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ABSTRACT

Positron emission tomography (PET) requires imaging times that last several

minutes long. Therefore, when imaging areas that are prone to respiratory motion,

blurring effects are often observed. This blurring can impair our ability to use these

images for diagnostics purposes as well for treatment planning. While there are

methods that are used to account for this effect, they often rely on adjustments to

the imaging protocols in the form of longer scan times or subjecting the patient to

higher doses of radiation. This dissertation explores an alternative approach that

leverages state-of-the-art deep learning techniques to align the PET signal acquired

at different points of the breathing motion. This method does not require adjustments

to standard clinical protocols; and therefore, is more efficient and/or safer than the

most widely adopted approach. To help validate this method, Monte Carlo (MC)

simulations were conducted to emulate the PET imaging process, which represent

the focus of our first experiment. The next experiment was the development and

testing of our motion correction method.

A clinical four-ring PET imaging system was modelled using GATE (v. 9.0). To

validate the simulations, PET images were acquired of a cylindrical phantom, point

source, and image quality phantom with the modeled system and the experimental

procedures were also simulated. The simulations were compared against the measure-

ments in terms of their count rates and sensitivity as well as their image uniformity,

resolution, recovery coefficients, coefficients of variation, contrast, and background

variability. When compared to the measured data, the number of true detections in

the MC simulations was within 5%. The scatter fraction was found to be (31.1 ±

1.1)% and (29.8 ± 0.8)% in the measured and simulated scans, respectively. Ana-

lyzing the measured and simulated sinograms, the sensitivities were found to be 10.0

cps/kBq and 9.5 cps/kBq, respectively. The fraction of random coincidences were
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19% in the measured data and 25% in the simulation. When calculating the im-

age uniformity within the axial slices, the measured image exhibited a uniformity of

(0.015 ± 0.005), while the simulated image had a uniformity of (0.029 ± 0.011). In

the axial direction, the uniformity was measured to be (0.024 ± 0.006) and (0.040

± 0.015) for the measured and simulated data, respectively. Comparing the image

resolution, an average percentage difference of 2.9% was found between the measure-

ments and simulations. The recovery coefficients calculated in both the measured

and simulated images were found to be within the EARL ranges, except for that of

the simulation of the smallest sphere. The coefficients of variation for the measured

and simulated images were found to be 12% and 13%, respectively. Lastly, the back-

ground variability was consistent between the measurements and simulations, while

the average percentage difference in the sphere contrasts was found to be 8.8%. The

code used to run the GATE simulations and evaluate the described metrics has been

made available (https://github.com/teaghan/PET MonteCarlo).

Next, to correct for breathing motion in PET imaging, an interpretable and un-

supervised deep learning technique, FlowNet-PET, was constructed. The network

was trained to predict the optical flow between two PET frames from different breath-

ing amplitude ranges. As a result, the trained model groups different retrospectively-

gated PET images together into a motion-corrected single bin, providing a final image

with similar counting statistics as a non-gated image, but without the blurring effects

that were initially observed. As a proof-of-concept, FlowNet-PET was applied to

anthropomorphic digital phantom data, which provided the possibility to design ro-

bust metrics to quantify the corrections. When comparing the predicted optical flows

to the ground truths, the median absolute error was found to be smaller than the pixel

and slice widths, even for the phantom with a diaphragm movement of 21 mm. The

improvements were illustrated by comparing against images without motion and com-
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puting the intersection over union (IoU) of the tumors as well as the enclosed activity

and coefficient of variation (CoV) within the no-motion tumor volume before and af-

ter the corrections were applied. The average relative improvements provided by the

network were 54%, 90%, and 76% for the IoU, total activity, and CoV, respectively.

The results were then compared against the conventional retrospective phase binning

approach. FlowNet-PET achieved similar results as retrospective binning, but only

required one sixth of the scan duration. The code and data used for training and anal-

ysis has been made publicly available (https://github.com/teaghan/FlowNet PET).

