNR becomes relatively fixed, regardless of β, when δ > 1.0, but 

for δ < 1.0, β is the dominant variable. For %BV, higher small lesion SNRs are coupled with 

higher %BV. Of note, there is a trend of increasing %CRC for increased δ, which was explored 

(results not shown). For a high enough δ, the Huber potential function did approach the %CRC of 

MLEM 1000 IT. However, the %BV increased, and the SNR decreased; the resulting SNR was 

only slightly better than MLEM‘s.  
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(a) 

 

 

 

 
(b) 

Figure III-8: Multisphere image quality for the Huber and generalized Gaussian BSREM 
potential functions 

From (a) top-to-bottom the %CRC, %BV, and SNR are plotted as a function of δ and β for the 
Huber potential. For δ > 1.0, the SNR becomes fixed. From (b) top-to-bottom the %CRC, %BV, 

and SNR are plotted as a function of δ and β for the generalized Gaussian potential. For 
generalized Gaussian, the best SNRs (b, bottom plot) correspond to decreased noise (b, middle 
plot); these SNRs are considerably higher than any other potential. Though the range of %CRC 

and BV% values for (a) and (b) are similar, the generalized Gaussian can produce SNRs that are 
considerably higher than the other 3 potential functions, OSEM, and MLEM (Figure III-7). 
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With generalized Gaussian, %CRC and %BV are almost solely dependent on β. For 

SNR, the optimum δ range is between 1.05 and 1.25 when coupled with a β between 0.3 and 

0.75. Though the range of %CRC and BV% values for (a) and (b) are similar, generalized 

Gaussian can produce SNRs that are considerably higher than the other three potential functions, 

OSEM, and MLEM. 

Figure III-9 shows the contrast-to-noise tradeoffs for two levels of matched contrast: 

~19% and ~16%, which was chosen because it corresponds to OSEM‘s %CRC. Tuning 

parameters were chosen for the four potential functions that yielded these %CRC, and %BV was 

plotted versus %CRC. Compared to MLEM, BSREM and OSEM yield less or equal variability for 

matched contrast, and for both levels of matched contrast, generalized Gaussian has 

considerably less variability. Similar characteristics are seen in Figure III-9 for generalized 

Gaussian and Huber as were seen in Figure III-8. For generalized Gaussian, %CRC is almost 

solely dependent on β, and for Huber, SNR becomes relatively fixed for higher δ (i.e., edge 

preservation increases and small features will be smoothed less). 
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III.D.4. Summary 

For varying tuning parameters of four potential functions with BSREM, small lesion image 

quality was measured using 1.0-cm spheres in a warm background. Neither the quadratic nor the 

logCosh potential functions performed well for small lesion SNR because of excessive edge 

smoothing or insufficient background smoothing, respectively. Comparatively, the Huber function 

could yield much better contrast recovery, but the background variability increased such that 

there was a modest SNR gain over the current, non-optimized OSEM reconstruction. Generalized 

Gaussian could simultaneously decrease background variability, increase small lesion contrast, 

and produced SNRs as much as two-times higher than the other potential functions. 

Regularization can improve quality compared to other statistical, iterative reconstruction 

options, but there are a few challenges that must be resolved before clinical implementation. For 

an image to approach convergence requires a relatively high number of iterations, which is not 

 

Figure III-9: Multisphere BV versus CRC for four BSREM potential functions 

%BV is plotted versus %CRC for the four potential functions at two levels of matched contrast: 
~16% (corresponding to OSEM‘s %CRC) and ~19%. Compared to MLEM, BSREM and OSEM 

yield less or equal %BV for matched contrast, and for both levels of matched contrast, 
generalized Gaussian has considerably less variability. Similar characteristics are seen in here for 
generalized Gaussian and Huber as were seen in Figure III-8. For generalized Gaussian, %CRC 
is almost solely dependent on β, and for Huber, SNR becomes relatively fixed for higher δ (i.e., 

edges preservation increases, and small features will be smoothed less). 
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feasible for clinic workflow that requires high throughput. Also, the image texture and noise is 

considerably different from other tomographic images that are currently interpreted (e.g., MLEM, 

OSEM, FBP), so physicians may need additional training for interpreting these images. 

Additionally, as has been explored in this section, there are numerous potential functions and 

parameters that will need additional optimization for clinical use.
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IV. Fillable, tapered phantom development 

IV.A. Purpose 

As previously discussed, PET performance and image quality are degraded as body size 

increases. The added attenuating material, which is one of the size-related factors, increases the 

number of photons that are scattered or absorbed within the body. 

Most measurements of PET system performance and image quality with physical 

phantoms have used a single size (the majority with a 20-cm diameter). Studies that have 

measured PET performance over multiple phantom sizes have either used several vessels of 

increasing size (Hoffman et al., 1981; Surti et al., 2003; Kinahan et al., 2005; Manjeshwar et al., 

2005; Wilson and Turkington, 2007; MacDonald et al., 2008; Surti and Karp, 2009) or have used 

a single phantom with additional layers (Surti et al., 2003; Carney et al., 2004; Turkington et al., 

2004; Bettinardi et al., 2007; Jonsson et al., 2007). Both methods are limited to a few discrete 

sizes, and the latter set-up is limited by its radioactivity distribution options and reproducibility. 

A phantom that represents a range of attenuating dimensions, that can have a varying 

radioactivity distribution, and that can have radioactive inserts positioned throughout its volume 

would be a useful instrument for measuring PET system performance and image quality as a 

function of body size. For example, spheres could be positioned throughout a fillable, tapered 

phantom (FT phantom) to measure image %CRC and %BV as a function of body size. Another 

option would be to mount inserts with different attenuation coefficients and radioactivity 

concentrations to evaluate attenuation and scatter correction methods. 

Additionally, an FT phantom would be valuable for evaluating the benefits of TOF-PET, 

which theoretically increase along with body size (Eq. I-5) (Snyder et al., 1981; Tomitani, 1981). 

TOF-PET systems are expected to have the greatest image quality improvement for the largest 

patients, so this phantom can be used to evaluate the image quality improvement for TOF-PET 

compared to conventional PET (non-TOF) for several sizes, which has previously been measured 

for only a few sizes in cylindrical objects (Surti and Karp, 2009).  
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A solid, tapered phantom (ST phantom) has previously designed and built for measuring 

a continuum of attenuating dimensions with transmission CT (Figure IV-1) (Lokitz et al., 2007). In 

this work, a PET analogue, the FT phantom, was simulated, designed, and produced to measure 

and parameterize PET performance as well as image quality as a function of body size over a 

range of sizes. This research was previously published in a Conference Record ©2008 IEEE and 

is reprinted here, with permission, from the IEEE Nuclear Science Symposium Conference 

Record, Development of a fillable, tapered PET/CT phantom, Wilson, Lokitz, and Turkington. 

IV.B. Design parameters 

IV.B.1. Basic specifications 

The FT phantom‘s cross-sectional shape and areas were chosen to model a full range of 

patient sizes and dimensions based on previous measurements of a patient population (Lokitz et 

al., 2007). Design constraints included shape, cross-sectional dimensions, material, wall 

thickness, and taper angle, θ (defined such that θ = 0° corresponds to a non-tapered phantom). 

Additionally, the maximum size was constrained by the dimensions of current PET/CT systems 

(Figure IV-2). The bore diameter and the bed‘s lowest vertical position, within the scanner‘s FOV, 

 

Figure IV-1: Photograph of the solid, tapered phantom 

Shown is the solid, tapered (ST) phantom that was previously built (49.0 × 38.8 cm at the largest 
end and 29.0-cm long) with an 

18
F line source in a rod at 8.0-cm off-center (Lokitz et al., 2007). 
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were measured for a GE Discovery STE, Philips Gemini (Smith, 2008), Siemens Biograph 

(Bendriem, 2008), Siemens Reveal (Laymon, 2008), and ECAT HR+ (Laymon, 2008). Based on 

these measurements, the phantom‘s large end was constrained such that the stadium‘s widest 

dimension had to be < 50.0 cm (Figure II-1 (c)). 

The fabrication material needed to be easily machined and to have water-equivalent 

attenuation properties, so cast acrylic was chosen. A 1.25-cm wall thickness was selected based 

on stress calculations and tensile strength properties of cemented cast acrylic. 

 

Figure IV-2: Bore dimensions for four clinical PET systems 

To constrain the phantom‘s large end, the bore diameter and the bed‘s lowest vertical position, 
within the scanner‘s FOV, were measured for a GE Discovery STE, Philips Gemini (Smith, 2008), 

Siemens Biograph (Bendriem, 2008), Siemens Reveal (Laymon, 2008), and ECAT HR+ 
(Laymon, 2008). 
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Also, 10.0-cm non-tapered extensions were added to both ends of the phantom so that 

radioactivity could be included beyond the tapered segment and outside the FOV, resulting in a 

phantom that challenges the imaging system in a realistic way at each of the dimensions it 

represents (Ollinger, 1996; Adam et al., 1999; Iatrou et al., 2009). The last specification to be 

determined was the taper angle, θ. 

IV.B.2. Specifying taper angle  

IV.B.2.a) Constraints 

After the extension lengths and cross-section dimensions are chosen, the taper angle θ 

dictates the phantom‘s length. There are benefits and detriments for both higher and lower taper 

angles. As θ increases, the phantom‘s length and weight decrease, which reduces the fabrication 

costs due to the amount of raw materials and machining time. Additionally, the phantom would be 

easier to fill and manage (i.e., too low of a taper angle would yield a phantom too heavy and long 

to be manageable). These factors encourage having a larger θ. 

However, as θ increases, each region of cross-sectional volume is less representative of 

a non-tapered phantom. A higher taper angle would increase the range of sizes in a single PET 

axial FOV and make it difficult to interpret results, especially if no septa are present (i.e., 3D 

PET). Additionally, scatter characteristics from radioactivity inside the phantom that is 

immediately adjacent to the axial FOV (in either a much larger or smaller section) could be very 

different from the out-of-field scatter for a non-tapered phantom. 

Based on these criteria, some specific constraints were placed on θ. First, the taper rate 

was held constant over the length of the phantom to simplify machining. Tapered end mills that 

can be purchased ―off the shelf‖ are available in 5° increments from 15° to 45°. Table IV-1 lists 

calculated weights and sizes for an array of taper angles. Because of the chosen extension 

length (10 cm for each end), cross-section dimensions (38.5 cm × 49.5 cm to 6.8 cm × 17.8 cm), 

wall thickness (1.25 cm), and fabrication material, the 10-cm constant size section at the large 

end weighs ~16 kg when full of water. An angle < 20° would yield a weight > 50 kg. At the other 
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extreme, a 45° taper would yield a taper section that is < 15 cm, which is less than many PET 

axial fields of view, and the weight would be ~29 kg. 

Thus, the choice of θ was restricted to either 20° or 25°. A minimum taper angle of 20° 

was chosen because of the size phantom it would yield. For each successive 5° change in taper 

angle, the reduction in size and weight diminishes, so the first simulation comparison was limited 

to 20° and 25°. If the difference (in a to-be-defined metric) turned out to be large, indicating that a 

further reduction in taper could be beneficial, then the 20° minimum would have been 

reconsidered. However, if the difference was modest, then 25° would be used for several 

reasons. The FT phantom‘s taper region would be ~31 cm, which is approximately two bed 

positions. Additionally, the FT phantom‘s dimensions would match the ST phantom‘s dimensions. 

Lastly, increasing the angle to 30° would only reduce the total weight and length by ~4.5 kg and 6 

cm; it is plausible that 30° could work just as well as 25°, but the goal was not to find the highest 

taper angle. The primary goal was to develop a single phantom that can measure and 

parameterize PET performance and image quality as a function of phantom size over a range of 

sizes, and choosing a taper angle small enough that the phantom would also resemble a non-

tapering phantom of a particular size was a secondary goal. 

IV.B.2.b) Introduction to taper angle simulations 

Simulations were performed to determine an appropriate rate of taper angle that would 

balance the benefits and detriments of higher and lower taper angles. First, the implementation of 

the PET system model used for the Monte Carlo simulations needed to be validated (Buvat et al., 

Table IV-1: Calculated phantom size and weight of different taper angles 

Taper angle, θ 
Total filled 
weight (kg) 

Taper filled 
weight (kg) 

Total length (cm) 
Taper length 

(cm) 

20° 48.4 30.8 60.1 40.1 
25° 42.6 24.0 51.3 31.3 
30° 37.0 19.4 45.3 25.3 
35° 33.6 16.0 40.9 20.9 
40° 30.9 13.4 37.4 17.4 

45° 28.8 11.2 34.6 14.6 

End extensions Total filled weight (kg) Total length (cm) 

Large 15.9 10.0 
Small 1.7 10.0 
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2005). This was done by simulating the NEMA scatter fraction (SF) phantom and comparing the 

results with reported values (Turkington et al., 2005; MacDonald et al., 2008). 

Next, part of the method used for comparing a tapered phantom with a non-tapered 

phantom was assessed. Data for the ST phantom and the WB phantom (Figure III-1 (c)) were 

simulated and acquired. The ST phantom data were acquired and simulated to assess how well 

the effects of acquired data for a tapered phantom were reproduced with simulations. The WB 

phantom data were acquired and simulated to assess how well the measured SF matched the SF 

from a region within the ST phantom that was the same size. 

To determine how well an FT phantom represents a non-tapered phantom, FT phantom 

geometries were simulated and axially translated through the PET FOV. For comparison, non-

tapered phantoms with similar dimensions to the FT phantom were also simulated. These were 

used to compare how well measurements in a region of the FT phantom would match 

measurements made with a non-tapered phantom, but these measurements were only part of the 

choice of taper angle. The simulations provided guidance, so equivalence to a non-tapered 

phantom alone was not essential. 

IV.B.2.c) Monte Carlo software and validation 

SimSET 2.6.2.6, a photon tracking Monte Carlo package (Harrison et al., 1993b), was 

used to simulate β
+
 decays and track photon interactions in a variety of phantoms and 

subsequent detection in the modeled PET system. In this work, simulations were done to 

compare the relative differences of geometric phantoms for a fixed, cylindrical PET ring. Because 

the simulation results were used for simply predicting qualitative trends, SimSET was chosen; the 

package is highly efficient at generating photons from a voxelized emission distribution and 

tracking them through a voxelized attenuation map, but the granularity and extensibility of the 

detector model are limited. 

The detector (and collimator for 2D) parameters were based on the GE Discovery STE 

PET/CT (Turkington et al., 2005) and are listed in Table IV-2. For each simulation performed, 
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similar simulation parameters were used: no importance sampling or forced detection was used 

(i.e., methods that increase the efficiency of simulations) (Haynor et al., 1991; Harrison et al., 

1993a), β
+
 range was modeled for the radionuclide 

18
F (Harrison et al., 1999), co-linearity was 

adjusted (Harrison et al., 1999), coherent scatter in the object was modeled (Kaplan et al., 1998), 

and coherent scatter in the detector was modeled. The sinogram binning of the simulated counts 

was matched to the system's sinogram format: ρ = 280 projection-angle bins, r = 329 radial bins 

across the FOV, and 47 transaxial slices were binned, with single-slice rebinning (SSRB) applied 

to 3D data (Daube-Witherspoon and Muehllehner, 1987). Unlike the scanner‘s 2D sinograms and 

3D planograms, the radial bin dimensions were constant (i.e., bin dimensions did not account for 

scanner geometry). For 2D binning, coincidence acceptance was limited to a 5-ring separation. 

This version of SimSET does not include the option to simulate random events or 

detector blocks. During the simulation, if one photon was absorbed or scattered such that it would 

be undetectable, then for efficiency, the software ceased tracking the second photon. Also, 

detectors were modeled as annuli and not as individual blocks. This prevented measuring 

randoms and deadtime, so SF but not NECR was measured. 

IV.B.2.d) Measuring scatter fraction 

To verify the system model, the NEMA SF measurement (2001) was simulated with 10
9
 

β
+
 decays, and the results were compared to the system‘s reported measurements. 

Table IV-2: SimSET simulation parameters for a GE Discovery STE PET scanner model 

Collimator (2D) 
   Septa Thickness (cm) 
   Septa Material 
   Ring Separation Acceptance 
 
Detector 
   Energy Resolution %FWHM 
   Crystal Type 
   Ring Diameter (cm) 
   Axial FOV Length (cm) 
   Number of Rings 
   2D LET (keV) 
   3D LET (keV) 

 
0.08 

Tungsten 
5 
 
 

17.0 
BGO 
88.62 
15.52 

24 
375 
425 
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The NEMA SF measurement consists of a 70-cm long hot line source in a 20 cm x 70 cm 

cylindrical phantom. The source is 4.5 cm off-center and parallel to the scanner‘s long axis 

(Figure IV-3). A long acquisition with a very low amount of radioactivity is acquired so that the 

randoms rate, R, will be negligible. Thus, the SF consists of only T and S and is measured on the 

acquired sinogram data (Figure IV-4): 

 
 

Eq. IV-1 
 

For the NEMA SF measurement using a 20-cm diameter cylindrical phantom, a 24-cm mask is 

applied to the sinogram so that only the scattered events within a region slightly larger than the 

phantom‘s boundary are counted, thereby appropriately excluding the effects of background on 

LORs that do not subtend the imaged object. The peak values in the sinogram are aligned, and 

the projections are summed, which essentially leaves a profile with a peak and background. All of 

the counts in bins that are > ±2.0 cm away from the peak are counted as S. To separate the T in 

the peak from the underlying S background, which should be uniform because the phantom was 

uniform, the bin values at the ±2.0-cm bins are linearly interpolated. For the bins that are < ±2.0 

cm from the peak, the S counts are measured as equal to the linearly interpolated value; all S 

counts are summed. T is measured as the sum of the remaining counts in the peak bins. 

For simulated data, there is perfect knowledge of T and S coincidences. Figure IV-4 (A), 

(C), and (E) show the simulated sinograms of T, S, and S+T, respectively. Also included in Figure 

IV-4 are profiles of the summed sinogram projections. However, this perfect knowledge of T and 

 

Figure IV-3: NEMA scatter fraction phantom 

The 70-cm long cylindrical NEMA SF phantom has a 20-cm diameter. The radioactive line source 
is positioned 4.5 cm off-center. 
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S is not known in a phantom acquisition; all detected simulated counts were binned together 

regardless of the number of scatter interactions as the SF was measured according to the NEMA 

SF calculation. 

As the results show in Table IV-3, the simulated PET system model‘s SFs agree 

reasonably well with the measured SFs for both 2D and 3D (Turkington et al., 2005). 

IV.B.2.e) Simulations and physical measurements 

In addition to comparing the simulated and measured NEMA SFs, line sources in tapered 

and non-tapered phantoms were simulated and acquired. Line source measurements were 

acquired with the ST phantom (Figure IV-1) (Lokitz et al., 2007) and in the WB phantom (Figure 

III-1 (c)) (Turkington et al., 1999). A line source distribution was acquired and simulated as it is 

 

Figure IV-4: NEMA scatter fraction PET sinogram calculation 

Simulated sinogram data, profiles, and summed projections are shown. The sinograms (A), (C), 
and (E) are the T, S, and S+T sinograms, respectively. Because there are considerably more T 
than S counts in the simulated data shown, the sinograms have different windows so that the 

influence of S is discernible; (A) is windowed [0,631], and (C) and (E) are windowed [0,31]. (B), 
(D), and (F) are the summed projection profiles of the T, S, and S+T sinograms, respectively. 

Again because there are considerably more T than S counts, (G) is the lower 25% of (F) so that 
the minimal influence of S is discernible. (A–D) are only knowable a posteriori because these 
were simulated data. The diagram in (H) shows how the summed projections are evaluated to 

calculate the NEMA SF. 
 



 

84 

the only distribution that can be implemented in the ST phantom, and the SF from this distribution 

can be measured directly instead of relying on tail-fitting or other methods that would be required 

for a more complex, distributed source.  

Unlike the NEMA SF phantom, when the attenuating area of the WB or ST phantoms are 

projected into a sinogram, they do not create a simple, 20-cm wide region. Thus, to create masks 

that include only the S within a region slightly larger than the phantom‘s boundary, each 

phantom‘s CT image was forward projected (Figure IV-5) (Turkington et al., 2004). This mask will 

affect the total S counts, which is denoted as S’ when a projected CT sinogram mask is applied 

(Eq. IV-2), but the mask will not affect the T counts: 

 
 

Eq. IV-2 
 

Also, the sinogram masks applied to system-acquired data had variably sized radial bins to 

account for system geometry, which was unlike the masks for simulated data. As the body size 

increases, only the scattered events within a region slightly larger than the phantom‘s boundary 

are counted. 

A line source was positioned 8.0-cm horizontally off-center in the WB phantom; this 8.0-

cm offset was chosen to match the offset in the ST phantom, described next. Data were acquired 

for 10 min in 2D and 3D. At scan time, 3.6 and 3.3 MBq remained for 2D and 3D, respectively. 

The same radioactivity and attenuation distributions were used in the simulation, with 10
9
 β

+
 

Table IV-3: Acquired and simulated line source percent scatter fractions for three 
phantom geometries 

Phantom Source 2D 3D 

NEMA - %SF 

   (Diam. 20 cm) 

Acquired (Turkington et al., 2005) 

Simulated 

18.6 

20.0 

34.5 

34.4 

%Diff. of Sim. to Acq. 7.5 -0.3 

Non-tapered - %SF 

   (Eff. Diam. 30 cm) 

Acquired 

Simulated 

28.1 

26.4 

45.2 

43.9 

%Diff. of Sim. to Acq. -6.0 -2.9 

Solid, tapered - %SF 

   (Eff. Diam. 30 cm) 

Acquired 

Simulated 

30.9 

29.6 

45.8 

47.8 

%Diff. of Sim. to Acq. -4.2 4.4 

%Diff. of Acq. Solid, tapered to Non-tapered 9.1 1.3 
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decays being simulated. The phantom was not translated through the FOV because its size is 

constant. 

The ST phantom is a set of 2.5-cm thick acrylic pieces held together with two parallel 

threaded rods through the long axis 8.0-cm off-center, which is at the center of the semi-circular 

area (Figure IV-1). One of these rods was replaced with a sealed tube containing 
18

F. Three bed 

positions of data were acquired for 10 and 7 min in 2D and 3D, respectively. At scan time, 3.36 

and 2.55 MBq remained for 2D and 3D, respectively. The same radioactivity and attenuation 

distributions were used in the simulation. Three simulations were performed with 10
9
 β

+
 decays 

per simulation, and the phantom was translated through the FOV in 10.0-cm steps. 

The measured and simulated SFs for an offset line source in the non-tapered phantom 

are also listed in Table IV-3. Because the SF will change as a function of size for the ST 

phantom, the measured and simulated SFs are plotted in Figure IV-6 versus the phantom‘s deff 

(Eq. II-1). The WB phantom has a deff = 30 cm, so for comparison purposes, the SFs of the region 

of the ST phantom with a 30-cm deff are listed in Table IV-3. Simulated SFs were all within 8% of 

the measured values. 

Despite modeling the PET system‘s geometry and detection parameters, the SFs of 

simulated NEMA, ST, and WB phantoms differ slightly from the measured values (more so for 2D 

 

Figure IV-5: Masking a PET sinogram for scatter fraction 

Unlike the NEMA SF phantom (Figure IV-3), when the attenuating area of WB (Figure III-1(c)) or 
ST phantoms (Figure IV-1) are projected into a sinogram, they do not create a simple, 20-cm 

wide region. To create masks that include only the scattered events within a region slightly larger 
than the phantom‘s boundary, each phantom‘s CT image was forward projected. This mask is 
applied to the sinogram data (A) so that only counts from within the phantom (B) are analyzed. 
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than 3D). However, these differences are not detrimental for this study because the simulations 

were used to compare qualitatively the effects of potential taper angles. The 3D simulated values 

are in reasonable agreement with those reported elsewhere for the Discovery STE using 

SimSET, but the simulated 2D SFs found here, diverge (MacDonald et al., 2008). One possible 

explanation is that MacDonald et al., accounted for detector packing fraction in their simulations 

(i.e., corrected for the annulus volume used in SimSET), which was not included here. 

IV.B.2.f) Simulations to determine taper angle 

To determine how well a slice in the FT phantom represents a slice of a non-tapered 

phantom, FT phantom geometries were defined and simulated at different positions in the axial 

FOV. As the FT phantom was axially translated through the FOV, the size and total radioactivity 

within the FOV would change, so for comparison, non-tapered phantoms with dimensions equal 

to the FT phantom‘s dimensions at the center of the axial FOV were also simulated (Figure IV-7). 

Thus, there was a collection of equivalent-size constant (ESC) phantoms, with sizes chosen to 

 
 

Figure IV-6: 2D and 3D scatter fractions acquired and simulated with the ST phantom 

A radioactive line source was positioned 8.0-cm off-center in the ST phantom (Figure IV-1). SFs 
were calculated using acquired (dashed) and simulated (solid) for 3D (blue) and 2D (magenta) 

data. The simulated and acquired SFs are similar in each phantom for both 2D and 3D. 
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match different regions of the FT phantom. These were used to compare how well measurements 

in a region of the FT phantom would match measurements made with a non-tapered phantom. 

Two radioactivity distributions (an off-center line source and a uniform distribution in the 

fillable volume) of 10
9
 β

+
 decays were simulated for two taper angles: a line source 5.5-cm off-

center and a uniform distribution in the fillable volume. The position of the line source was chosen 

because the rectangular area between the two half-circles, which forms the stadium cross-

section, is 11-cm wide (similar to the 8-cm offset in the ST phantom). Because the position was 

fixed along the phantom‘s length, the line source was considerably deeper in the phantom at the 

large end than at the small end. While this might not yield the most representative SF 

measurements, it would nonetheless be the same for the tapered and ESC phantoms. 
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The simulated line sources were used to measure SFs similar to the NEMA SF 

calculation, and as described for the other SF measurements, the voxelized attenuation maps 

were forward projected to mask the sinogram. The uniform distribution was used to measure the 

true SF: the number of detected coincidences that experienced any number of scattering events 

divided by the total detected coincidences (Eq. IV-1). The phantoms were stepped through the 

axial FOV in 7.5-cm increments for four simulations. For each of these positions at which a 

tapered phantom scan was simulated, an ESC phantom (of the appropriate size) was also 

simulated. 

 

Figure IV-7: FT phantom and equivalent-size constant phantoms 

As the FT phantom is translated axially through the FOV, the size and total radioactivity within the 
FOV changes, so a collection of equivalent-size constant (ESC) phantoms were simulated. ESC 

phantoms had variable sizes to match different regions of the FT phantom and were used to 
compare how well measurements in a region of the FT phantom would match measurements 

made with a non-tapered phantom. 
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Two parameters were calculated to determine how well the tapered phantom scatter 

measures matched the ESC and, therefore, helped guide the taper decision: (1) the root mean 

squared (RMS) difference between the SFs of a distributed activity in the tapered phantom and in 

the non-tapered ESC for each angle, and (2) the RMS difference between the SFs of a line in the 

tapered phantom and in the non-tapered ESC. In theory for a θ = 0°, this RMS should be 0 

(without noise), and ideally the RMS for a tapered phantom would be near 0. 

Figure IV-8 shows the simulation results for two taper angles: (a)–(c) 20° and (d)–(f) 25°. 

The top plots (a), (d) show the geometry of the FT phantom and the ESC phantoms, which had 

variable sizes to match different regions of the FT phantom in the FOV (Figure IV-7). Line source 

measured SFs for the FT and ESC phantoms at each position in the FOV are plotted in (b), (e), 

and in (c), (f) are the true SFs measured with the uniform activity distribution. The SFs for the 

ESC phantoms are symmetric about the center of the axial FOV, and the FT phantom‘s SF 

decreases as the non-tapered phantom‘s SF decreases. 
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Figure IV-8: SFs simulated with 20° and 25° FT phantom and ESC phantoms 

Radioactive line sources were positioned 5.5-cm off-center in (a–c) 20° and (d–f) 25° FT and 
ESC phantoms (positioning diagrammed in (a) and (d)) and simulated in 3D mode for four 

translations of the FT phantom. The ESC phantoms have widths that correspond to the average 
width in the axial FOV of the FT phantom. Line source measured SFs for the ESC and FT 

phantoms are plotted in (b) and (e). In (c) and (f), the true SFs are plotted for uniform activity 
distribution (i.e. detected coincidences that experienced any number of scattering events divided 
by the total detected coincidences). By visual inspection, the SFs match relatively well for both 
taper angles (20° and 25°) and both radioactivity distributions (line source and uniform). In (e) 

and (f), the SFs trends for taper phantom noticeably change toward the right side. These changes 
correspond to a change from tapered to constant at ~31-cm along the phantom‘s length, which 

can be seen in (d). 
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RMS differences were calculated between the SFs plotted in Figure IV-8. The RMS 

differences between the SFs of distributed radioactivity in the tapered phantom and in the non-

tapered ESC for 20° and 25° (i.e., between the data in Figure IV-8 (c) and (f), respectively) were 

0.0143 and 0.0157, respectively. The percent difference between 20° and 25° is < 10%. The 

match of Figure IV-8 (c) is slightly better than that of Figure IV-8 (f). 

The RMS differences between the SFs of a line source in the tapered phantom and in the 

non-tapered ESC for 20° and 25° (i.e., between the data in Figure IV-8 (b) and (e), respectively) 

were 0.0498 and 0.0570, respectively. The percent difference between 20° and 25° is < 15%. The 

data in Figure IV-8 (b) match better than the data in Figure IV-8 (e) match. 

A tapered phantom and non-tapered phantom are identical for a taper angle θ = 0°. As θ 

increases, the tapered phantom will be less like the non-tapered phantom. The goal of the 

simulations was to determine if the SF of the FT phantom was representative of a non-tapered 

phantom; the goal was not to find the angle at which the tapered phantom crosses some 

threshold to being significantly different from a non-tapered phantom. For different scanner 

geometries, different detector systems, and different metrics of count and image quality, this 

crossover point would vary. 

Both the 25° and 20° taper phantom simulations matched their respective ESC phantoms 

relatively well for the distributed activity distribution and line source, but as would be expected, 

the RMS differences of the 20° phantom simulations are less than for the 25° phantom. The SF 

measured with the line source is considerably higher at the widest part of the phantom than the 

SF measured for a uniform distribution because of how the line was positioned. 

The line source was parallel to scanner‘s axis, so its depth increases with phantom size. 

Because the SF changes for different source locations in the scattering medium, there are only 

some regions where a line source could be positioned that an average SF could be measured 

(Ferrero et al., 2009). If for each diameter the point that would yield an average SF of the uniform 

distribution was known, then a line source could be angled over the FT phantom‘s range of sizes 

to pass through those points. Although the SFs from such an angled line source might be more 



 

92 

closely equal to the uniform distribution, it was beyond the goal and scope of the design-phase of 

this project. 

Several factors contributed to selecting a 25° taper angle. First, visually the 20° taper to 

non-tapered data in Figure IV-8 (c) look similar, so there was little reason to think much 

improvement could be obtained with an even smaller taper, supporting the 20° as a lower limit. 

Second, visually the tapered line source data in Figure IV-8 (b), (e) have trends that are similar to 

their respective ESCs, and the tapered line SF source data are approximately equal to their 

respective ESCs at the center of the FOV. Third, the difference in RMS error between 20° and 

25° is < 15% for the line source, indicating that while, as expected, the 25° has worse agreement 

than 20°, the difference is not large. However, the line source positions were not optimized and 

both RMS differences could probably be reduced if the optimum positions for measuring SFs 

were known. Finally, the RMS difference for the uniform activity distribution between 20° and 25° 

is < 10%, so 25° is only modestly worse than 20°. 

Given the results shown in Figure IV-8, indicating that a 25° taper matches the non-taper 

phantom almost as well as the 20° taper (for SF), and balancing the other trade-offs aside from 

taper angle (i.e., size, weight, change in size in a single PET FOV, construction cost and time, 

and scanner dimensions) it was determined to use a 25° taper angle. 

IV.C. Phantom construction 

The final design parameters (Figure IV-9) for the FT phantom included a stadium cross-

section ranging from 38.5 cm × 49.5 cm to 6.8 cm × 17.8 cm, a length of 51.1 cm, a mass of 6 kg 

(empty), a mass of 42 kg (water filled), and 1.25-cm acrylic walls. The 25° FT phantom was 

machined using a tapered end mill and a computer numerical control milling machine. Production 

time exceeded 200 hours, which included machine training, set-up, computer numerical control 

programming, manual lathe work, polishing, cementing, and leak testing. The phantom was 

constructed with stadium rings (Figure IV-10) machined from 2 m
2
 of 2.54-cm cast acrylic sheet. 

The rings were cemented together using dichloromethane (US Plastics; Lima, OH). The FT 
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phantom allows several methods for filling and mounting inserts: portholes for filling inserts 

remotely, fill/empty nozzles at each end that attach to a standard garden hose, and grooves in the 

inner-wall to mount inserts and positioning plates. 

The constructed phantom‘s size and weight dimensions are similar to the design 

parameters. Each section has external flanges for securing covers and extensions, which are not 

included in the schematic (Figure IV-9) but can be seen in Figure IV-10 (b). Also, although cast 

acrylic dimensions are quoted as 2.54-cm thick, each piece is slightly less, so the overall length is 

 

(a) 

 

(b) 

 

Figure IV-9: FT phantom schematics 

Construction parameters of the FT phantom are shown for (a) side and (b) end views. Non-
tapered 10-cm expansions are added to both ends. The height and width vary with the radii of the 

half-circles because the separation between the half-circles is a constant 11-cm width. Total 
length depends on the taper angle θ, the minimum and maximum radii, and the extension 

lengths. Vertical dashed lines, not to scale, denote that individual rings were machined and 
cemented together with dichloromethane. 
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~2 cm less than the design. The FT phantom is relatively large and awkward when assembled, 

but it can be handled by one person. However, when it is full, at least two people are needed to 

lift or move the 51-cm long, 42-kg mass. 

The radiation exposure to users is related to the proximity and time spent near the 

radioactive phantom. The time and distance are, in part, dependent on which inserts are used 

and how they are mounted. To minimize the amount of time spent near the FT phantom when 

filled with radioactivity, portholes and hose attachments are included at each end. The portholes 

have been customized with tubing that can connect to mounted inserts, so they can be filled 

remotely. In addition to reducing dose, the amount of lifting the full FT phantom is minimized by 

using the hose attachments. The FT phantom is positioned on the PET/CT couch and filled from 

remote water source (e.g., sink, carboy on a rolling cart). 

(a)                                       
 

(b) 
 

Figure IV-10: Photographs of FT phantom machining and completion 

Each ring was (a) individually machined from 2.5-cm thick acrylic and cemented together to form 
(b) the completed FT phantom with 10.0-cm end extensions. 
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V. Fillable, tapered phantom validation and 
characterization 

V.A. Introduction 

The development, design, and construction of the fillable, tapered (FT) phantom were 

described in Chapter 4. In this chapter, additional Monte Carlo data will be generated and 

evaluated incorporating some parameters that were not available for the design phase (Wilson et 

al., 2008). With a prototype phantom built, measurements using clinical PET/CT scanners are 

acquired to characterize the phantom‘s imaging properties and validate its use for measuring 

image quality over a range of body sizes. 

In the design-phase of the FT phantom, there were limitations in the Monte Carlo 

software that prevented tracking single photons from an annihilation pair and the simulation of 

individual block detectors. Although these features were not necessary in the design phase, they 

have been included in a software upgrade (Schmitz et al., 2007; Harrison et al., 2008) and are 

important for further characterizing the FT phantom. In the previous software version, when one 

photon from an annihilation was determined to be undetectable (e.g., absorbed, exited the FOV), 

the other photon would stop being tracked. This feature increased the efficiency and decreased 

the simulation time, but it prevented an analysis of single photons, random coincidences, or 

detector dead time. In the current version, tracking of single events has been included. Also, in 

the previous version, a cylindrical PET detector system was modeled as a solid, continuous 

annulus, so system characteristics such as single photons per detector could not be simulated. In 

the current version, PET can be modeled as individual detector blocks. This allows for more 

rigorous simulations that could include singles, randoms, dead time, and timing resolution 

(Harrison et al., 2004; Guerin and El Fakhri, 2008; MacDonald et al., 2008). 

The ability to track single photons is valuable for this research because the geometry of 

the FT phantom can produce single photon distributions that are not characteristic of patients or 

non-tapered phantoms. For example, when the small end of the phantom is in the axial FOV, 
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there is a considerably larger distribution of radioactivity immediately adjacent to the FOV that 

can cause a high proportion of single photons (Laymon et al., 2004). Additionally, the radioactivity 

and attenuation sizes of the small and large end will have distinct effects on the singles rate. For 

uniform radioactivity and water-equivalent attenuation distributions throughout the FT phantom, at 

the small end fewer photons are attenuated, but the distribution is smaller and there are fewer 

photons. At the large end, there will be considerably more events because of the increased 

amount of radioactivity in the FOV, so there will be more singles and random coincidences as 

well as an increased opportunity for detector dead time. The increased attenuation lengths will 

increase the fraction of scatter and random events to true events. 