The encouraging results provided by our motion correction method present the

opportunity for many possible future applications. For instance, this method can be

transferred to clinical patient PET images or applied to alternative imaging modalities

that would benefit from similar motion corrections. When applied to clinical PET

images, FlowNet-PET would provide the capability of acquiring high quality images

without the requirement for either longer scan times or subjecting the patients to

higher doses of radiation. Accordingly, the imaging process would likely become more

efficient and/or safer, which would be appreciated by both the health care institutions

and their patients.
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Chapter 1

Introduction

Photography in the 19th century often required exposure times that were several min-

utes long. If that were the case today, my family portraits would represent a blurred

mess of four brothers wrestling and a helpless mother trying to tear us apart. Luckily,

modern digital photography has progressed to have exposures that last a fraction of a

second rather than minutes. However, not all imaging modalities have benefited from

these types of developments. For instance, Positron Emission Tomography (PET)

is an imaging technique often used to diagnose and track the progression of cancer

as well as design treatment plans for radiation therapy. Rather than relying on the

optical light around us, PET depends on a radioactive decay process to generate the

“light” used to produce images. For reasons that will be made more clear in this dis-

sertation, the “exposure” times in PET still last on the order of minutes rather than

fractions of a second. While the imaging subject in PET is unlikely to be attacked

by an older brother, the patient will hopefully be breathing, which imposes the same

limitation: imaging a moving object results in blurring. Now, rather than an irritated

mother, you may encounter a disappointed oncologist who cannot determine where

exactly a cancerous tumor is located and how large it really is. It is difficult to state

which situation is worse; I personally would like to avoid an angry mother, however,

the families of lung cancer patients would likely prefer a well-informed oncologist.
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Luckily, this dissertation provides a way for us to now have both.

The task that we aimed to solve is how to produce PET images that are largely

free of the breathing motion artifacts seen when adopting standard PET procedures.

Of course, there are other methods to accomplish this, such as Retrospective Phase

Binning (RPB). In this scenario, the PET image is only created from the data acquired

when the patient’s breath is at a particular phase of the breathing cycle, while the

rest of the data is disregarded. If this sounds inefficient, it is. In order to produce

high quality images, the imaging protocol has to be adjusted to either include longer

imaging times or subject the patient to more radiation - neither of which are desirable.

You may ask, “why not break the image data into frames like a video and align the

frames to produce an image that is largely free of these blurring effects?” To this, I

would respond, “that sounds like a wonderful idea for a thesis.”

The solution is obviously a bit more involved. For instance, how do you perform

the alignments of the separate frames? Additionally, how do you validate that the

alignments are correct when applied to patient data? These questions provided the

motivation for my thesis and will be explored in-depth throughout this dissertation.

To explain briefly here – in keeping with the current trend of modern day science

– the problem of aligning the images was posed as a nail for the all-encompassing

hammer of machine learning. Namely, the PET data was split into several frames

where each frame had a limited amount of motion within it. A neural network was

then constructed to predict the pixel-wise shift between each PET frame, providing

the ability to shift all of the acquired data to be aligned with each other. Therefore,

100% of the data is utilized to produce a PET image free of breathing motion artifacts.

The task of validating these corrections was accomplished by using digital phan-

toms rather than clinical data. Adopting digital phantoms has several advantages

such as (1) having precise knowledge of the anatomical structures within the patient
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and (2) the ability to simulate patients without motion to compare against. Further-

more, to improve the realism of these digital phantoms, they can be coupled with

Monte Carlo (MC) simulations of a clinical imaging system. If the PET scanner

is modelled precisely, these MC simulations can provide accurate representations of

the physical processes involved in the imaging procedure and closely resemble images

acquired from the clinic.

Accordingly, the objective of this dissertation is to (1) develop and validate a

MC pipeline for a clinical PET system and (2) engineer a neural network that is

capable of correcting for breathing motion in PET imaging. The former task was

accomplished by modelling a Siemens PET scanner and comparing the simulated

data to clinical measurements. These evaluations resulted in a close match between

the two in terms of the detector alignment and several image quality metrics. To

solve the second task, an unsupervised learning algorithm was designed and applied

to digital phantom data as a proof-of-concept. Comparing the results of our method

to RPB, our approach produced similar quality images, but required a much shorter

scan duration. Importantly, since the method is unsupervised, it can be transferred

to clinical data with limited human intervention.

Before explaining the details of how these tasks were carried out, a background on

PET Imaging, Monte Carlo methods, and the adopted machine learning procedures

are provided in Chapter 2. In Chapter 3, a study is presented on the development of a

MC pipeline designed to emulate a clinical scanner. This study includes several tests

where the simulations are validated against experimental measurements. Chapter 4

includes a second study where the proposed motion correction method is applied

to digital phantom data in a proof-of-concept. A discussion on these experiments

and future applications of this method are given in Chapter 5. Lastly, the claims

and results are summarized in Chapter 6 along with a discussion on the clinical
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implications of our method.
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Chapter 2

Background

2.1 Positron Emission Tomography

This chapter will provide some background information on PET imaging that is nec-

essary to understand its use in this dissertation. Additionally, the motivation for our

work will be illuminated by explaining how the PET imaging process occurs.

2.1.1 The Physics

Luckily for the reader, the theory behind PET is actually quite fascinating, at least

in comparison to, say, computed tomography (CT) or – heaven forbid – ultrasound

imaging. This modality adopts modern physics in a way that impacts our ability to –

among other tasks – detect cancer and quantify the metabolic activity of cancer cells

within patients. To explain how this is done, we must begin with radioactive decay.

Specifically, when a nucleus is neutron deficient, it can undergo what is known as

β+-decay. In this decay process, a proton (p) decays into a neutron (n), an electron

neutrino (νe), and a positron (β+):

p → n+ β+ + νe . (2.1)

Therefore, an unstable isotope reduces its number of protons by one, but increases
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in the number of neutrons:

M
ZX → M

Z−1X + β+ + ve . (2.2)

An important quantity for PET is the rate that the radionuclide decays, known

as the activity, A. This activity is proportional to the number of remaining parent

nuclei, N , with a proportionality constant called the decay constant, λ. The activity

can then be written as

A = −dN

dt
= λN . (2.3)

The solution to this differential equation provides an equation for the number of

remaining radionuclides after time, t:

N(t) = N0e
−λt , (2.4)

where N0 is the initial number of radionuclides at time t = 0. Equation 2.4

provides physical intuition for how the decay constant can be understood. Namely,

the decay constant is related to the the half-life, t1/2, which is time that it takes for a

population of radioisotopes to reach half of the original population. This relationship

can be written as

λ =
ln(2)

t1/2
(2.5)

Before the reader loses hope in this theory section being remotely interesting, this

is where the beauty of the physics arises. For the purposes of PET, the importance

of the β+-decay process lies within one of the biproducts: the positron. The positron

is the antimatter counterpart of an electron; it has nearly identical properties except
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that its charge is positive rather than negative. After the positron is produced,

it travels and loses kinetic energy (primarily through Coulomb interactions) until

it reaches the end of its range and interacts with an electron. Importantly, if an

antimatter particle comes into contact with its matter counterpart, the two annihilate

each other and the only remaining trace of their prior existence is the energy that was

once contained in their mass. This energy now exists as in the form of two photons.

Why two? Well, we established how energy conservation is achieved, but momentum

also needs to be conserved. In more detail, since the positron loses most of its kinetic

energy prior to annihilation, the initial momentum is close to zero, and therefore,

the final momentum should be too. Hence, two photons are required to carry an

equal amount of energy in opposite directions to conserve the momentum within this

process. Since the rest-mass energy of both the electron and positron is 511 keV,

these annihilation photons also have an energy of 511 keV. The process of β+-decay

producing two annihilation photons is illustrated in the left diagram of Figure 2.1.

While there are some subtle details regarding the kinetic energy of the positron not

being quite zero and the photons not travelling directly in opposite directions, these

are not all that relevant to the main objective of this thesis.

According to this decay and annihilation process, two 511 keV photons travelling

in opposite directions are a signature of the accumulation of the radionuclide. Of

course, we cannot detect these photons at their source, but we can surround the

patient with rings of detectors that aim to register coincidence detections. Coincidence

detections are two photons that are both absorbed by the detector crystals within a

certain amount of time (often around 4 ns). By drawing a line of response (LOR)

between the two detectors, the location of the annihilation event can be limited to

being somewhere along this line. This annihilation coincidence detection (ACD)

process is outlined in the right diagram of Figure 2.1.
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Figure 2.1: Annihilation Coincidence Detection: Following β+-decay, the positron
annihilates with an electron and two 511 keV photons are produced with 180 degree
separation (left). These photons are detected almost simultaneously within the ring
of detectors, which registers a coincidence detection (right). The annihilation is
presumed to have occurred along the line of response (LOR) connecting these two
detectors. Obtained from [1].