There have been two other software upgrades, which had been reported by the 

developers at the time of design but were not yet available to users, that allow the simulation of 

detector timing resolution and characterization of time of flight systems (Harrison et al., 2004; 

Harrison et al., 2005). Lastly, there are more scintillator crystal materials, including LYSO, that 

are varied to measure the effect of resolution on measured SFs for a given detector LET. 

In the design-phase of the FT phantom, SF simulations were done with a line source 

parallel to the scanner‘s axis, so its depth increased with phantom size. Because the SF changes 

for different source locations in the scattering medium, there are only some regions where a line 

source could be positioned that an average SF could be measured (Ferrero et al., 2009). In this 

chapter, additional data with a line source at multiple positions and orientations are simulated to 

measure SFs. 

Using the FT phantom, several radioactivity distributions will be acquired for comparison 

with simulated results and to characterize the phantom for further imaging studies. The phantom 

will be acquired with a uniform radioactivity distribution, which will be used for two purposes. In 

Chapter 2, simple simulations were done to compare noise properties in different round 

geometries, and the effective diameter, deff (Eq. II-1), was found to relate a circle with other round 

geometries relatively well. Based on that relation, the image properties of a circle phantom and a 

section of the FT phantom with an equal deff are measured for ensemble noise (EN, Eq. II-6) and 
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background variability (BV, Eq. II-7). The uniform radioactivity data are also used for comparing 

the detector response characteristics with the simulated data. 

In this chapter, additional simulations will be used to find a line source position and 

orientation that would yield an SF equal to the SF produced with a uniform distribution in the FT 

phantom as a function of body size. The SF will be measured as a function of body size, with a 

line source positioned and oriented based on the simulations, using the FT phantom and data 

acquired on clinical systems. 

Lastly, image quality will be measured with multiple, hot spheres and the analysis 

algorithm described in Chapter 3 (Wilson and Turkington, 2008). Using the measured SFs, 

NECRs (Eq. I-4) normalized to body size, NECRD, are calculated and related to the image quality 

results. 

V.B. Monte Carlo simulations 

V.B.1. Line sources simulated to measure SF 

An object‘s SF is dependent on both the detection system and the emission source‘s 

shape, size, and attenuation properties. Because a direct calculation of the source‘s scatter 

distribution and SF are not possible, methods for evaluating and correcting scatter in PET consist 

of energy window-based, convolution, estimation, and modeling (Zaidi, 2006). For an object like 

the FT phantom, the size changes considerably from the small to large ends, which influences the 

SF. With computer simulations, the SF of a radioactive source and detector can be calculated 

using the perfect knowledge of true and scattered events. 

As has been discussed, if for each cross-section in the FT phantom the position of a point 

source that yields an SF equal to that of a uniform distribution was known, perhaps a line source 

could be angled over the FT phantom‘s range of sizes to measure SF as a function of size. It is 

not necessarily guaranteed that such a line will exist. Thus, Monte Carlo simulations of a uniform 

distribution and multiple line sources at different positions and orientations were performed to try 

and determine if a line can be used. 
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Aside from the source, the scanner dictates the SF: the presence of septa, detector 

energy resolution, and energy discrimination thresholds. For a perfect detector, all unscattered 

annihilation photons will have 511 keV, and photons that are scattered and detected will have 

energies less than 511 keV. This would suggest that a low energy threshold (LET) could be set 

that would exclude all and only scattered photons. However, imperfect energy resolution causes 

the measured photon energies to be blurred. Thus, an LET that is low enough to allow all 

unscattered photons will also include many scattered ones, but if the LET is too high, then 

sensitivity to unscattered photons will decrease. The choice of LET is a tradeoff, between 

minimizing SF and maximizing sensitivity, depends, in part, on the detector‘s energy resolution. 

A detector‘s energy resolution has several physical dependencies that are primarily 

influenced by random statistical variations in the steps leading to a signal‘s formation (Cherry et 

al., 2003). These sources of statistical variations include the number of scintillation photons 

produced in proportion to the detected annihilation photon‘s energy, the number of photons 

produced at the photocathode, and the multiplying factor in the PMT. The resolution is also 

degraded due to non-uniformities in the crystal, non-linear energy response in the crystal, non-

uniform light collection at the PMT cathode, and fluctuations of the high voltage in the PMT. For 

many modern PET detector designs that use modified block detectors (Figure I-1), the range of 

energy resolutions from different crystal elements can be wide due to varying light sensitivity 

(Dahlbom and Hoffman, 1988). 

By combining these different sources of variable energy resolution in a detector element, 

the variability across the elements in a relatively stable clinical PET system can be wide, but 

typically, only an average energy resolution is reported for a system. Other environmental and 

technical factors (e.g., temperature, PMT failure, out-dated calibrations) can further compound 

degraded energy resolution. Thus, in addition to the different positions and orientations of lines 

sources, a range of energy resolutions was also simulated to evaluate the influence that different 

resolutions has on the SF simulations. 
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V.B.1.a) Methods 

The current version of SimSET, 2.9 (Schmitz et al., 2007), was used to simulate β
+
 

decays and track photon interactions in the FT phantom and subsequent detection in modeled 

PET systems. Similar to the simulations described in Chapter 4, SimSET was chosen because 

the simulation results were used for simply predicting qualitative trends. Parameters similar to the 

previous simulations were used: no importance sampling or forced detection was used (i.e., 

methods that increase the efficiency of simulations (Haynor et al., 1991; Harrison et al., 1993a)), 

β
+
 range was modeled for the radionuclide 

18
F (Harrison et al., 1999), co-linearity was adjusted 

(Harrison et al., 1999), coherent scatter in the object was modeled (Kaplan et al., 1998), and 

coherent scatter in the detector was modeled. With the exception of modeling coherent scatter in 

the detector, the inclusion of the other parameters is expected to have minimal influence for 

purposes of these simulations, but their inclusion adds minimal computation time and is not 

deleterious. For lower Z media such as soft tissue, coherent scatter is a relatively inconsequential 

cause of scatter, but for higher Z materials used in the scintillator crystals, coherent scatter can 

be ~5% of the total cross-section (Zaidi, 2000). 

First, a uniform distribution of 
18

F in the FT phantom was simulated with 10
9
 β

+
 decays 

per frame using the parameters described in Table V-1; for these simulations to measure SF, no 

single events or random coincidences were recorded. Two 3D detector systems (i.e., no septa) 

were modeled based on the GE Discovery STE (Turkington et al., 2005) and Discovery 690 

(Kemp et al., 2009), whose parameters are also listed in Table V-1. The phantom was centered in 

the transaxial FOV and was translated in four 7.5-cm steps through the approximately 15-cm 

axial FOVs, and there was no restriction on inter-ring coincidence acceptance. The 3D data were 

rebinned using SSRB (Daube-Witherspoon and Muehllehner, 1987) to 47 transaxial slices for 

both detected unscattered coincidences and scattered coincidences. For the uniform distribution, 

binning was done with perfect knowledge of the unscattered and scattered coincidences. 
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A line source was simulated at 34 different positions and orientations (Figure V-1) with 

10
8
 β

+
 decays per frame; for these simulations to measure SF, no single events or random 

coincidences were recorded. The orientations of the lines were varied between (a) parallel to the 

scanner axis and (c) parallel to the phantom‘s wall, and they were positioned centrally and then 

moved out radially. Initially, 25 simulations were done using the positions and orientations shown 

in Figure V-1 (a)-(c), and based on those results, (d) 9 additional simulations were done. Again, 

the phantom was translated in 7.5-cm steps through the axial FOVs, and the 3D data were 

rebinned using SSRB to 47 transaxial slices. 

The sinogram binning of the simulated counts was matched to the systems‘ sinogram 

format: Discovery STE ρ = 280 projection-angle bins, r = 329 radial bins, and Discovery 690 ρ = 

288 projection-angle bins, r = 381 radial bins across the FOV. The 3D planogram data were 

rebinned to 47 transaxial slices with SSRB (Daube-Witherspoon and Muehllehner, 1987). Unlike 

the scanner‘s 3D planograms, the radial bin dimensions were constant (i.e., not decreasing in 

spacing from the center to edge). There was no restriction on inter-ring coincidence acceptance. 

For the line source simulations, both true and scattered coincidences were binned together, 

which is how the data would be acquired with a physical system. 

Table V-1: SimSET simulation parameters for GE Discovery PET scanner models 

Parameter STE 690 

Energy Resolution (%FWHM) 
Scintillator Type (cm) 
Ring Diameter (cm) 
Axial FOV Length 
Number of Rings 
3D LET (keV) 
Coincidence window 2τ (ns) 
Timing resolution FWHM (ps) 
Timing bins 

17 
BGO 
88.62 
15.52 

24 
425 
11.7 

- 
- 

14 
LYSO 
81.0 

15.66 
24 

425 
4.9 
650 
55 
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The Discovery STE uses BGO scintillators with an average %FWHM energy resolution of 

~17% (Turkington et al., 2004). In addition to the previous collection of line source and uniform 

distribution simulations, the detector‘s %FWHM energy resolution was varied: 13%, 21%, 25%, 

and 29%. In SimSET, a detector‘s energy resolution is modeled as a Gaussian distribution. These 

%FWHM equate to half-maximum lower energies of 478, 457, 447, and 437 keV, respectively. 

The Discovery 690 uses LYSO scintillators with an average %FWHM energy resolution of ~14% 

(Kemp et al., 2009), and the detector‘s %FWHM energy resolution was varied: 10%, 18%, 22%, 

26%, which equate to half-maximum lower energies of 485, 465, 455, and 445 keV, respectively. 

There are more higher FWHM than lower, relative to the systems‘ reported values, because when 

a system is operating there are numerous reasons that the energy resolution performance could 

degrade, but the energy resolution will not spontaneously improve. 

The SimSET Monte Carlo software has limited granularity, as has been discussed. One 

limitation is how the detectors are modeled, and for the simulations described here, the detector 

model was limited to a continuous annulus of scintillator. For a block detector system with an 

 
(a) (b) (c) (d) 

 
Figure V-1: Line source positions and orientations to measure SFs in the FT phantom 

A line source was simulated at 34 different positions and orientations with 10
8
 β

+
 decays per 

frame; each line source was simulated individually, and the line at the center was done only once 
(although it is shown in each cross-section for reference). Across the top are single transaxial 
slices and directly below them are single coronal slices; the dotted-line on the top denotes the 

position of the coronal slices on the bottom, and the dotted-line on bottom denotes the position of 
the transaxial slices on the top. The orientations of the lines were varied between (a) parallel to 
the scanner axis and (c) parallel to the phantom‘s wall, and they were positioned centrally and 
then moved out radially. Initially, (a)–(c) 25 line sources were simulated, and based on those 

results, (d) 9 additional line sources were simulated. Highlighted as a red star in the transaxial 
slice in (d) is the line source that was chosen to measure SFs with the FT phantom on clinical 

systems (results discussed subsequently). 
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array of crystals, the energy resolution will vary across the crystals within a block and throughout 

the system, so the energy resolution is an average. Although the current SimSET is capable of 

modeling block detectors, the energy resolution per block is constrained to be uniform, so in this 

simulation, a continuous annulus with uniform %FWHM energy resolution was used. Also, there 

was no simulation of the PMTs or other sources of electronic noise. 

As was described in Chapter 4, to measure an SF a mask was applied to the sinogram 

so that only the coincidences within a region slightly larger than the phantom‘s boundary were 

counted and, thereby, appropriately excluding the effects of background on LORs that do not 

subtend the imaged object. To create these masks, each phantom‘s attenuation image was 

forward projected (Figure IV-5). This mask will reduce the total scatter counts when a projected 

CT sinogram mask is applied, but the mask will not reduce the true counts. 

Similar to the NEMA SF calculation (2001), the peak value for each projection angle in 

the sinogram was aligned, and the projections were summed, which essentially leaves a profile 

with a peak and background (Figure IV-4). The counts in bins that were > ±2.0 cm away from the 

peak were considered to be scatter coincidences. To separate the true events in the peak from 

the underlying background, which should be relatively uniform because the phantom‘s attenuation 

properties were uniform, the bin values at the ±2.0-cm bins were linearly interpolated. For the 

bins that are < ±2.0 cm of the peak, the scatter counts are measured as equal to the linearly 

interpolated value; all scatter counts were summed (Figure IV-4). The true events were measured 

as the sum of the remaining counts in the peak bins (Eq. IV-2). 

The effect of simulating different discrete energy resolutions for the Discovery STE and 

Discovery 690 were compared for the different phantom geometries and radioactivity 

distributions. For the 34 line sources, SFs were calculated as a function of phantom size using 

the same masked-sinogram method that has been described. Additionally, because the detected 

photon energies were also of interest, the unscattered and scattered photons, which are 

empirically known by the simulator, were binned separately as a function of detected energy. 
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These energies were detected with the simulator, the %FWHM Gaussian was applied, and the 

counts were binned. 

V.B.1.b) Results and discussion 

Plotted in Figure V-2 are the calculated SFs for the different line source positions shown 

in Figure V-1. In the left column, (a), (c), (e), and (g) are the SFs measured with the Discovery 

STE detection system, and in the right column, (b), (d), (f), and (h) are the SFs measured with the 

Discovery 690 detection system. The plots in Figure V-2 (a), (b); (c), (d); (e), (f); and (g), (h) 

correspond to line positions in Figure V-1 (a), (b), (c), and (d), respectively (i.e., top-to-bottom 

corresponds with left-to-right). Also plotted in each graph is the SF of a uniform source that the 

different line source orientations are being compared. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 
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(e) 

 
(f) 

 
(g) 

 
(h) 

 
Figure V-2: Calculated SFs from line source simulations in the FT phantom 

The calculated SFs for the different line source positions shown in Figure V-1 are plotted versus 
the deff of the FT phantom. In the left column, (a), (c), (e), and (g) are the SFs simulated with the 

Discovery STE detection system, and in the right column, (b), (d), (f), and (h) are the SFs 
simulated with the Discovery 690 detection system. The (a), (b); (c), (d); (e), (f); and (g), (h) 

correspond to line positions in Figure V-1 (a), (b), (c), and (d), respectively (i.e., top-to-bottom 
corresponds with left-to-right). Also plotted as a solid red line in each graph is the SF of a uniform 
source (―FULL‖) to which the different line source orientations are being compared. Legends for 
the line sources are not included because, in most plots, the SFs are relatively indistinguishable, 
so exhaustive legends have not been included and the key results have been plotted in Figure 

V-3. 
 

As would be expected for Figure V-2 (a) and (b) where the line sources are centered in 

the phantom and parallel to the scanner‘s axis, the line source SF is 0.15–0.20 greater than the 

SF for a uniform distribution. When the line source is shifted radially so that it is more superficial 

and angled similar to the phantom‘s tapered wall, the line source SF more closely matches the 

uniform distribution. For the plots in Figure V-2, the SFs at the FT phantom‘s small end is 

relatively insensitive to position and orientation. 
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Based on visual inspection, there is a position and orientation in Figure V-2 (e) and (f) 

that matches the uniform distribution relatively well. Because of these results, as mentioned in 

V.B.1.a), nine additional simulations were done (Figure V-1 (d)). A line source position and 

orientation were chosen based on visual inspection and comparing the values of the plots in 

Figure V-2 (g) and (h); this position is highlighted as the red star in Figure V-1 (d), the summed 

(a) 

 
 

(b) 

 
 

Figure V-3: Simulated results of chosen line source position and orientation for SF 
measurement in FT phantom 

Using simulated data, a line source position and orientation (―LINE‖) was chosen based on visual 
inspection and comparing the values of the plots in Figure V-2 that matched a uniform source 

(―FULL‖). SFs from Figure V-2 (g) and (h) are individually plotted versus the deff of the FT 
phantom for the (a) Discovery STE and (b) Discovery 690. The selected position and orientation 

is shown in Figure V-4. 
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image projections are shown in Figure V-4, and its SFs are individually plotted in Figure V-3. The 

chosen line source matches the uniform distribution slightly better for the Discovery STE than the 

Discovery 690, but this position and orientation for the Discovery 690 was still judged to be the 

best match in Figure V-2 (f) and (h). This simulated position and orientation will be used later to 

measure an SF with the FT phantom using the clinical systems that have been modeled. 

Sample results from varying the simulated %FWHM energy resolution for both detection 

systems with the uniform distribution and the 34 different lines sources have been condensed into 

Figure V-5. Upon reviewing the results for the permutations of radioactivity distributions, phantom 

geometries, detector models, and energy resolutions that were simulated, the collection of results 

are characteristically similar. Thus, these plots only show data for one line source position and 

orientation, which is the same as in Figure V-4, and the data are for only one section of the FT 

phantom: deff = ~32–45 cm. Measurements made with the Discovery STE and Discovery 690 

detectors are shown in the left and right column, respectively. 

Plotted in Figure V-5 are (a),(b) unscattered, (c),(d) scattered, and the (e),(f) total 

detected photons versus detected energy for the range of simulated energy resolutions. In Figure 

V-5 (a)–(f) each data set is normalized to its peak energy bin, and a vertical dotted line is included 

 
(a) (b) (c) 

 
Figure V-4: Diagram of SF line source position and orientation in the FT phantom 

The line source was positioned in the FT phantom based on the simulated SFs plotted in Figure 
V-3. The position and orientation are shown by summing a digital phantom for three different 

perspectives: (a) transaxial, (b) coronal, and (c) sagittal. 
 



 

107 

at 425 keV because this is the LET for both detector systems. Additional lines are included for the 

plots of detected, unscattered photons (a),(b): a horizontal line at 0.5 can be used to measure the 

%FWHM, so vertical droplines have been drawn from where the energy distribution crosses 0.5 

to the x-axis. For the (a) Discovery STE, %FWHM energy resolutions of 13%, 17%, 21%, 25%, 

and 29% very closely match the lower energies of 478, 467, 457, 447, and 437 keV, respectively. 