Detections are made through the use of scintillation crystals coupled to photomul-

tiplier tubes (PMTs). The PMTs produce a signal that reflects the position and time

of each detection along with the deposited energy. The timing information is used to

identify detections that are in coincidence, whereas the energy signal can be useful

to remove photons that are not annihilation photons or have been scattered. The

type of material used for the scintillation crystals is chosen based on several factors

including the (1) mass density, (2) time required to emit light, (3) linear attenuation

of 511 keV photons, and (4) energy conversion efficiency. A common choice for these

crystals is lutetium oxyorthosilicate (Lu2SiO4O, abbreviated as LSO) activated with

cerium, which is the crystal material used in the scanner investigated in Chapter 3.

The relevant properties of LSO are shown in Table 2.1.

With a large accumulation of activity within the patient, there are many β+-decays

constantly occurring, making the ACD process prone to detecting true coincidences,

scatter coincidences, as well as random coincidences. A true coincidence is when
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Table 2.1: A summary of the physical properties of LSO.

Property Value
Mass density 7.4 g/cm3

Linear attenuation of 511 keV photons 11.4 mm
Light output 30000 photons/MeV
Decay time 40 ns

Figure 2.2: The different types of coincidence detections: true (left), scatter (centre),
and random (right). The photon trajectories are represented by solid arrows, whereas
the dotted lines represent the lines of response (LORs). Obtained from [1].

the emitted photons come from the same β+-decay and do not scatter. When one

or both of these photons scatter before being registered, this is known as a scatter

coincidence. Alternatively, when the simultaneously detected photons are emitted

from different nuclear decays, these are called random coincidences. These three

scenarios are illustrated in Figure 2.2, which makes it evident that the LORs from

both scatter and random coincidences do not correctly include the actual location of

the decay event(s).

Another factor that greatly impacts the data acquisition is the attenuation of the

annihilation photons. In the energy ranges seen in PET, this attenuation is often the

result of interactions such as photoelectric absorption, Rayleigh scattering, Compton

scattering, or pair production. The probability of a photon travelling a distance of

x without interacting with a material with a linear attenuation of µ is e−µx. In

PET, both photons have to escape the patient for a coincidence to be registered.
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Figure 2.3: Attenuation of the annihilation photons. Obtained from [1].

For instance, as illustrated in Figure 2.3, if the patient is uniform and the combined

path length of the two photons through the patient is d, then the probability of both

photons escaping is

(e−µx) · (e−µ(d−x)) = e−µd . (2.6)

The effect of attenuation on PET images is mainly loss of information, especially

in the areas that are surrounded by attenuating material. However, if the attenu-

ating properties within the patient are estimated accurately, the attenuation effect

is highly predictable. Accordingly, prior to the PET data collection, a CT image is

often acquired in order to create an attenuation map (or µ-map). This µ-map allows

for the attenuation to be estimated throughout the patient to facilitate an attenua-

tion correction. These systems that combined PET and CT are known as PET/CT
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scanners.

Correcting for scatter and random coincidences as well as attenuation will be dis-

cussed in Section 2.1.2. However, we have yet to address a particularly important

question: “how does any of this translate into cancer imaging?” Up until now, we

have discussed how β+-decay creates 511 keV photons that can be simultaneously

registered by detectors surrounding the patient. Determining the LOR between these

detections starts to provide some insight as to where the decay event occured within

the patient, but why does this decay occur within tumors and not elsewhere? Well,

β+-decay does not tend to naturally occur at high rates within humans anywhere

- within cancer or otherwise. However, β+ emitters can be injected into a patient;

the amount of activity administered to the patient is called the injected activity.

If these radioisotopes are disproportionately taken up by cancer cells, then the re-

sulting decay events will be traced back to the tumor. Luckily, the radiochemical

(18F)2-fluoro-2-deoxy-D-glucose (FDG for short) has been developed for this specific

purpose. Namely, 18F is a β+ emitter, which is substituted into the glucose molecule,

FDG. Since cancer cells are working so hard to kill us, they absorb glucose at a high

rate to support their metabolically demanding activity. Therefore, FDG satisfies two

important requirements for a PET radiopharmaceutical in oncology: (1) it is a β+-

emitter and (2) it is disproportionately taken up by cancer cells (as well as other cells

with high metabolic activity, of course). Some relevant properties of 18F are listed

in Table 2.2. There are other advantages of using FDG over alternative radiophar-

maceuticals, but these are not particularly relevant to our project; FDG is the best

option for our purposes, so we use it.