Additionally for the (b) Discovery 690, %FWHM energy resolutions 10%, 14%, 18%, 22%, and 

26% very closely match the lower energies of 485, 475, 465, 455, and 445 keV, respectively. The 

energy bins in Figure V-5 (a)–(d) with the greatest number of photons (scattered and unscattered) 

are plotted in Figure V-6 as a function of detector energy resolution %FWHM for both scanners. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 
 

Figure V-5: Energy distribution of scattered and unscattered simulated events for varied 
energy resolution %FWHM 

Plotted are the (a),(b) unscattered, (c),(d) scattered, and (e),(f) total photons versus detected 
energy for the Discovery STE and Discovery 690 detectors in the left and right column, 

respectively. Each data set with a line source in the FT phantom is normalized to its peak energy 
bin, and a vertical dotted line is included at 425 keV because this is the 3D LET for both detector 

systems. Additional lines are included in (a) and (b): a horizontal line at 0.5 can be used to 
measure the %FWHM, so vertical lines have been drawn from where the energy distribution 

crosses 0.5 to the x-axis. For the (a) Discovery STE %FWHM energy resolutions of 13%, 17%, 
21%, 25%, and 29% closely match the lower energies of 478, 467, 457, 447, and 437 keV, 

respectively. Additionally for the (b) Discovery 690 %FWHM energy resolutions of 10%, 14%, 
18%, 22%, and 26% closely match the lower energies of 485, 475, 465, 455, and 445 keV, 

respectively. 
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Figure V-6: Energy bins with the most photons for scattered and unscattered simulated 
photons 

The energy bins in Figure V-5 (a)–(d) with the greatest number of photons are plotted as a 
function of detector energy resolution %FWHM for the Discovery 690 (blue diamonds) and the 

Discovery STE (red circles). Unscattered photon, ―T‖, data points are plotted with solid symbols, 
and scattered photon, ―S‖, are plotted with hollow symbols. 

 

In Figure V-7, the SFs of the line source positioned as in Figure V-4 are plotted versus 

the FT phantom‘s diameter as a function of the different %FWHM energy resolutions for the (a) 

Discovery STE and (b) Discovery 690. These SFs were calculated using a masked sinogram (i.e., 

not using the perfect knowledge of scattered and unscattered photons that is shown in Figure 

V-5). Except for statistical fluctuations, the data essentially overlap independent of energy 

resolution. Similarly, for the other 33 line source positions and orientations, the SF did not change 

as a function of energy resolution (results not shown). The SFs do not continue to increase as the 

size increases because only limited radioactivity extends beyond the FOV, which can 

considerably contribute to SF (Laymon et al., 2004). 
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V.B.2. Uniform distribution simulated to measure singles and 
randoms 

V.B.2.a) Purpose 

The current version of SimSET also has the ability to track single photons and generate 

random events, and the PET detection system can also be modeled as individual detector blocks, 

(a) 

 
 

(b) 

 
 

Figure V-7: Line source SFs for varied energy resolution %FWHM in the FT phantom 

The SFs of the line source are plotted versus the FT phantom‘s deff as a function of the different 
%FWHM energy resolution for the (a) Discovery STE and (b) Discovery 690. The line source was 

positioned and oriented as shown in Figure V-4. These SFs were calculated using a masked 
sinogram (i.e., not using the perfect knowledge of scattered and unscattered that is shown in 

Figure V-5). Except for statistical fluctuations, the data essentially overlap independent of energy 
resolution. The SFs do not continue to increase as the size increases because only limited 

radioactivity extends beyond the FOV, which can considerably contribute to SF (Laymon et al., 
2004). 
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instead of simply a continuous, annulus detector, that could allow for more rigorous simulations 

including singles, randoms, dead time, and timing resolution (Harrison et al., 2004; Guerin and El 

Fakhri, 2008; MacDonald et al., 2008). Additional simulations of the FT phantom were performed 

that incorporated some of these features. 

V.B.2.b) Methods 

Similar to the methods used to choose the taper angle, which were described in Chapter 

4, the FT phantom was simulated and axially translated through the PET FOV. These were used 

to compare how well measurements in the FT phantom will match acquired data.  

The detector parameters were based on the Discovery STE and Discovery 690 and are 

listed in Table V-1. For the simulations performed, similar simulation parameters were used: no 

importance sampling or forced detection was used (i.e., methods that increase the efficiency of 

simulations) (Haynor et al., 1991; Harrison et al., 1993a), β
+
 range was modeled for the 

radionuclide 
18

F (Harrison et al., 1999), co-linearity was adjusted (Harrison et al., 1999), coherent 

scatter in the object was modeled (Kaplan et al., 1998), and coherent scatter in the detector was 

modeled. The sinogram binning of the simulated counts was matched to the system's sinogram 

format: Discovery STE ρ = 280 projection-angle bins, r = 329 radial bins across the FOV, and 

Discovery 690 ρ = 288 projection-angle bins, r = 381 radial bins. The 47 transaxial slices were 

binned with SSRB (Daube-Witherspoon and Muehllehner, 1987). The detection parameters are 

listed in Table V-1. Unlike a scanner‘s 3D planograms, the radial bin dimensions were constant 

(i.e., the bin dimensions did not change from the center to edge of the FOV). For the Discovery 

690, the timing resolution was set at 650 ps, and the coincidence window width was 4.9 ns with 

55 bins, 89.25 ps per bin. The lutetium in the Discovery 690‘s LYSO detectors contains 

radioactive 
176

Lu with an abundance of 2.5% that decays, via β
-
-emission to 

176
Hf, which has a 

half-life of 3.6x10
10

 years (Lederer and Shirley, 1978). This natural radioactivity, which would 

slightly increase the randoms rate, is not included in SimSET. 
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The FT phantom was simulated with a uniform radioactivity distribution and translated 

through the axial FOV in 7.5-cm steps for 5 translations. Three levels of radioactivity 

concentration were simulated for each geometry: 0.74, 2.96, and 11.84 kBq/mL. As the 

concentration increased, the number of decays increased considerably, so the scan durations 

were reduced for increased concentrations to limit computation time. The low, medium, and high 

count rates were simulated with scan durations of 10.0, 2.5, and 0.625 sec, respectively. These 

are short scan times, but simulating more β
+
 decays would have considerably increased both the 

computation time and storage requirements, which was already on the order of hours and 100s of 

gigabytes. 

Due to the limitations of computation time and, especially, storage space, the effects of 

dead time could not be evaluated. To reach count rates that would produce measurable dead 

time effects would have required simulating a prohibitively high number of β
+
 decays. 

The data are reported as singles rates because the acquisitions consisted of three 

different scan durations. These rate data were organized to match each scanner‘s block detector 

configuration, as shown for the Discovery STE in Figure I-1. The Discovery STE has an 8 × 6-

crystal configuration per block, and there are 8 blocks per module. Around the ring are 35 

modules, and there are 24 crystal rings across the FOV. There are 13440 crystal elements in the 

Discovery STE. The Discovery 690 has a 9 × 6-crystal configuration per block, and there are 8 

blocks per module. Around the ring are 32 modules, and there are 24 crystal rings across the 

FOV. There are 13824 crystal elements in the Discovery 690. 

Although this version of SimSET can simulate detector blocks, crystal elements cannot 

be simulated. Thus, the coordinates for each photon‘s detection was used to calculate which 

block and crystal element it was detected. The singles data were binned to the block map using 

this method. Because the encasements or reflective material between the crystal elements 

cannot be simulated, there will not be the characteristic lattice pattern seen for clinical PET 

systems, which will be seen later in this Chapter, but the separation between the block rings can 

be seen. 
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V.B.2.c) Results and discussion 

Two singles rates map of a uniform radioactivity distribution in the FT phantom are shown 

in Figure V-8 using the block convention shown in Figure I-1, except that block 0 of module 0 is at 

the top left. Both maps are windowed with the same levels. 

In Figure V-8, the (a) Discovery STE and (b) Discovery 690 block maps are shown for a 

radioactivity concentration of 0.74 kBq/mL, and the other radioactivity concentrations are not 

shown because they are characteristically similar. (a) and (b) each has five simulations, which 

have been concatenated together, where each separate acquisition is naturally separated by a 

dark line that corresponds to the reduced sensitivity at edges of the FOV. (b) is repeated in (c) but 

with a different window level to accentuate the taper effect on the map, and (c) has additional 

notation, such as the front of the PET axial FOV (i.e., which would be nearest to the CT tube), 

which is the most superior row. 
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The singles rates distribution on the maps in Figure V-8 are fairly typical with two 

noticeable features unique to the FT phantom. First, as the phantom is translated through the 

FOV from large to small body size (i.e., from the top map to the bottom map), the total 

radioactivity within an FOV decreases, so the singles rates decrease. Because both maps have 

the same window, a subtle triangular ―shadow‖ can be seen for each set of acquisitions (Figure 

V-8 (c)), which corresponds to the changing radioactivity distribution as the FT phantom is 

translated through the FOV. The second noticeable characteristic is that the few rows that 

correspond to the front of the gantry become increasingly darker (i.e., have much fewer counts). 

The reason for this is most easily visualized with the lower half of Figure IV-7. In Figure IV-7, the 

 

(a) 

 

(b) 

 

(c) 

Figure V-8: Simulated detector crystal singles maps for the Discovery STE and Discovery 690 

The singles rates map of a simulated uniform radioactivity distribution in the FT phantom are 
shown using the crystal convention shown in Figure I-1, except that block 0 of module 0 is at the 
top left. Both maps are windowed to the same levels. The (a) Discovery STE and (b) Discovery 

690 crystal maps are shown for a radioactivity concentration of 0.74 kBq/mL; each has five 
simulations, where each separate acquisition is naturally separated by a dark line that 

corresponds to the reduced sensitivity at edges of the FOV. (c) is (b) but with a different window 
level to accentuate the effects of the taper, and (c) includes notation to assess the different maps. 
―FRONT‖ refers to front of the PET axial FOV (i.e., which would be nearest to the CT tube), and 

―BACK‖ refers to the back of the PET axial FOV. Numbers 1–5 are the five simulations, where ―1‖ 
is with the phantom‘s large end in the FOV and ―5‖ is with the smallest end in the FOV. The solid 

lines separate the simulations, and the broken-dotted lines separate sets of detector blocks. 
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front of the gantry is on the left. As the FT phantom is translated from right to left, there will be 

less radioactivity to the right of the FOV but still radioactivity to the left. Thus, the rows of crystals 

at the back of the gantry (i.e., on the right) continue to detect counts from outside the FOV, but 

the crystal rows at the front of the gantry are able to ―see‖ less radioactivity. 

For each of the 24 rings of detectors for each of the acquisitions (either four with the 

Discovery STE or three with the Discovery 690), the singles rates were summed for each ring. 

These rate sums are plotted versus the phantom deff measured by each ring in Figure V-9. Only 

three of the five simulations are plotted because the other two primarily contain constant end 

extensions data. The apparent drop in Discovery STE singles rates as phantom size increases for 

two of the bed positions is due to the same effect that causes the lower count rates at the front of 

the gantry in Figure V-8. 

 
 

Figure V-9: Detector singles rates simulated with different scanners, concentrations, and 
body sizes 

Detector singles rates of the 24 crystal rings for each of the acquisitions, either four with the 
Discovery STE (red) or three with the Discovery 690 (black), are plotted versus the phantom deff 

measured by each ring. The singles rates were summed for each ring. The apparent drop in 
Discovery STE singles rates for two bed positions is due to reduced radioactivity outside the 

FOV, as was discussed for Figure V-8. 
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V.C. Scanner acquisitions 

V.C.1. Measuring SF with a line source 

V.C.1.a) Purpose 

An SF depends on the emission source‘s radioactivity and attenuation distribution as well 

as the detection system. As was expected for the FT phantom and has been shown with 

simulations in Figure V-3, the SF changes as a function of size and is slightly different when 

measured with the Discovery STE and with the Discovery 690. Based on those simulations, a 

position and orientation were selected for further characterizing the FT phantom by acquiring line 

source data with clinical systems and calculating SFs as a function of body size. 

V.C.1.b) Methods 

To measure SF as a function of body size, a 1.14-mm diameter tube was mounted in the 

FT phantom, as depicted in Figure V-4. The FT phantom‘s volume was filled with water, and 
18

F 

was drawn into the length of the tubing. On both GE Discovery STE and Discovery 690 PET/CT 

systems, a CT image set was acquired to measure the phantom‘s size for the respective PET bed 

positions. 

Four 3D frames were acquired by translating the FT phantom through the PET FOV in 

7.5-cm steps, which is similar to the simulations. The phantom was first scanned on the 

Discovery STE, and each frame duration was 300 sec. The phantom was later scanned on the 

Discovery 690, and each frame duration was 720 sec to account for decay. 

The raw data were taken off-line for processing. The 3D planograms were rebinned to 2D 

sinograms for both prompt and random coincidences. Typically SF is measured for one bed 

position with a low count rate so that there are essentially no random events, but for this study, 

which required multiple bed positions of a phantom much larger than the NEMA SF, the randoms 

rate was non-negligible. Thus, the randoms sinogram was subtracted from the prompts sinogram 

(Wilson et al., 2005b). As has been described, a mask was applied to the sinogram so that only 

the coincidences within a region slightly larger than the phantom‘s boundary were counted, which 
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excluded the effects of background on LORs that do not subtend the imaged object. To create 

these masks, the CT images were forward projected (Figure IV-5), and then the SF was 

calculated similar to NEMA NU2 (2001). 

V.C.1.c) Results and discussion 

Plotted in Figure V-10 are the simulated line source SFs from Figure V-3 and the 

measured SFs for the FT phantom with an (a) Discovery STE and (b) Discovery 690. The 

acquired SFs match the simulated results well, but there is less variability for the measured data 

because there are considerably more counts than for the simulated data. Also noticeable, like the 

simulated SFs, is that the average SFs varies relatively slowly as the body size increases. 
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The acquired results are comparable to another set of reported results (MacDonald et al., 

2008). With the FT phantom, the measured SFs for deff = 20, 27, and 35 cm are 0.356, 0.452, and 

0.468. On a Discovery STE scanner, MacDonald et al. measured SFs of cylinders with diameters 

20, 27, and 35 cm: 0.337, 0.453, and 0.548 (2008), but in their work, the line source was kept at 

the same depth for all three phantom sizes. Thus, the line source in their 35-cm cylinder is much 

deeper than the line source in the FT phantom at a deff of 35 cm, which explains the disparity. 

(a) 

 
 

(b) 

 
 

Figure V-10: Simulated and acquired line source SFs in the FT phantom 

A line source was positioned based on the simulated results in Figure V-3 that matched a uniform 
source (Figure V-4). Simulated (solid red line) and acquired (broken black line) SFs are plotted 

versus the deff of the FT phantom for the (a) Discovery STE and (b) Discovery 690. 
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V.C.2. Comparing image quality between an FT phantom section and 
cylinder using a uniform distribution 

V.C.2.a) Purpose 

In Chapter 2, the image variance of three different radioactivity distribution geometries 

(i.e., circle, ellipse, and stadium) was measured for multiple sizes using computer simulations 

(Figure II-1). One result of those simulations was that the image variability of the three geometries 

was nearly equal for objects with equal deff. The FT phantom has a stadium cross-section 

(although it has also been called an oval, an elliptical, and a rounded rectangle, because the 

geometric shape ―stadium‖ is less well known) that is more anthropomorphic than a cylinder, but 

the dimensions are less intuitive. Thus, a deff can be calculated for the different cross-sections of 

the FT phantom, which is more easily interpreted than the major and minor axis dimensions. 

A second finding from the simulations in Chapter 2 was that measured image variability is 

well correlated between the average of the ROI means across different ROIs in an image 

(background variability, BV; Eq. II-6) and for the same ROI over an ensemble of images 

(ensemble noise, EN; Eq. II-5). Despite a modest bias in BV, when multiple realizations of an 

acquisition are not available or attainable, a linear correlation between BV and EN means that BV 

is a reasonable surrogate for EN. This is an important relationship for the FT phantom studies 

because only one set of data can be obtained without changing the phantom set-up, so only BV 

can be measured. 

These results were found using relatively simple computer simulations: there was no 

source decay; the model was independent of the imaging system, so scatter events, random 

events, dead-time, scanner geometry, sensitivity, and other system effects were not simulated; 

and the image reconstruction consisted of back projection with a discrete representation of the 

ramp filter in the spatial domain. Although these were reasonable simplifications for simulations, 

the FT phantom has since been built, so it can be characterized in comparison to a cylindrical 

object to verify the simulation results. 
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V.C.2.b) Methods 

A cylindrical phantom with a 20-cm diameter was filled with a uniform radioactivity 

concentration of 
18

F in water. A CT and 4-hour PET scan were acquired on a Discovery STE with 

list mode data saved. The list mode data were randomly sampled and rebinned into 100 2:24-min 

frames of non-correlated data (Conti, 2006; Watson, 2006). The sampling was done so that each 

of the new frames had similar photon detection rates and radioactive decay. A section of the FT 

phantom with a 20-cm deff was also acquired and rebinned in the same way. The average 

prompts per frame for the cylindrical phantom and the FT phantom were 7.186x10
6
 and 7.180 

x10
6
, respectively, and there was <0.5% relative standard deviation in the prompts per frame over 

their 100 frames. 

The 100 independent realizations of the cylindrical and FT phantom acquisitions were 

reconstructed using OSEM with 1–10 IT of 14 SS. The 50-cm FOV was reconstructed to a 128 × 

128 matrix with all corrections included in the system model (e.g., attenuation, normalization, 

decay, scatter, randoms). Randoms were corrected as a function of the singles rate, which was 

simply scaled by a factor of 100 because the Discovery STE does not save the rates data during 

an acquisition. Four sets of images with different degrees of post-smoothing were generated: 0.0, 

3.9, 7.8, and 11.7-mm Gaussian FWHM, which corresponded to 0, 1, 2, and 3-voxel widths. 

For the image quality assessment, ROIs were applied to the 10 slices (3.27 cm) at the 

center of the axial FOV. The ROIs were applied using the software algorithm for automating the 

placement of a large number of ROIs on an image, which was described in Chapter 2. Two 

different averages across ROI means were calculated; μ
_

r and μ
_

k are the average of the ROI 

means across different K = 10 ROIs in an image (Eq. II-4) and for the same ROI over the 

ensemble of R = 100 images (Eq. II-5), respectively. These means were used to calculate the BVr 

(Eq. II-6) and ENk (Eq. II-7). 
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V.C.2.c) Results and discussion 

Shown in Figure V-11 are reconstructions with 1–5 IT of one frame for (a) the 20-cm 

cylinder and (b) a section of the FT phantom with deff = 20 cm. The same frame of data that was 

reconstructed with 2 IT is shown in Figure V-12 with 4 levels of Gaussian post-smoothing: 0.0, 

3.9, 7.8, and 11.7 cm. Visually, the image quality between the cylinder and FT phantom for 

matched IT or post-smoothing is similar. 

Plotted in Figure V-13 are the image variability results, BV and EN, for the two phantoms 

as a function of IT and post-smoothing. The error bars are the first SD interval across the 100 

frames or the set of ROIs for BV and EN, respectively; i.e., for BV, the K = 10 ROIs in an image 

are averaged with the plotted data points being the average and SD across the R = 100 frames, 

and for EN, an ROI across the ensemble of R = 100 images is averaged with the plotted data 

points being the average and SD across the K = 10 ROIs. Results from the cylindrical phantom 

are in the left column and the FT phantom section data are on the right. In Figure V-13 (a)–(d), 

the variability increases with IT for both metrics, but as the post-smoothing FWHM increases, the 

variability decreases and becomes fixed at earlier IT. Lastly, in Figure V-13 (e), (f) the EN is 

No. of ITs 1 IT 2 IT 3 IT 4 IT 5 IT 

(a) 
 
 
 
 
 
  

(b) 

 

 
 
Figure V-11: Circle and stadium PET images reconstructed with increasing iterations 

One frame of OSEM reconstructions with 1–5 IT and no post-smoothing are shown for a (a) 
cylindrical phantom and the (b) FT phantom, each with deff = 20 cm. For each phantom a uniform 

distribution was scanned for 4 hours, and then the list mode data were binned into 100 
statistically unique frames and reconstructed. 
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plotted versus BV for each geometry. From the lower left to upper right of each plot, the number 

of IT increases and the post-smoothing decreases. 

Comparing the two metrics for each geometry with fixed IT and post-smoothing in Figure 

V-13, the metrics are equivalent (i.e., they lay on the line of identity). BV can be typically used 

when EN is not available, as was noted previously (Tong et al., 2010), and for many of the 

studies reported here, these findings, that this relationship holds regardless of phantom size or 

the shapes evaluated, are used. 

These results closely match the simulated results from Figure II-4. However, the error 

bars are noticeably different between these acquired data and the simulated results in Figure II-2, 

Figure II-3, and Figure II-4. For the simulated results, the EN error was greater than the BV error 

because of the number of ROIs. In the simulated results, the number of ROIs changed as 

function of the deff for BV, but EN was calculated using a fixed number of ensemble images (R = 

100). However the acquired data used a single deff and a coarser image matrix such that there 

were considerably fewer ROIs than there were ensemble images, so the BV results have more 

variability because it depends on fewer samples and not necessarily because it has more 

variability than EN in general. 

Gaussian 
post-filter 

0.0 mm 3.9 mm 7.8 mm 11.7 mm   

 
(a) 

 

(b) 

 
 

Figure V-12: Circle and stadium PET images reconstructed for increasing post-smoothing 

One frame of OSEM reconstructions with 2 IT and 4 levels of post-smoothing are shown for a (a) 
cylindrical phantom and the (b) FT phantom, each with deff = 20 cm. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 
 

Figure V-13: BV and EN for the circle and stadium acquired image sets 

(a),(b) BV and (c),(d) EN are plotted as a function of IT and post-smoothing for the cylinder 
phantom (left column) and the FT phantom section (right column). For matched number of ITs 

and post-smoothing, the EN versus BV are equivalent for (e) cylinder and (f) FT phantom (i.e., on 
the line of identity) for each geometry. From the lower left to upper right of (e) and (f), the number 

of IT increases and the post-smoothing decreases, and the error bars are the first standard 
deviation intervals. These results closely match the simulated results from Figure II-4. 
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The image variability metrics of the FT phantom versus cylindrical phantom are plotted in 

Figure V-14 for (a) BV and (b) EN. The error bars are again the first SD interval, and from the 

lower left to the upper right of each plot, the number of IT increases and the post-smoothing 

decreases. For low numbers of IT and higher amounts of post-smoothing, the image variability for 

the FT phantom and cylindrical phantom are nearly equal. As the image variability increases due 

to more IT or less post-smoothing, the FT phantom‘s variability increases more than the 

cylinder‘s. 
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Comparing image quality of TOF and non-TOF PET has primarily been done with 

cylinders, and as is discussed more in the next Chapter, this shape could over-represent the 

image quality improvement. If the FT and cylindrical phantoms with equal deff‘s would produce 

equal results, then the results that have been obtained with cylindrical phantoms could likely be 

(a) 

 
 

(b) 

 
 

Figure V-14: Image variability metrics for stadium versus circle geometries 

A section of the FT phantom (―stadium‖) with a deff = 20 cm is plotted versus a circle with a 20-cm 
diameter for the image variability metrics (a) BV and (b) EN. From the lower left to upper right of 

each plot, the number of ITs increases (for images with equal post-smoothing) and the post-
smoothing decreases (for images with equal ITs), and the error bars are the first standard 

deviation interval. For either low numbers of ITs or higher amounts of post-smoothing, the image 
variability for the stadium and circle are nearly equal. As the image variability increases due to 

more ITs or less post-smoothing, the stadium‘s variability increases more than the circle‘s. 
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ported to other, non-circular geometries, but that is not exactly the case. One cause could be that, 

indeed, the cylinder underestimates the image variability that would occur in the, slightly, more 

anthropomorphic stadium geometry. Another possibility is that deff is only good as a first-order 

approximation for relating circles to other geometries (i.e., it is close but not perfect), and 

additional terms or corrections would be necessary to relate other geometries to circles. However, 

for the purposes of this work, the deff is used as a reasonably close approximation. 

A limitation of this analysis was that it did not include TOF image reconstruction, which 

had been intended to be included in this project. Indeed, identical 4-hour acquisitions were 

acquired with the cylinder and FT phantom on a Discovery 690, but the ability to randomly bin the 

list mode data with timing information is not currently available. The Discovery 690 list mode file 

format with timing information is distinct from the Discovery STE file format; the Discovery 690 

data could be rebinned, but the timing information would be lost, which reduces it to a non-TOF 

analysis like the one already evaluated with the Discovery STE. 

Repeating an analysis of BV versus EN with TOF information for a cylinder and an 

ellipse, which is slightly more anthropomorphic, will be important future work. Because a circle 

has a constant diameter, the benefit of TOF is relatively straightforward to understand compared 

to an ellipse. For a circle, the path length through the center is constant. However, for an ellipse 

or stadium, a path through the major axis should benefit from TOF more than a path through the 

minor axis, especially as the eccentricity increases. For a circle and ellipse with equal deff, the 

ellipseminor-axis < circlediameter < ellipsemajor-axis, but how the greater TOF improvement of the 

ellipsemajor-axis balances with the lesser improvement of the ellipseminor-axis, which would be 

compared to circlediameter, will need to be evaluated.  

V.C.3. Measuring singles as a function of body size with the FT 
phantom 

V.C.3.a) Purpose 

Earlier in this Chapter, singles data were simulated for uniform distributions in the FT 

phantom. An analogous data set was acquired on the two clinical PET scanners that were 
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modeled for these simulations. Singles rates as a function of body size are compared to the 

simulated results. 

V.C.3.b) Methods 

 Two acquisitions of uniform 
18

F distribution in the FT phantom were acquired on the 

Discovery STE and Discovery 690. Four FOVs with a half-field overlap (~7.5 cm) were acquired 

on the Discovery STE with two radioactivity concentrations: 1.40 and 1.03 kBq/mL, and each 

FOV was acquired for 300 seconds. Three FOVs with a half-field overlap (~7.5 cm) were 

acquired on the Discovery 690 with two radioactivity concentrations: 1.64 and 1.41 kBq/mL. For 

the first acquisition with 1.64 kBq/mL, each FOV was acquired for 300 seconds, and the second 

acquisition had a variable acquisition duration from the small to large diameters: 180, 360, and 

720 seconds. 

The crystal singles data for the detector crystals were moved offline for analysis with 

custom software. The data are reported as a rate because the total singles were corrected for the 

different scan durations. These rate data were organized to match each scanner‘s crystal 

configuration, as shown for the Discovery STE in Figure I-1. 

For each of the 24 rings of detectors, the singles rates were summed for each ring. With 

each PET acquisition, CT images were also acquired so that body size could be measured. For 

each translations of the phantom through the PET FOV, a range of deff‘s was calculated from the 

CT images that corresponded to a ring of PET detectors. The rate sums are plotted versus the 

phantom deff‗s measured by each ring. 

Block detector dead time data were not analyzed because it could not be compared with 

simulated data. A cursory review of the block dead time using the manufacturer‘s system 

software did not show any obvious trends across the FOV, other than an expected increase in 

dead time with increased radioactivity. However, the overall dead time was relatively low, which 

would be expected with radioactivity concentrations between 1–2 kBq/mL. 
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V.C.3.c) Results and discussion 

The singles rates map of a uniform radioactivity distribution in the FT phantom are shown 

in Figure V-15 using the crystal convention shown in Figure I-1, except that block 0 of module 0 is 

at the top left. The maps are all windowed with the same levels. In Figure V-15, the Discovery 

STE maps are shown for radioactivity concentrations of (a) 1.40 and (b) 1.03 kBq/mL. Both (a) 

and (b) consist of four acquisitions, which have been concatenated together, where each 

separate acquisition is naturally separated by a dark line that corresponds to the reduced 

sensitivity at edges of the FOV. For each map, the front of the PET axial FOV (i.e., nearest to the 

CT tube), is the most superior row, and for each set of maps, the superior map corresponds to 

the largest phantom diameter. The Discovery 690 maps are shown for radioactivity 

concentrations of (c) 1.64 and (d) 1.41 kBq/mL. Both (c) and (d) consist of three acquisitions, 

which have been concatenated together. 
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The singles rates distribution on the maps in Figure V-15 are fairly typical with two 

noticeable features unique to the FT phantom. First, as the phantom is translated through the 

FOV from large to small body size (i.e., from the top map to the bottom map), the total 

radioactivity within an FOV decreases, so the singles rates decrease. Because the maps in (a)–

(d) have the same window, a subtle triangular ―shadow‖ can be seen for each set of acquisitions 

(Figure V-15), which corresponds to the changing radioactivity distribution as the FT phantom is 

 
(a) 

 
(b) 

 
(c) 

 
 (d) 

 
(e) 

 

Figure V-15: Acquired detector crystal singles maps for the Discovery STE and Discovery 690 

The singles rates map of a uniform radioactivity distribution in the FT phantom are shown using 
the crystal convention shown in Figure I-1, except that block 0 of module 0 is at the top left. (a)–

(d) are windowed with the same levels. Discovery STE maps are shown for radioactivity 
concentrations of (a) 1.40 and (b) 1.03 kBq/mL; each has four acquisitions, where each separate 

acquisition is naturally separated by a dark line that corresponds to the reduced sensitivity at 
edges of the FOV. The front of the PET axial FOV is the most superior row, and for each set of 

maps, the superior map corresponds to the largest phantom diameter. Maps of the Discovery 690 
are shown for radioactivity concentrations of (c) 1.64 and (d) 1.41 kBq/mL; each has three 

acquisitions. (e) is a map from one of the acquisitions in (c) that is windowed to accentuate the 
effect of the tapered distribution. 
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translated through the FOV. The second noticeable characteristic is that the few rows that 

correspond to the front of the gantry become increasingly darker (i.e., have much fewer counts). 

The reason for this is most easily visualized with the lower half of Figure IV-7. In Figure IV-7, the 

front of the gantry is on the left. As the FT phantom is translated from right to left, there will be 

less radioactivity to the right of the FOV but still radioactivity to the left. Thus, the rows of crystals 

at the back of the gantry (i.e., on the right) continue to detect counts from outside the FOV, but 

the crystal rows at the front of the gantry are able to ―see‖ less radioactivity. 

For each of the 24 rings of detectors for each of the acquisitions (either four with the 

Discovery STE or three with the Discovery 690), the singles rates were summed for each ring. 

These rate sums are plotted versus the phantom deff measured by each ring in Figure V-16. The 

apparent drop in Discovery STE singles rates as phantom size increases for two of the bed 

positions is due to the same effect that causes the lower count rates at the front of the gantry in 

Figure V-15. 

 
Figure V-16: Detector singles rates acquired with different scanners, concentrations, and 

body sizes 

Detector singles rates of the 24 crystal rings for each of the acquisitions, either four with the 
Discovery STE (red) or three with the Discovery 690 (black), are plotted versus the phantom deff 

measured by each ring. The singles rates were summed for each ring. The apparent drop in 
Discovery STE singles rates for two bed positions is due to reduced radioactivity outside the 

FOV, as was shown in Figure V-15. 
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In Figure V-16, the Discovery 690 has a lower count rate than the Discovery STE for 

matched radioactivity concentration (1.40 kBq/mL). This can be explained by the different 

detection sensitivities of the Discovery STE: 9.35 cps/kBq (Turkington et al., 2005), and the 

Discovery 690: 7.0 cps/kBq (Kemp et al., 2009). For matched activity concentrations, the ratio of 

the Discovery 690 to the Discovery STE count rates across the different body sizes should be 

approximately equal to 7.0/9.35 = 0.749. Because one acquisition used 3 bed positions and other 

used 4, the singles rates were matched as a function of body size, and data were excluded if 

either data set (from the Discovery STE or the Discovery 690) was within 3 crystal rings of the 

edge of the FOV. The mean of the ratio of the singles rates for Discovery 690 to Discovery STE 

across the different body sizes is 0.743 with an SD of 0.079. 

Lastly, the acquired data shown in Figure V-15 and Figure V-16 is satisfactorily similar to 

the simulated singles data in Figure V-8 and Figure V-9, which further validates the simulation 

methods used to design and characterize the FT phantom. 

V.C.4. Multisphere NECR and image quality 

V.C.4.a) Purpose 

The noise equivalent count rate (NECR) is a system level metric that describes the 

quality of prompt coincidences, which can be predictive of reconstructed image quality (Strother 

et al., 1990). NECR measures the quality of a scanner‘s true coincidences, accounting for the 

background coincidences (Eq. I-4), and several studies have shown that NECR can be a good 

surrogate for reconstructed image quality: NECR ∝ SNR
2
, even for increased body size 

(Wollenweber et al., 2002; Wollenweber et al., 2004; Halpern et al., 2005). An NECR density 

(NECRD), which was described in Chapter 2, is NECR normalized to a patient‘s size (e.g., 

weight, BMI, transmission data) (Kinahan et al., 2005; Watson et al., 2005; Danna et al., 2006; 

Chang et al., 2009; Accorsi et al., 2010). 

To conclude this chapter on characterizing the FT phantom, NECRD is related to 

reconstructed image quality using small, spherical lesions (Wilson et al., 2009). In Chapter 3, a 
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multisphere phantom set-up with 1.0-cm spheres and analysis software were described. These 

are used to measure image quality at a few discrete body sizes in the FT phantom. NECRD for 

these sections will be calculated using prompt and random coincidence rates measured using a 

Discovery STE, phantom size measured with CT images, and the SF as a function of body size. 

By doing this work on a Discovery STE, 2D PET and a delayed-events channel were able to be 

evaluated (these are not necessarily standard PET system features), but because a 2D SF has 

not been previously measured, a line source SF measurement was repeated. For each discrete 

body size the NECR ∝ SNR
2
 is expected to hold true, and with NECR normalized to body size, a 

relationship of image quality as a function of body size should emerge. 

V.C.4.b) Methods 

The first count-based measurement was to assess SF as a function of body size. 

Although much of this chapter has already been devoted to simulating and measuring SF, those 

measurements were constrained to 3D geometries. For 2D PET, the presence of septa 

considerably reduces the true, scatter, and random coincidence rate compared to 3D, so an SF 

for 2D must be measured separately.  

These measurements were made on a Discovery STE. SFs were measured with a line 

source offset and parallel to the phantom wall similar to Figure V-4, but for this simplified SF 

measure, the line source did not extend into the 10-cm extensions at either end. Three frames 

with half-frame overlap (total length of 30 cm) were acquired starting with high total radioactivity 

(104 MBq) and alternating between 2D and 3D for multiple acquisitions as the source decays. 

The 3D plane data were rebinned to 2D sinograms for both prompt and random coincidences 

using SSRB. Typically, SF is measured for one bed position with a low count rate so that there 

are essentially no random coincidences events, but for this study, which required multiple bed 

positions of a phantom much larger than the NEMA SF, the randoms rate was non-negligible. 

Thus, the randoms sinogram was subtracted from the prompts sinogram. The last acquisition of 

2D and 3D PET data, where the randoms rate is lowest, was used for the SF calculation. 
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As has been described, to measure SF a mask was applied to the sinogram so that only 

the coincidences within a region slightly larger than the phantom‘s boundary were counted. To 

create these masks, the CT images were forward projected (Figure IV-5). Then SF was 

calculated similar to NEMA NU2 (2001). 

The NECRs (Eq. V-1) were calculated using the masked SFs (although S/T was used 

instead of Eq. IV-2), and masked random coincidences were corrected using the detector singles 

rate. 

 
  

Eq. V-1 
 

In Eq. V-1, S’ and R’ denote that the sinograms were masked with a forward projection of the 

transmission data. As the radioactivity increases, the ratio of 3D to 2D decreases because the 

higher count rate increases the randoms fraction for 3D more than 2D.  

For the image-based metrics, image quality measurements were made using the same 

set of 1.0-cm spherical lesions described in Chapter 3. A multisphere set-up was used in the FT 

phantom grouped in four distinct regions. Sets of eight 1-cm spheres were positioned, as seen on 

the coronal CT image (Figure V-17). The spheres were filled with a 6:1 concentration of FDG and 

iodinated contrast for localization on the CT. Eight successive scans were acquired; all frames 

were reconstructed using OSEM with 10 SS and 1–20 IT with all corrections applied and 4.29-

mm FWHM Gaussian post-smoothing. Two random events correction methods were evaluated: 

randoms from singles (RFS) and delayed-events channel subtraction (DES). For each section, 

not all 8 spheres were centered in the same transaxial slice, but they were relatively close. To 

measure the image quality of small spherical lesions, the algorithm described in Chapter 3 

(Figure III-2) was used to measure %CRC (Eq. III-4), %BV (Eq. III-5), and the SNR (Eq. III-6). 

The system performance to image quality relationship being evaluated is the SNR versus 

NECR at each of the 4 body sections. Typically in the clinical setting, images are reconstructed 

using the same parameters (e.g., algorithm, IT, SS, corrections) independent of the distribution 
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size (i.e., from small to large patients). Thus, one evaluation of image quality was to calculate 

SNRs for a fixed number of IT, 4 IT, independent of body size. 

Another approach for comparing image quality is to select a fixed level of acceptable BV 

or desired CRC that images reach for all body sizes and then choose an iteration number that 

achieves it, so an additional analysis of NECRD was done for a matched CRC. NECR as a 

function of size was calculated for each multisphere acquisition using the prompt and delay 

sinograms along with the size-based SFs, and the NECR of the four body sizes in the FT 

phantom were normalized by the phantom‘s area to calculate NECRD (Eq. V-2). For the decay 

series with the line source that alternated between 2D and 3D, the last frames with the lowest 

randoms rate, were used for 2D and 3D SF calculations. 