One aspect of FDG that is relevant to this project is its half-life of 109.7 min-

utes. As discussed previously, the half-life of a radioisotope relates its activity to the

number of remaining isotopes. In PET, a higher activity means that signal can be
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Table 2.2: A summary of the decay properties of 18F.

Property Value
Half-life 109.7 min

Specific activity 75-185 MBq/µmole
Mode of generation Cyclotron

β+ energy 0.635 MeV
Injected activity for adults 150-750 MBq

acquired more quickly, but also subjects the patient to a more harmful dose of radi-

ation. Therefore, there is a trade-off between these two that needs to be optimized.

Importantly, FDG does not decay too slowly, making it possible to produce diagnos-

tic quality images in a reasonable amount of time. That being said, the acquisition

times are still on the order of minutes rather than fractions of a second - and here lies

the problem we aim to solve. Namely, during this acquisition period, the patient will

hopefully be breathing; otherwise, the oncologist’s decision to pursue PET imaging

may be questioned. As shown in Figure 2.4, this breathing motion results in blurring

in the final PET image. This is especially true when imaging areas that are more

prone to respiratory motion; therefore, this problem is particularly relevant to cancers

such as those found in the lungs, esophagus, pancreas, and liver.

The blurring in PET images provides a multitude of issues in oncology. For in-

stance, oncologists will have a more difficult time tracking the progress of the cancer

and determining how effective prior treatments have been. This is because the size

of a tumor is difficult to determine when the tumor is blurred in the PET image.

Furthermore, planning treatments becomes more difficult when radiologists cannot

accurately determine how large the tumor is or where it is exactly located. Con-

sequently, producing PET images free of these blurring effects would be beneficial

to oncology. Existing methods that aim to solve this problem will be discussed in

Chapter 4 along with the development of our own method. Spoiler alert: our method

is - objectively - awesome.
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(a) (b)

Figure 2.4: Breathing motion artifacts in PET: (a) a GIF of a breathing patient
across three breath cycles and (b) the motion averaged activity distribution.

2.1.2 Image Reconstructions

To understand how PET images are generated from the coincidence detections, it is

useful to first understand how the data is organized. This will also be relevant to

some of the experiments shown in Chapter 3. Recall that when two detections of 511

keV photons occur within a predefined time window, they are determined to be in

coincidence. The line that joins these two detectors represents the LOR. Within a

single plane, at each angle, ϕ, around the the imaged object, f(x, y), a projection,

p(s, ϕ), is constructed by computing the line integrals of all parallel LORs (located at

a given s from the midpoint) [2]. A sinogram is formed by organizing the projections

into rows - each row corresponding to a different ϕ. Figure 2.5 shows how a single
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Figure 2.5: A 2D object, f(x, y), is imaged by collecting detections exterior to the
object. At a given angle, ϕ, a projection, p(s, ϕ), is formed by integration along all
parallel LORs (i.e., along each s). Each projection represents a row in the resulting
sinogram. Obtained from [2].

point in the object creates a sinusoid in the sinogram; of course, an object is made

up of many “points” that will produce an array of sinusoids sumperimposed on each

other. By repeating this process for multiple planes, an axial dimension is added to

create a three dimensional (3D) sinogram, where each voxel of the sinogram represents

the number of counts along a particular LOR connecting two unique detector crystals.

There can be many rings of detectors in a PET system, which means that coinci-

dences can be registered between detectors that are not within the same axial plane.

For instance, Figure 2.6 shows the crystal orientation of the scanner investigated in

Chapter 3. Note that this scanner is referred to as a “4-ring” scanner, however, each

of these rings consists of 13 rows of crystals, providing a total of 52 rows of crystals.

The registering of coincidences between detectors that are out-of-plane from each

other gives rise to what is called 3D PET acquisition. In this scenario, a single detec-
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(a)
(b)

(c)

Figure 2.6: The (a) orientation of the rings in the Siemens Biograph mCT scanner
(obtained from [3]) where each block in the rings is composed of a 13×13 array of
crystals (obtained from [4]) that are connected to (c) four PMTs (obtained from [1]).

tor can simultaneously register coincidences with detectors in the same axial plane

as well as detectors offset from its axial plane. Furthermore, additional sinogram

segments can be generated by “viewing” the patient at different angles. This notion

is depicted in Figure 2.7 where five segments are created by viewing the patient at

five different angles. The combined segments are called a Michelogram named after

the late Christian Michel, who graciously provided support for the work shown in

Chapter 3. Michelograms are often still referred to as sinograms and the terms are

used interchangeably.
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Figure 2.7: (A) A Michelogram created from 16 rings of PET detector. The Miche-
logram includes five segments by imaging the patient at five different angles (B-F).
Obtained from [5].