 
 

Eq. V-2 
 

An NECR was calculated at those four positions by averaging the scatter-to-true ratios from ±2 

proximate slices. 

(a) 
 
 
 

 
 

 
 

(b) 
   

 
 

Figure V-17: Multisphere set-up in the FT phantom for measuring SNR versus NECRD 

Sets of 8 1.0-cm spheres were positioned throughout the FT phantom‘s volume, as seen on the 
coronal CT image (left). The spheres were filled with a 6:1 concentration of 

18
F and iodine 

contrast for localization on the CT. From left-to-right the deff‘s are 22, 27, 33, and 38 cm. (a) the 
images are selected based on the ITs that yield matched %CRC (~15%; listed in Table V-2), and 
(b) the images were all reconstructed with 4 IT. Considering the more common practice where all 

image sets are reconstructed with a fixed number of IT, the largest end has considerably less 
variability. However, for the range of radioactivities that were studied, the SNR values are 

relatively similar between (a) and (b) as listed in Table V-2. 
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V.C.4.c) Results and discussion 

NECRD was related to reconstructed image quality using small, spherical lesions (Wilson 

et al., 2009); for each discrete body size, NECR should be approximately proportional to SNR
2
, 

and if NECR is normalized to body size to calculate NECRD, then a relationship of image quality 

as a function of body should emerge. 

SFs for 2D and 3D PET measured on a Discovery STE are plotted in Figure V-18 as a 

function of the FT phantom‘s deff. As a comparison with earlier results, the 3D SFs and trend in 

Figure V-18 are equal to Figure V-10 (a) for deff from ~22 cm to ~32 cm, but at the large and small 

ends in Figure V-18, the SFs differ because the line source did not extend to the end extensions. 

The SFs in Figure V-18 have been truncated; the range of body sizes for 2D and 3D SFs is short 

because only three BPs were acquired, and the SFs at the edges of the axial FOV have been 

excluded (i.e., the drops in SF that can be seen in Figure V-3 and Figure V-10 have been 

excluded to simplify evaluation). The 2D and 3D SFs were measured at the end of a decay series 

in which multiple acquisitions of the three BPs were done in both modes. 

 

Figure V-18: 2D and 3D SFs for the FT phantom measured on a Discovery STE 

The SFs for 2D and 3D PET measured on a Discovery STE are plotted as a function of the FT 
phantom‘s deff. The plot of SFs have been truncated; the range of body sizes for 2D and 3D SFs 
is short because only 3 bed positions were acquired, and the SFs at the edges of the axial FOV 
where sensitivity is low have been excluded (i.e., the drop in SF that can be seen in Figure V-3 

and Figure V-10 have been excluded to simplify evaluation). 
 



 

136 

The ratio of the 3D NECRs to 2D NECRs are plotted in Figure V-19 for 4 levels of 

radioactivity at the 4 deff‘s where the 1.0-cm spheres were mounted (separate acquisition, Figure 

V-17). The NECRs (Eq. V-1) were calculated using the masked SFs shown in Figure V-18 

(although S/T was used instead of Eq. IV-2), and masked random coincidences were corrected 

using the detector singles rate. As the radioactivity increases, the ratio of 3D to 2D decreases 

because the higher count rate increases the randoms fraction for 3D more than 2D. If this trend 

were followed to higher radioactivities, eventually 2D-mode would perform better than 3D, 

especially for the largest body sizes (Lartizien et al., 2002). Also, as the body size increases, the 

3D to 2D ratio decreases because there are fewer true coincidences, and the 3D SF and number 

of scattered events increases more with size than they do for 2D. 
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In Figure V-17, a coronal CT of the FT phantom shows where the 1.0-cm spheres were 

mounted. For each section, as can be seen in the figure, not all 8 spheres were centered in the 

same transaxial slice, but they were relatively close. The %BV is plotted versus %CRC for these 

deff‘s in Figure V-20. Both corrections for random coincidences, RFS and DES, are plotted in (a) 

(a) 

 
 

(b) 

 
 

Figure V-19: Ratio of NEC3D to NEC2D as a function of body size  

The ratio of the 3D NECs to 2D NECs are plotted for 4 levels of radioactivity at the 4 deff‘s where 
the 1.0-cm were mounted (separate acquisition, Figure V-17). The SFs for calculating the NECs 
are shown in Figure V-18, and random coincidences were corrected using (a) RFS (b) DES. As 

the radioactivity increases, the ratio of 3D to 2D decreases because the higher count rate 
increases the randoms fraction for 3D more than 2D. If this trend were followed to higher 

radioactivities, eventually 2D-mode would perform better than 3D, especially for the largest body 
sizes. Also, as the body size increases, the 3D to 2D ratio decreases because there are fewer 

true coincidences, and the 3D SF and number of scattered events increases more with size than 
they do for 2D. 
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using 2D data. Except for the largest section, the %BV and %CRC are characteristically similar 

for DES and RFS, but RFS does converge more quickly than DES. In Figure V-20 (b), %BV is 

plotted versus %CRC for images reconstructed with 2D and 3D data (radioactivity concentration 

at the time of acquisition was ~2.0 kBq/mL) using the RFS correction. These results are similar to 

those in Figure V-19: 3D typically achieves greater %CRC and always has less %BV in Figure 

V-20 (b). 

(a) 

 
 

(b) 

 
 

Figure V-20: BV versus CRC as a function of body sizes, iterations, and randoms 
corrections 

%BV is plotted versus %CRC for different deff‘s of (a) 2D data reconstructed with DES and RFS 
and of (b) 2D and 3D data reconstructed with RFS. These results are similar to those in Figure 
V-19 where 3D performs better than 2D in this study: 3D typically achieves greater %CRC and 

always has less %BV (b). 
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The image quality to system performance relationship being evaluated is SNR as a 

function of NECR and NECRD. SNRs were calculated for the 4 body sections using the IT 

numbers that yield equal %CRC. To equalize the %CRC across the different sizes, the %CRC of 

deff = 38 cm was considerably less than the smaller body sizes, so it was the limiting factor, and 

as can be seen in Figure V-20, %BV decreases as size decreases. SNRs were also calculated 

for a fixed number of IT for all sizes, which is done clinically. The number of IT, %CRC, and SNR 

of the four body sections with matched CRC and fixed IT are listed in Table V-2. 

Arrayed in Figure V-17 are the transaxial PET images listed in Table V-2. From left-to-

right, the deff‘s are 22, 27, 33, and 38 cm. On the top, the images are reconstructed to matched 

%CRC (~15%), and on the bottom, the images were reconstructed with 4 IT. Considering the 

more common practice in which all studies are reconstructed with a fixed number of IT, the 

largest end has considerably less variability. However, for the range of radioactivities that were 

studied, the SNR values are relatively similar between fixed IT and matched %CRC. The sample 

images in Figure V-17 are of a 3D study, and the 2D studies had similar trends. 

Table V-2: Small lesion image quality as a function of body size for a GE Discovery STE 

 
deff (cm) IT %CRC SNR 

Equal %CRC 22 2 14.8 16.9 

 
27 4 15.5 11.4 

 
33 11 14.9 6.1 

 
38 18 15.0 3.2 

Equal IT 22 4 21.6 18.6 

 
27 4 15.5 11.4 

 
33 4   9.1   5.9 

 
38 4   8.2   3.5 

 
Table V-3: Linear regression of SNR versus NECRD 

PET Mode R correction a R
2 

2D RFS 92.9 0.913 

2D DES 98.1 0.925 

3D RFS 61.0 0.734 

3D DES 61.9 0.960 
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For the four 2D and 3D acquisitions consisting of 4 body sections, SNRs are plotted 

versus the square root of their NECRs in Figure V-21 for two different randoms corrections: (a) 

DES and (b) RFS. Because the phantom continuously tapers and the sphere volumes extended 

into adjacent slices, these NECRs are the mean NECRs of those slices. There is an obvious 

separation between the 2D and 3D data points, and the SNRs decrease with body size. After 

normalizing NECR for the different body sizes (Eq. V-2), a well-correlated relationship emerges in 

Figure V-21 for both (c) DES and (d) RFS. A linear fit was applied to the data in Figure V-21, and 

listed in Table V-3 are the linear regression slopes, a, and R
2
 values: 

 
 

Eq. V-3 
 

Although the linear fits are well correlated and the slopes for 2D and 3D are similar, it is unclear 

why the 3D-RFS linear regression has a considerably poorer fit than the others. In Figure V-21 (d) 

there are two data points for ―3D, 38 cm‖ that appear to be outliers, and if they are ignored, the R
2
 

value is improved. However, this changes the 3D RFS slope, a, which is well matched to the 3D 

DES slope with the ―spurious‖ points. For a given NECRD, 2D yields a higher SNR than 3D, but 

for the radioactivity levels studied here, 3D has a higher NECR than 2D and, thus, is higher on 

the SNR versus NECRD curve.  
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In this section, the FT phantom was used to measure count-based statistics and image 

quality for a range of body sizes. For count rates well below peak-NECR, NECRD and small 

lesion SNR are well correlated over a range of body sizes for 2D and 3D PET, and 3D PET had 

superior image quality and count statistics compared to 2D. In the next chapter, a similar 

phantom set-up and image analysis are performed for time-of-flight and non-TOF PET over a 

range of body sizes to parameterize TOF‘s image quality improvement. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
Figure V-21: Image quality as a function of count quality and density for increasing body size 

For the four 2D and 3D acquisitions consisting of four body sections, SNRs are plotted versus the 
square root of their NECRs using random corrections (a) DES and (b) RFS. Because the 

phantom continuously tapers and the sphere volumes extended into adjacent slices, these 
NECRs are the mean NECR of those slices. There is an obvious separation between the 2D and 
3D data points, and the SNRs decrease with body size. After calculating NECRD by normalizing 

NECR for the different body sizes, then a well-correlated relationship emerges for (c) DES and (d) 
RFS. Listed in Table V-3 are the linear regression slopes, a, and R

2
 values for (c) and (d). 

 



 

142 

VI. Parameterizing TOF versus non-TOF PET image 
quality 

VI.A. Introduction 

VI.A.1. Theorized TOF image quality improvement 

Based on the improvements that TOF technology offers, it has been theorized that TOF‘s 

image quality improvement compared to non-TOF PET will follow the relationship given in Eq. I-5, 

where SNRTOF and SNRconv are the SNR for TOF and conventional, non-TOF PET, respectively, 

and D is the diameter of the radioactivity distribution as in Figure I-3 and Figure I-4 (Snyder et al., 

1981; Tomitani, 1981; Budinger, 1983). 

A key component of TOF PET imaging is the detection timing resolution: TOF PET 

requires excellent timing resolution. Because of this good resolution, the coincidence timing 

window, 2τ (Eq. I-3), will be small, which reduces the random events rate, R (Yamamoto et al., 

1983), compared to PET detectors that use scintillators with poorer timing resolutions such as 

BGO and GSO. Recalling NECR from Eq. I-4, it is evident that as R decreases the data quality, 

and thus image quality (Moses, 2003), will improve. Additionally, if a scintillators good timing 

resolution is coupled with a fast signal decay and short pulse, then the dead time losses and 

pulse pile-up in the detectors will decrease, which should increase the live time for detecting true 

coincidences (Conti, 2006). Because TOF PET requires using scintillators with good timing 

resolution, TOF PET systems yield an overall decrease in the fraction of background counts and 

increase the fraction of true counts compared to systems with poorer timing resolutions (all other 

parameters being equal) (Badawi et al., 2004; Kimdon et al., 2004). 

The major improvement of TOF technology is the ability to localize, with some 

confidence, where along an LOR a β
+
 annihilation occurred. As was discussed in Chapter 1 

(Figure I-3 and Figure I-4), if an annihilation occurs in an object of size D a distance x from the 

midpoint of a detector pair, then the difference in arrival and detection times, in terms of the 

difference of the photons‘ travel distance, is related by: Δt = Δd / c. This can be put in terms of the 
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distance from the detector pairs‘ midpoint, Δt = 2x / c. Because the detectors‘ timing resolution is 

not perfect, there will be some error in the measurement of Δt, στ. Thus, the origin of the 

annihilation photons along a line Δd is localized to a position with an error of σd, given by: σd = στ ∙ 

c / 2 (Cherry et al., 2003). 

By definition, the Poisson statistical noise in the measurement of a point source in an 

LOR is the square root of the point‘s counts, but the point‘s measurement is acquired with the 

other points in the LOR. Because the point‘s measurement is coupled with these other points, the 

point‘s statistical noise is greater than if it had been measured individually. The localization of a 

point‘s counts to a chord σd on the LOR effectively decouples the point‘s measurement from 

many others, though not all points, in the LOR, which also removes the addition of statistical 

noise from many of the other points in the LOR. 

Several assumptions were made for the heuristic argument (Snyder et al., 1981) and the 

analytical derivation of Eq. I-5 (Tomitani, 1981). The noise was (1) measured as the variance in a 

single voxel over an ensemble of images (e.g., Eq. II-6) (2) at the center of the FOV (3) in a 

cylindrical, uniform radioactivity distribution (4) with only true coincidences (i.e., no scatter or 

random coincidences), (5) no attenuation, (6) perfect modeling of the timing resolution during 

reconstruction (i.e., a perfect timing kernel based on the mean position, μ, and the timing 

resolution, σ
2
τ); and (6) CWFBP image reconstruction. Individually, each of these assumptions 

may cause both over- and underestimations of the improvement and will have varying degrees of 

influence that make the D/σd improvement questionable. 

Only measuring image quality at the center of the FOV and not accounting for 

attenuation, detector geometry, and other physically degrading effects may inaccurately predict 

the TOF improvement. At the time that Tomitani and Snyder published their assessments of TOF 

improvements, two other reports were also published that discussed causes of non-uniformity 

across the axial FOV. Alpert et al. (1982) showed how image noise increases radially from the 

center of the FOV using analytically calculated projections of a disk that were reconstructed with 

FBP. In terms of spatial resolution, Hoffman et al. (1982) showed in part 6 of their series on 
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―Quantitation in Positron Emission Computed-Tomography‖ how spatial resolution degrades 

radially from the center of the FOV. Thus, measurements made at the center of the FOV have 

positive and negative biases that are not representative of the whole FOV. 

It is unclear how only considering image quality improvement at the center of the FOV 

would bias the estimated TOF gain. At the center, the spatial resolution is the best, and the center 

intersects the most LORs, which are both ideal circumstances. However, the source at the center 

is attenuated the most, so the density of counts in the detected data is reduced, which will 

increase noise in the corrections. Thus, the center of the image is more apt to suffer from poorer 

count statistics and non-uniformities due to corrections. In other words, being at the center of the 

image can be both beneficial and detrimental, and how these tradeoffs are made, which were 

ignored in the theoretical gains, when evaluating the gain with TOF is not straightforward. 

Additionally, the gain at the center may not be predictive of the gain in the rest of the FOV, which 

was also not included in deriving Eq. I-5. 

The count quality, and thus image quality improvement, of TOF is underestimated by 

ignoring the reduction of R and S in the acquired data (Holmes et al., 1984; Politte and Snyder, 

1991). Because both R and S can appear to originate from outside the radioactivity distribution, 

their diameter is larger than D, so their contribution to image noise is further reduced than is 

captured in Eq. I-5 (Moses, 2003). Kimdon et al. simulated data with increasing background 

fractions and comparing TOF to non-TOF image quality (2004). In their analysis, there was a 

baseline improvement with TOF when only true events were reconstructed, and then the TOF 

gains increased considerably for higher fractions of randoms but only modestly for scatters. The 

disparity of TOF-gain between the two fractions is not surprising because random events are 

proportional to 2τ, which is much narrower for TOF, but scattered events have comparatively 

minimal temporal dependency. 

In the reconstruction of TOF images, the PET scanner‘s timing resolution is included in 

the system model. Typically, a timing kernel for each LOR is calculated based on the geometric 

distance between the detectors and is blurred with a Gaussian function dependent on the timing 
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resolution. The timing resolution and this timing kernel are usually assumed to be known 

accurately, which was assumed in deriving Eq. I-5, but in practice, this is not necessarily true 

(especially in PET scanners that do not use block detectors, because the timing resolution 

changes for high count rates (Surti et al., 2007)). Using a mismatched timing kernel with a 

resolution that is either too large or small degrades image quality (Vandenberghe et al., 2007; 

Cao et al., 2010). Thus, to achieve the maximum gain of TOF requires having a relatively 

accurate timing kernel. 

As was shown in Figure I-5, confidence weighted FBP (CWFBP), which was the 

assumed reconstruction algorithm in the TOF gain calculations, incorporates timing information 

as a Gaussian distribution, with μ centered on the ―most likely position‖ of the annihilation and 

variance in timing resolution σ
2
τ based on the accuracy of the coincidence timing. Though FBP 

may still be used clinically (and CWFBP by extension), iterative reconstruction methods (e.g., 

OSEM, MLEM) are more commonly used. Harrison et al. (2004) showed that the image quality 

improvement of TOF CWFBP over non-TOF FBP was less than expected using simulated data of 

only true events. 

Since the early 1980s there have been considerable improvements in both analytical and 

iterative reconstruction algorithms that incorporate a system model, improve contrast recovery, 

and reduce noise. Many of these iterative algorithms do not have closed form solutions, so a 

theoretical gain could not be calculated in the same way it could be for CWFBP. However, thus 

far the measured image quality gains using iterative algorithms with and without arrival timing 

differences have been less than the predicted D/σd factor (Politte, 1990; Watson, 2006; Surti et 

al., 2007; Watson, 2007a). 

Because iterative reconstruction algorithms are non-linear, in general the statistical 

properties of the reconstructed images and the optimal reconstruction parameters cannot be 

directly calculated from the data. Using estimations, simplifications, and surrogate functions, 

some iterative algorithms can be made approximately linear (Barrett et al., 1994; Wilson et al., 

1994), but these are the exceptions as opposed to the rule. Thus, the effect of reconstruction 



 

146 

algorithms and their parameters have on image quality must be evaluated with simulated or 

acquired data. Although simulated data can be informative, the optimal choice is to use acquired 

data (Jaszczak, 2010). 

VI.A.2. TOF image quality as a function of body size 

The purpose of this dissertation is to parameterize the image quality improvement with 

TOF PET as a function of the body size. The preceding chapters have established the validity of 

the phantom measurements and analyses that are used in this chapter. 

The ratio of SNRTOF to SNRconv in Eq. I-5 is proportional to two parameters: the system‘s 

timing resolution, which has multiple dependencies, and the radioactivity distribution‘s diameter. 

TOF systems are expected to have the greatest image quality improvement for the largest 

patients, which is an increasingly higher fraction of the United States population. Though the 

theorized image quality improvement of TOF PET made 30 years ago was a well-reasoned 

estimation, there were influential physical effects that were excluded, as has been discussed, and 

there have been several technological advancements. 

Therefore, the improvement of TOF PET image quality compared to non-TOF PET will be 

parameterized as a function of body size, which has previously been measured for only a few 

sizes in cylindrical objects (Surti and Karp, 2009). As was described in Chapters 4 and 5, a 

fillable, tapered phantom (FT phantom) was built that represents a range of body dimensions. 

Inserts can be positioned throughout the volume to measure the image quality of several 

diameters. PET data were acquired using the FT phantom and reconstructed using a variety of 

iterative reconstruction techniques, and image quality was parameterized as a function of body 

size for radioactivity distributions: small, hot lesions in a warm background, and a cold 

compartment in a warm background. 

VI.B. Cold water column 

Recovering regions with no radioactivity (i.e., cold) is particularly challenging in PET. This 

is in part due to the noise from other counts along the LOR with the cold region (Figure I-4). 
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Spatial resolution and partial volume effects can also cause counts to be incorrectly attributed to 

cold regions. Recovering cold contrast with iterative image reconstruction is additionally 

challenging because the algorithms include non-negativity constraints, which introduces a 

positive bias that limits the algorithm‘s ability to approach zero in cold regions of the image. 

The ability of TOF PET to localize counts to a segment of the LOR should limit the 

propagation of noise into cold regions of an image. For a region that is large enough relative to 

the σd, perfect cold contrast near the center of region could be recovered. However, this would 

have to be a relatively large feature. 

The purpose of this study was to measure cold region image quality improvement (i.e., 

%CRC and %BV) of TOF over non-TOF as a function of body size. A 5-cm diameter cold column 

was used because at its center the cold region should not be affected by spatial resolution or 

partial volume effects, so the improvement in cold %CRC should be solely due to TOF. 

These PET data were also used to evaluate the influence of regularized reconstruction 

on cold regions. As was discussed in Chapter 3, penalized likelihood (PL) image reconstruction 

with an objective function penalizes differences in neighboring image voxels so that the image is 

smoother (Mumcuoglu et al., 1996). However, when there are physiologically different radiotracer 

uptakes, then neighboring voxels should not be penalized, and an edge should be allowed to 

form. This has traditionally been measured between warm and hot radioactive regions, so these 

data were also reconstructed using the modified BSREM algorithm. 

VI.B.1. Methods 

VI.B.1.a) Set-up and acquisition 

To measure image quality of a cold region as a function of body size, a 5.0-cm diameter 

rod, which was 45-cm long and filled with water, was mounted in the FT phantom. The rod was 

positioned at the center of the FT phantom and parallel to its long-axis. The FT phantom‘s volume 

was filled with a solution of 
18

F and water that was 3.4 kBq/mL at scan time, but the concentration 
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was essentially the same for the different bed positions because of the relatively short scan 

durations. 

The PET/CT data were acquired on the TOF-capable Discovery 690 PET/CT (GE 

Healthcare; Waukesha, WI, USA), which uses LYSO crystals (4.25 × 6.3 × 25 mm
3
) in four rings 

of 6 × 9-crystal blocks (Kemp et al., 2009). The system's measured timing resolution is 600 ps, 

and the σt used in reconstruction is 650 ps. A CT image set was acquired for PET data 

corrections and to measure the phantom‘s dimensions for the respective PET bed positions. CT 

slices at four different positions in the FT phantom are shown in Figure VI-1 (a)–(d). 

Four 3D PET bed positions (no septa) at different sizes of the FT phantom were scanned 

with TOF and list mode data collected, and data were acquired with slices shown in Figure VI-1 

positioned at the center of the axial FOV. The radioactivity concentration in the phantom was 

uniform, but because the size changes, there is more total radioactivity in the PET FOV as the 

size increases. Therefore, for constant scan duration, more prompts will be recorded as the 

phantom size increases, but these counts will also be distributed over a larger volume. This effect 

would influence image quality and could bias evaluating image quality as a function of body size. 

As a first-order approximation to reduce the effect of increased prompts at the larger end, 

scan duration was varied as a function of body size. First with the CT images, the FT phantom 

volume in each of the four PET bed positions was measured. Next, based on the total prompts 

recorded for each frame, scan durations for the four bed positions were calculated that would 

yield a constant prompt density as a function of body size. In other words, dividing the total 

     
(a) (b) (c) (d) (e) 

Figure VI-1: CT images of FT phantom with cold column and ROIs 

CT slices at four different positions in FT phantom are shown in (a)-(d). The slices shown were at 
the center of PET axial FOV, so the respective PET slices plus 4 superior and inferior slices were 
analyzed. A map of the ROIs applied PET image slices is shown in (e); there were 10 background 

ROIs (white) and 1 signal ROI (gray, highlighted by the arrow) per slice. Each ROI consisted of 
11 image voxels (0.56 mL). 
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prompts measured for a PET bed position by the phantom volume in the FOV was approximately 

equal for the four frames. The list mode data were replayed for the four calculated scan durations, 

Treplay, as listed in Table VI-1. 

VI.B.1.b) Image reconstruction  

The 50-cm FOV was reconstructed to a 128 × 128 image matrix with attenuation, 

normalization, decay, scatter, and singles-based random corrections included in the system 

model applied within the iterative loop. Z-axis post-smoothing was applied, but no other post-

smoothing was used. 

Images were reconstructed using 3D OSEM with 1–20 IT of 8 SS for TOF and non-TOF 

data. In total, 160 PET image sets were reconstructed: 4 bed positions of 1–20 IT for TOF and 

non-TOF. 

This PET data was also reconstructed using PL image reconstruction, but TOF was not 

included in the PL reconstruction. The values for IT, SS, α0, and γ were chosen after some testing 

to ensure that convergence of the objective function, Φ (Eq. III-8), was essentially reached at 20 

IT. The PL reconstructions were initiated with 2 IT of OSEM, and then used 25 IT with 20 SS, an 

initial stepsize update α0 = 3.0, and a stepsize relaxation γ = 0.20 (Figure III-4). The range of 

Table VI-1: Acquisition duration and prompt density for a cold column in the FT phantom 

deff (cm) T0 (sec) P / mL TReplay (sec) PReplay / mL 

25.3 90 16 653 75 13 892 

29.1 90 13 885 90 13 885 

32.9 150 18 838 111 13 978 

35.8 150 15 893 131 13 900 

 
Table VI-2: BSREM reconstruction parameters for a cold column in the FT phantom 

υ(f) No. of images δ β 

gen Gauss 63 1.05, 1.15, 1.25, 1.35 
0.1, 0.2, 0.3, 0.5, 0.75, 

1, 1.25, 1.5, 2 

Huber 180 
0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 

1, 1.1, 1.2, 1.3, 1.4, 1.5, 3, 4, 5 
0.1, 0.2, 0.3, 0.5, 0.75, 
1, 1.25, 1.5, 2, 4, 6, 8 

logCosh 13 
N/A 

0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 
1, 1.25, 1.5, 2, 4, 6, 8, 10, 12, 14, 16, 

20, 30, 50, 100, 150 quadratic 13 
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parameter values for the four potential functions used are listed in Table VI-2. No post-smoothing 

was applied. In total, 1076 PET image sets were reconstructed: 4 bed positions of the 269 

permutations of regularization values listed in Table VI-2. 

VI.B.1.c) Analysis 

The same analysis was applied to each image set of the 4 bed positions reconstructed 

with the different algorithms: TOF, non-TOF, and BSREM. A bed position image set consists of 

47 slices, but only the center 9 slices (29.4 mm) were extracted for evaluation. The slices shown 

in Figure VI-1 are at the center of the PET axial FOV, so the respective PET slices plus 4 superior 

and inferior slices were analyzed. 

Eleven ROIs were applied to a slice: 1 signal ROI (sROI) at the center of the cold region 

and 10 background ROIs (bROIs). Each ROI consisted of 11 image voxels (0.55 mL), and the 

arrangement of ROIs is shown in Figure VI-1 (e). Using the mean of the 9 sROIs, the percent cold 

contrast recovery coefficient (%CRCmean) was measured using Eq. VI-1, where N = 9 slices is 

indexed with i, μi
s
 is the mean value in the sROI, and μi

b
 is mean of the bROIs. 

 The minimum value in the sROI, which is also of interest, is evaluated using Eq. VI-1, but for this 

%CRCmin calculation, μi
s
 is the minimum voxel in the sROI for slice i, instead of μi

s
 being the 

sROI‘s mean. Variability is measured across μi
b
 using Eq. III-2, where K = 10 bROIs for slice i. 

and percent background variability (%BV) is calculated with Eq. VI-2. 

SNR (Eq. VI-3) is calculated as the mean of %CRC-to-%BV ratios. 

No comparison is made between the TOF and BSREM reconstructions. 

 
 

Eq. VI-1 
 

 
 

Eq. VI-2 
 

 
 

Eq. VI-3 
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VI.B.2. Results and discussion 

VI.B.2.a) TOF and non-TOF 

In Figure VI-2, %BV is plotted versus (a) %CRCmean and (b) %CRCmin for the different 

body sizes. The number of IT increases from the lower left to the upper right. Because it is 

desirable to have high %CRC and low %BV, image quality is considered to be improving toward 

the lower right, and with no post-smoothing, voxel variability is expected to increase with 

increasing iteration number. In Figure VI-2 (a) it is clear that TOF has higher %CRCmean at early 

iterations, and as the number of IT and convergence is approached (as measured by the sROIs‘ 

means), TOF achieves higher contrast recovery than non-TOF. In Figure VI-2 (b), TOF has 

higher %CRCmin at early iterations, but because the non-TOF %CRCmin continues to increase 

(i.e., by this metric appears to still be converging), it is possible that for enough iterations non-

TOF‘s %CRCmin could reach TOF‘s. In Figure VI-2 (b), the larger body size, deff = 35.8 cm, has 

better %CRCmin than the next smaller body size, deff = 32.9 cm. This effect is likely due voxel 

variability because %CRCmin is based on a single voxel value and is not indicative of better 

contrast recovery for a larger object. 
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The faster convergence of TOF contrast recovery relative to non-TOF is more easily seen 

in Figure VI-3 where the ratios of TOF to non-TOF (a) %CRCmean and (b) %CRCmin for the 

different body sizes are plotted as a function of IT. Figure VI-3 illustrates how quickly TOF 

recovers contrast compared to non-TOF regardless of size. When the image reconstruction 

(a) 

 
 

(b) 

 
 

Figure VI-2: BV versus CRC for a cold column in the FT phantom reconstructed with TOF 
and non-TOF 

%BV is plotted versus (a) %CRCmean and (b) %CRCmin of a cold column reconstructed for TOF 
(black points) and non-TOF (―NT,‖ red points) for the different body sizes. %CRCmean was 

measured using the mean of the sROI, and %CRCmin was measured using the minimum value in 
the sROI. The number of IT increases from the lower left to the upper right. Image quality is 

considered to be improving toward the lower right, and with no post-smoothing, voxel variability is 
expected to increase with increasing iteration number. 
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converges, the ratios of TOF to non-TOF contrast flatten out. For a deff = 25.3 cm, the ratio of 

%CRCmean increases by ~10%, and for a deff = 35.8 cm, the improvement is ~50%.  

The TOF reconstruction converges more quickly than non-TOF due to the additional 

timing information. For non-TOF there is no information about where along the LOR the count 

originated, so for the first IT, all points on the LOR are equally probable. However, TOF is able to 

(a) 

 
 

(b) 

 
 

Figure VI-3: Ratio of TOF to non-TOF CRC as a function of body size and reconstruction 
iterations 

The ratios of TOF to non-TOF (a) %CRCmean and (b) %CRCmin for the different body sizes are 
plotted as a function of IT and illustrate how quickly TOF recovers contrast compared to non-TOF 

regardless of size. When the image reconstruction converges, the ratios of TOF to non-TOF 
contrast flattens out. For a deff = 25.3 cm, the ratio of %CRCmean increases by ~10%, and for a  

deff = 35.8 cm, the improvement is ~50%. 
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begin the iterative process by restricting each count to a segment of the LOR, σd. With increasing 

iterations the non-TOF CRC approaches TOF, especially for distributions with smaller diameters. 

The SNRs as a function of IT for the four body sizes are plotted in Figure VI-4. At the 

smaller dimensions for both TOF and non-TOF, %CRCmean is increasing more than the %BV for 

the first few IT, so the SNR increases, reaches a peak, and then decreases as %BV increases 

more than %CRCmean. 

The trends observed in Figure VI-4 are congruent with the %BV vs. %CRCmean in Figure 

VI-2 (a), but it is not clear why the 29.1-cm body size benefits so much from TOF information. In 

Figure VI-2 (a), the %CRCmean increases and the %BV decreases with TOF such that the 29.1-cm 

body size appears to have better image quality than the 25.3-cm size. This is also seen in Figure 

VI-4 where the SNR of the 29.1-cm body size is greater than or equal to the 25.3-cm size. 

Due to the different rates of convergence noted in Figure VI-3, TOF versus non-TOF 

SNR is compared for matched %CRCmean. For each body size, a %CRCmean was chosen that both 

TOF and non-TOF achieved. From the small to large end, the number of IT required to reach 

 

Figure VI-4: Cold column image quality as a function of body size and iteration for TOF 
and non-TOF 

SNRs of a cold column are plotted as a function of IT for the four FT phantom deff‘s. At the smaller 
dimensions for both TOF (black points) and non-TOF (―NT,‖ red points), %CRCmean is increasing 
more than the %BV for the first few IT (Figure VI-2), so the SNR increases, reaches a peak, and 

then decreases as %BV increases more than %CRCmean. 
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matched %CRCmean for TOF and non-TOF were 4, 3, 2, 2 IT and 14, 14, 13, 15 IT, respectively. 

Slices from each of those image sets are shown in Figure VI-5. 

The square of the ratio of SNRTOF to SNRnon-TOF, per Eq. I-5, is plotted in Figure VI-6 for 

matched %CRCmean. This ratio of SNRs, as a function of deff, is also plotted for D/σd, where the 

timing error is the timing resolution kernel (σt = 650 ps) used for reconstruction. For each set of 

measured data, a linear regression is plotted, where the slope m = 1/σd. There is a good linear 

relationship (R
2
=0.946) between the ratio of SNRs and the phantom sizes that is approximately 

parallel to the D/σd but with a negative shift of ~-0.80. The slope of the relationship, m = 1/σd = 

0.094 cm
-1

, corresponds to a timing resolution of σt = 2/(cσd) = 710 ps. 

VI.B.2.b) Penalized likelihood 

%CRCmean, %BV, and %CRCmean vs. %BV are plotted for the quadratic and logCosh 

potential functions as a function of β in Figure VI-7 (a) and (b), respectively. Both potential 

functions exhibit similar characteristics. As would be expected, as β increases, the background 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 

 
(f) 
 

 
(g) 

 

 
(h) 

 
Figure VI-5: TOF and non-TOF PET images of a cold column in the FT phantom 

As shown in Figure VI-3, TOF converges faster than non-TOF, so SNR is compared for matched 
%CRCmean. For each body size, a %CRCmean was chosen that both TOF and non-TOF achieved. 
From the small to large, the number of ITs required to reach matched %CRCmean for (a)–(d) TOF 

and (e)–(h) non-TOF were 4, 3, 2, 2 IT and 14, 14, 13, 15 IT, respectively. 
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variability continuously decreases. The contrast recovery increases with β until a point that the 

penalty strength is so strong that the background is smoothed into the cold region. This is most 

easily seen on the bottom plot of %CRCmean vs. %BV where the variability ceases to decrease, 

but the contrast peaks and then decreases. 

Plotted in Figure VI-8 are combinations of β and δ for generalized Gaussian that yield 

from left-to-right %CRCmean, %BV, and SNR, for small to large body sizes from top-to-bottom. In 

the first column, %CRCmean evolves from being relatively constant and independent of β and δ at 

the small size to having a convex fold at the larger body sizes. The %BV is primarily dependent 

on β. For the optimum SNR, the δ value needs to increase as the size increases, but the β value 

must also decrease. Although the SNR results in Figure VI-8 also suggest that maintaining a low 

δ as size increases and reducing β will achieve the best SNR (i.e., move along the crest of the 

fold), for low δ the image noise can become almost piecewise-smooth, which is likely undesirable. 

Results of the Huber function are plotted in Figure VI-9 using the same convention as 

Figure VI-8. For smaller body sizes, %CRCmean is relatively flat and independent of β and δ, but 

as the body size increases, cold contrast is best at lower δ. As δ goes to zero, the Huber potential 

 

Figure VI-6: Ratio of TOF to non-TOF cold column SNR as a function of body size 

The square of the measured SNRTOF to SNRnon-TOF ratios, per Eq. I-5, are plotted for equalized 
%CRCmean. This ratio of SNRs as a function of deff is also plotted for D/σd, where the timing error 
equals the timing resolution kernel (σt = 650 ps) used in the reconstruction. A linear regression is 

also plotted for the measured data, where the slope m=1/σd. 
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function (Eq. III-13) reduces to the generalized Gaussian potential function (Eq. III-11) with δ = 

1.0. For low δ, the plots in Figure VI-8 and Figure VI-9 are similar. The %BV in the middle column 

decreases as β increases and δ decreases, which again favors a linear potential function. Lastly, 

SNR favors δ = 0 and a high β. 
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(a) 

 

 

 
 

(b) 
 

Figure VI-7: Image quality of a cold column in the FT phantom reconstructed with the 
quadratic and logCosh BSREM potential functions 

%CRCmean and %BV of a cold column in the FT phantom are plotted for (a) quadratic and (b) 
logCosh potential functions as a function of β for 4 different body sizes. At the top, %CRCmean 

increases up to a point and then decreases because the background counts are being smoothed 
into the cold area, but in the middle as expected, the %BV continually decreases as the 
smoothing strength increases. At the bottom where %BV is plotted versus %CRCmean, β 

increases from top to bottom, and it is desirable to be at the lower right of the plot. 
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Figure VI-8: Image quality of a cold column in the FT phantom reconstructed with the 
generalized Gaussian BSREM potential function 

From left-to-right the %CRCmean, %BV, and SNR are plotted as a function of δ and β for the 
generalized Gaussian potential, and from top-to-bottom are 4 different deff‘s in the FT phantom: 

25.3, 29.1, 32.9, and 36.8 cm. %CRCmean evolves from being relatively constant and independent 
of β and δ at the small size (top) to having a convex fold at the larger body sizes (bottom). The 
%BV is primarily dependent on β. For the optimum SNR, the δ value needs to increase as the 

size increases, but the β value must also decrease. 
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Figure VI-9: Image quality of a cold column in the FT phantom reconstructed with the 
Huber BSREM potential function 

From left-to-right the %CRCmean, %BV, and SNR are plotted as a function of δ and β for the 
Huber potential, and from top-to-bottom are 4 different deff‘s in the FT phantom: 25.3, 29.1, 32.9, 
and 36.8 cm. At the top, %CRCmean is relatively flat and independent of β and δ, but as the body 
size increases (bottom), cold contrast is best at lower δ. As δ goes to zero, the Huber potential 
function (Eq. III-13) reduces to the generalized Gaussian potential function (Eq. III-11) with δ = 

1.0. For low δ, the plots in Figure VI-8 and Figure VI-9 are similar. The %BV in the center column 
decreases as β increases and δ decreases, which again favors a linear potential function. Lastly, 

SNR favors δ = 0 and a high β. 
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VI.B.3. Summary 

The purpose of this study was to measure cold region image quality improvement (i.e., 

%CRC and %BV) of TOF over non-TOF as a function of body size, and additional image quality 

analysis was done using four BSREM potential functions. TOF recovers contrast much more 

quickly than non-TOF, regardless of size, with iterative reconstruction, but when the image 

reconstruction converges, the ratios of TOF to non-TOF contrast flatten out. For a deff = 25.3 cm, 

the ratio of %CRCmean increases by ~10%, and for a deff = 35.8 cm, the improvement is ~50%. 

There was a good linear relationship (R
2
=0.946) between the ratio of TOF and non-TOF squared-

SNRs for different phantom sizes that is approximately parallel to the D/σd but with a negative 

shift of ~-0.80. The slope of the relationship, m = 1/σd = 0.094 cm
-1

, corresponds to a timing 

resolution of σt = 2/(cσd) = 710 ps. For the four BSREM potential functions, image variability 

decreases with smoothing potential strength, but the contrast only increases up to a point, which 

differs with phantom size, and then decreases. 

VI.C. Multiple spherical lesions 

As described in Chapter 3, measurements made on a small sphere that include a small 

number of image voxels are susceptible to fluctuations over the few voxels. For this study, 

multiple small spheres were used to improve the statistical power of the measurements that, in 

turn, reduces the influence of these fluctuations. An array of small spheres with diameters near 

the spatial resolution of clinical PET systems was mounted in the FT phantom. Image quality as a 

function of body size was measured and parameterized using the software algorithm described in 

Chapter 3. 

This research was previously published in a Conference Record ©2009 IEEE and is 

reprinted here, with permission, from the IEEE Nuclear Science Symposium Conference Record, 

TOF-PET small-lesion image quality measured over a range of phantom sizes, Wilson and 

Turkington. 
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VI.C.1. Methods 

At 6 different body sizes throughout the length of the FT phantom, a total of 46 1.0-cm 

spheres were mounted (Table VI-3; only 6 spheres were mounted at the smallest end due to 

space limitations). The spheres were mounted on hollow polystyrene tubes with nylon set screws 

so that they extended radially outward (i.e., a spoke-pattern). The rods were oriented down the 

phantom's long axis. 

The hot spheres were filled with an 8:1 radioactivity concentration of 
18

F relative to the 

warm background, and the hot radioactivity solution contained iodinated contrast, which facilitated 

automated localization of the spheres on the CT. A total of 56 MBq remained at acquisition time 

(average radioactivity concentration of 1.5 kBq/mL). 

The data were acquired with the Discovery 690 PET/CT. Six consecutive acquisitions 

were done with variable durations listed in Table VI-3. These variable acquisition durations, T0, 

were chosen to account for the varying amounts of radioactivity and attenuation in the FOV, 

which is due to the changing phantom dimensions. In an attempt to normalize the count statistics 

across the different phantom sizes, a prompt density, P/mL, was calculated for each acquisition, 

where the volume was the volume of the phantom in the FOV, as measured with the CT images. 

The PET list mode data were replayed for each acquisition for a new calculated duration, TReplay, 

that would approximately normalize the prompt density, PReplay/mL. 

Images were reconstructed using 3D OSEM with 1–20 IT of 8 SS for TOF and non-TOF 

data. For the two largest body sizes (35.0 and 38.9 cm), additional IT of 25, 30, 35, 40, 45, and 

50 were done for the non-TOF data because the %CRC was still increasing at 20 IT (i.e., the 

Table VI-3: Distribution and acquisition of 1.0-cm spheres in the FT phantom 

Spheres Area (cm
2
) deff (cm) T0 (sec) P / mL TReplay (sec) PReplay / mL 

6 306 19.8 90 1 567 82 1 428 

8 426 23.3 120 1 722 101 1 451 

8 574 27.1 150 1 807 122 1 472 

8 754 31.0 180 1 766 150 1 474 

8 964 35.0 210 1 681 185 1 483 

8 1187 38.9 240 1 487 240 1 487 
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images were still converging). The 50-cm FOV was reconstructed to a 128×128 image matrix with 

all data corrections included in the system model applied within the iterative loop. Z-axis post-

smoothing was applied, but no other post-smoothing was used. 

 

 
(a) 

 
(b) 

 
(c) 

 
 
 

Figure VI-10: Multisphere CT and PET images reconstructed with TOF and non-TOF for 
six body sizes in the FT phantom 

Spheres (N = 46, 1.0 cm) were filled with iodinated contrast so that they can be seen in CT (a). 
For both (b) non-TOF and (c) TOF PET the 8:1 signal-to-background radioactivity concentrations 
are visible. Not all of the spheres are well centered in the same 3.27-mm thick slice (i.e., some 

are centered a few slices before or after), so not all 8 spheres can be seen for each region in the 
slices shown. Both non-TOF and TOF images above were reconstructed with 4 IT of 8 SS. The 

body sizes match the deff in Table VI-3. 
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The PET and CT data sets were analyzed with the multisphere analysis algorithm 

described in Chapter 3. Image quality was measured using %CRC (Eq. III-4), %BV (Eq. III-5), 

and SNR (Eq. III-6). As has been discussed, TOF iterative reconstruction converges more quickly 

and with different BV properties than non-TOF reconstruction, so SNRs were compared between 

TOF and non-TOF PET at matched %CRC. For both TOF and non-TOF of the 6 body sizes, the 

number of IT necessary to reach equal sphere %CRC was selected. However, in the clinical 

setting reconstruction parameters are not typically optimized per patient, so non-TOF and TOF 

comparisons are also made for a fixed number of IT (which was chosen to be 4). Figure VI-10 

shows representative image slices where all series were reconstructed with 4 IT. 

VI.C.2. Results and discussion 

The %CRC measurements as a function of IT are shown in Figure VI-11 (a). The TOF 

%CRCs (squares) initially increase more quickly and reach a higher %CRC than for non-TOF 

reconstruction. This effect is more easily seen in Figure VI-11 (b) where the ratio of TOF to non-

TOF %CRC for the different body sizes is plotted. Figure VI-11 illustrates how quickly TOF 

recovers contrast compared to non-TOF regardless of size, and at the largest end, the TOF 

%CRC is more than twice non-TOF's for the first few iterations. When the image reconstruction 

converges, the ratio of TOF to non-TOF %CRC flattens out. For smaller deff‘s the ratio is ~1.0, but 

for deff‘s > 30.0 cm, the increase ranges from 10%–25%. 
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In Figure VI-12, %BV is plotted versus %CRC for the different body sizes. The number of 

IT increases from the lower left to the upper right. With no post-smoothing, voxel variability is 

expected to increase with increasing iteration number. Due to the different rates of convergence 

noted in Figure VI-11, a %CRC was chosen that was reached for the 6 body sizes for both TOF 

(a) 

 
 

(b) 

 
 

Figure VI-11: TOF and non-TOF CRC as a function of body size and reconstruction iterations 

(a) %CRC is plotted as a function of IT for 6 different body sizes. Colors distinguish phantom 
diameters for non-TOF (diamonds) and TOF (squares). (b) the ratio of TOF to non-TOF %CRC is 

plotted for the 6 body sizes as a function of IT. In the first few IT, TOF recovers considerably 
more contrast than non-TOF. For all sizes, the TOF %CRC is greater than the non-TOF, but there 

is more increase at the larger body sizes. 
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and non-TOF: ~23.5%. As can be seen in Figure VI-12, there is an IT for each size and 

reconstruction that reaches 23.5%±0.8%. Slices from each of those image sets are shown in 

Figure VI-13. From the small to large end, TOF required 1, 2, 3, 3, 5, 6 IT, respectively, and non-

TOF required 2, 3, 5, 6, 12, 20 IT to reach the chosen %CRC, respectively. The SNRs for non-

TOF and TOF data with equalized %CRC are plotted in Figure VI-14, along with the SNRs when 

the number of IT = 4 (Figure VI-10). 
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The square of the ratio of SNRTOF to SNRnon-TOF is plotted in Figure VI-14 for (a) equalized 

%CRC and (b) equal number of IT = 4. This ratio of SNRs, as a function of deff, is also plotted for 

D/σd, where the timing error is the timing resolution used in the TOF reconstruction: σt = 650 ps. 

There is a good linear relationship (R
2
=0.898) between the ratio of SNRs and the phantom sizes 

that is parallel to the D/σd relationship when %CRCs are equalized. The slope of the relationship, 

(a) 

 
 

(b) 

 
 

Figure VI-12: BV versus CRC for multiple hot spheres in the FT phantom reconstructed 
with TOF and non-TOF 

%BV is plotted as a function of %CRC for (a) non-TOF and (b) TOF. The number of IT increases 
from the lower left to the upper right for 6 different body sizes. Because it is desirable to have 

high %CRC and low %BV, image quality is considered to be improving moving from the upper left 
to the lower right. 

 



 

168 

m = 1/σd = 0.108 cm
-1

, corresponds to a timing resolution of σt = 2 /(cσd) = 618 ps. The relation of 

the measured data's linear fit with D/σd has a negative shift: 

 
 

Eq. VI-4 

Although the linear fit is slightly better for SNRs measured with an equal number of IT, 

this relationship is subject to the different convergence rates of TOF and non-TOF 

reconstructions. Evaluating other sets of fixed IT (data not shown) from a few to many, the slope 

changes from steep (i.e., TOF benefits more from the early convergence rate) to flat (i.e., non-

TOF %CRC has approached that of TOF), respectively. 
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The negative offset in the linear relationship (Eq. VI-4) would suggest that at small 

diameters the square of the ratio of SNRs would be negative, but this is not possible because the 

measure of SNRs is for real values. Similarly, the relationship might also suggest that for small 

diameters the TOF SNR would be less the non-TOF SNR, but there is no physical reason that the 

TOF image quality should be less than the non-TOF. Thus, at small sizes such relationships do 

 
(a)                                  (b) 

 
Figure VI-13: Multisphere PET images reconstructed for matched CRC with TOF and 

non-TOF at six body sizes in the FT phantom 

(a) non-TOF and (b) TOF data were iterated to reach an equal %CRC of 23.5%±0.8%. From the 
small to large end, non-TOF required 2, 3, 5, 6, 12, 20 IT, and TOF required 1, 2, 3, 3, 5, 6 IT to 
reach the chosen %CRC, respectively. No post-smoothing was applied, so the voxel variability is 

not constrained at high numbers of IT. 
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not apply. Also noteworthy is that at the small end-, the FT phantom‘s eccentricity is much greater 

than the larger end, so the small end is flatter and less circular. 

VI.C.3. Summary 

Image quality as a function of body size was parameterized for TOF compared non-TOF 

PET using 46 1.0-cm spheres positioned in 6 different body sizes in an FT phantom. Data were 

acquired so that there was approximately equal count density in the different body sizes. Images 

(a) 

 
 

(b) 

 
 

Figure VI-14: Multisphere image quality for fixed iterations and matched CRC with TOF 
and non-TOF PET in the FT phantom 

TOF (squares) and non-TOF (diamonds) SNRs are plotted for 6 different body sizes (i.e., deff) for 
(a) equalized %CRC and (b) equal number of IT. Slices from each of those image sets are shown 
in Figure VI-13. From the small to large end, in (a) TOF required 1, 2, 3, 3, 5, 6 IT, respectively, 

and non-TOF required 2, 3, 5, 6, 12, 20 IT to reach the chosen %CRC, respectively. 
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were reconstructed so that a fixed %CRC of 23.5% was reached for the 6 body sizes with both 

TOF and non-TOF PET. The square of the ratio of SNRs for TOF to non-TOF was parallel to D/σd 

with a negative offset. By this measure, TOF improves image quality over non-TOF for D > 20 cm 

with a relationship linear to D/σd, and for D < 20 cm, no improvement is expected. 

 

(a) 

 
 

(b) 

 
 

Figure VI-15: Ratio of TOF to non-TOF multisphere SNR as a function of body size 

The square of the measured SNRTOF to SNRnon-TOF ratios, per (Eq. I-5), are plotted for (a) 
equalized %CRC and (b) equal number of IT as a function of body size. This ratio of SNRs as a 
function of deff is also plotted for D/σd, where the timing error equals the timing resolution kernel 
(σt = 650 ps) used in the reconstruction. For each set of measured data, a linear regression is 

plotted, where the slope m=1/σd. 
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VII. Summary 

Positron emission tomography (PET) performance and image quality are degraded as 

body size increases. Added attenuating material increases the number of photons that are 

scattered or absorbed within the body. TOF PET is a recently commercialized technology that 

allows the localization, with a certain degree of error based on the detection timing resolution, of a 

β
+
 annihilation for coincidence photons. Both heuristic and analytical evaluations predict that TOF 

will have improved count performance and image quality compared to non-TOF PET. 

The goal of this dissertation was to parameterize the image quality improvement of TOF 

PET compared to non-TOF PET as a function of body size. Assumptions used in the heuristic 

and analytical derivations, made by other researchers in the early 1980s, make the predicted 

TOF PET image quality improvement questionable: noise measurements were (1) based on the 

variance in a single pixel over multiple realizations (2) at the center of the FOV (3) in a cylindrical, 

uniform radioactivity distribution (4) with only true coincidences; no attenuation, scatter 

coincidences, or random coincidences; (5) perfect modeling of the timing resolution during 

reconstruction and (6) confidence weighted filtered back projection image reconstruction. Of the 

previous list of assumptions, 5 of the 6 have been addressed in this dissertation; the accuracy of 

the timing resolution modeled in the reconstruction was not evaluated. 

In Chapter 2, using computer simulations a relationship of image variability was 

evaluated for background variability (i.e., multiple ROIs on a single image) and ensemble noise 

(i.e., one ROI measured for an ensemble of images). This relationship was verified over a wide 

range of body sizes, distribution geometries, and count density. As body size increases, image 

quality degrades even with scatter, random, and system effects excluded. This is due to the 

compounding effects of noise in measuring multiple signal sources along an LOR, which is the 

degrading effect that TOF improves. Based on the simple simulations shown in Figure II-2 and 

Figure II-3, TOF PET‘s improvement could be characterized as making a large body look like a 

small body. To show a clinical application of the implications of size and noise, a variable-time 
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PET leg protocol was defined and clinically implemented. The excellent correlation between 

background variability and ensemble noise was confirmed with acquired data in Chapter 5 for two 

distribution geometries. 

A multisphere algorithm used for measuring image quality throughout an image volume 

was described in Chapter 3. Using multiple measurements of local image quality increases the 

statistical power of the measure and minimizes the effects of low frequency non-uniformities in an 

image. The set of small spheres, which have dimensions near the system‘s spatial resolution, 

were scanned and reconstructed with several regularized image reconstruction functions, and the 

image quality was measured with the multisphere algorithm to evaluate how well the 

regularization functions recovered contrast, suppressed background variability, and preserved 

feature edges. Regularization can improve quality compared to other statistical, iterative 

reconstruction options, but there are a few challenges that must be resolved before clinical 

implementation. For an image to approach convergence, a relatively high number of iterations is 

required, which is not feasible for a clinic workflow that requires a high throughput. Also, the 

image texture and noise is considerably different from other image reconstructions that are 

currently used for interpretation (e.g., MLEM, OSEM, FBP), so physicians may need additional 

training and experience to interpret these images. Additionally, there are numerous potential 

functions and parameters that will need additional optimization for clinical use. 

The array of multiple spheres was distributed throughout a fillable, tapered phantom, 

whose design was described in Chapter 4 and then was characterized in Chapter 5. This 

phantom is based on patient dimensions and is more anthropomorphic than a circle. The 

phantom tapers from a large body size, which narrowly fits in many clinical PET scanner bores, to 

a much smaller body size. The phantom‘s ability to be filled with different radioactivity 

distributions for a wide range of body sizes allowed the effects of different body sizes to be 

included in the measurements (e.g., attenuation, scattered coincidences, random coincidences). 

The simulations in Chapter 2 between different geometric shapes and acquisitions in Chapter 5 
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with the fillable, tapered phantom and a cylindrical phantom showed that the size parameter deff is 

valuable for comparing circular and non-circular activity distributions. 

Thus, the effects of body size on PET image quality were evaluated; an image quality 

metric using multiple spheres was established; and a phantom was built that represents a wide 

range of body sizes. These tools were used to parameterize TOF PET image quality‘s 

improvement. TOF images were reconstructed using 3D iterative reconstructions that included 

the system model (e.g., normalization, scatter correction, random correction, attenuation 

correction, dead time correction) within the iterative loop. The effects of imperfect modeling of 

timing resolution for image reconstruction were not addressed; the TOF PET scanner used for 

this research reportedly has stable timing resolution. 

In Chapter 6, image quality as a function of body size was parameterized for TOF 

compared non-TOF PET using 1.0-cm spheres positioned in a fillable, tapered phantom. When 

the TOF and non-TOF PET images were reconstructed for matched contrast, the square of the 

ratio of the images‘ signal-to-noise ratios for TOF to non-TOF PET was plotted as a function, f(D), 

of the radioactivity distribution size, D, in cm. A linear regression was fit to the data: f(D) = 0.108D 

– 1.36. This was compared to the ratio of D and the localization error, σd, based on the system 

timing resolution, which is approximately 650 ps for the TOF PET system used for this research. 

With the image quality metrics used in this work, the ratio of TOF to non-TOF PET fits well to a 

linear relationship and is parallel to D/σd. For D < 20 cm, there is no image quality improvement, 

but for radioactivity distributions D > 20 cm, TOF PET improves image quality over non-TOF PET. 

PET imaging‘s clinical use has increased over the past decade, and TOF PET‘s image quality 

improvement for large patients makes TOF an important new technology because the occurrence 

of obesity in the US adult population continues to increase.
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