While, in theory, sinograms contain all of the information present in PET images,

they are difficult to interpret and infer meaning from. Therefore, it is convenient to

use this sinogram data to estimate the distribution of activity within the patient. As

evident in Figure 2.1, a single coincidence detection only provides a LOR that the

original annihilation event likely occurred along, but the exact location is unknown.

However, when a large enough number of these coincidences are detected at different
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angles, the locations where a large amount of activity has accumulated become more

clear. The process of estimating the activity distribution from the sinogram is called

image reconstruction.

Rather than going through the history of the different image reconstruction al-

gorithms, we will just briefly discuss the most relevant algorithm in PET and the

only one used in this study: ordered subset expectation maximization (OSEM) [6].

The expectation maximization is a process that starts with a crude estimate of the

image (i.e., the activity distribution within the patient) and iteratively improves that

estimate by (i) computing what the forward projection (the sinogram) would look like

for that activity distribution, (ii) comparing this estimated sinogram to the measured

sinogram data, (iii) adjusting this projection, (iv) back-projecting the new sinogram

estimate to a new image, and (v) use this new estimate of the image as the starting

point of the next iteration. The comparisons in step (ii) are accomplished by calculat-

ing the ratio of the measured counts along an LOR to the estimated counts. Rather

than performing this optimization process on the entirety of the projection data all

at once, the process is sped up by sorting the projections into equally sized subsets.

Accordingly, the resulting image from the first subset is used as the starting estimate

for the second subset, and so on.

During this iterative process, several corrections can be applied; most notably,

corrections for scatter and random coincidences as well as attenuation corrections.

The random coincidences are estimated by collecting delayed coincidences that follow

the same conditions as normal coincidence detections, but with a time delay offset

(typically around 1 µs). Accordingly, these delayed coincidences can only occur if the

two events are not true coincidences. Subtracting the estimate of random coincidences

from the sinogram data reduces the magnitude of the effect of random coincidence,

but the statistical nature of this noise remains. Similarly, the amount of scatter in
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different locations within the patient can be estimated from CT images and subtracted

from the measured data. This CT image also provides the necessary information to

estimate the amount of signal that has been attenuated; therefore, this attenuated

signal can be artificially enhanced to better resemble the true activity distribution

within the patient.

The image reconstructions conducted for this dissertation were accomplished using

the e7-tools provided by Siemens. This toolkit includes command line programs that

allow for several data-processing tasks to be accomplished including the creation of

µ-maps from CT images and the reconstruction of PET images from sinogram data

using the OSEM algorithm. To perform these reconstructions, the e7-tools require

the sinogram data, a CT image, and a normalization file. The normalization file

consists of information necessary to account for the varying sensitivity of a scanner

across the sinogram and this quality control is updated daily. The e7-tools expect all

of these files to be in the Interfile format, which is often used when exchanging nuclear

medicine data and consists of a header file with information describing what is stored

in a separate data file. However - when retrieved from the clinical scanner - files

such as the sinogram data are often stored in Digital Imaging and Communications

in Medicine (DICOM) format, which is the standard for the management of medical

imaging data. Luckily, the e7-tools come equipped with the a JavaScript utility

JSRecon, which automatically converts DICOM files to the Interfile-Format.

With all of the correct files in the appropriate format, the e7-tools first creates

a µ-map from the CT image. Then, the sinogram data can be used to estimate

the activity distribution within the imaged object using the OSEM algorithm. This

process includes applying the normalization factor and correcting for scatter and

random coincidences as well as using the µ-map to correct for attenuation. The

resulting PET image is stored in Interfile format, which is easily loaded into memory
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Figure 2.8: Image uniformity: Image A is judged to have excellent uniformity, whereas
Image B is judged to be good. Obtained from [7].

using Python for further analysis.

2.1.3 Image Analysis

On this note, there are several image analysis metrics that are useful for assessing

the quality of the images. These include image uniformity, resolution, and activity

recovery. The image uniformity evaluates how consistently a scanner can reproduce

the activity within the entire field of view. As will be shown in Chapter 3, this

is often assessed by imaging a large volume of uniform activity and determining

how the average activity in the image varies in different regions across the entire

volume. For instance, Figure 2.8 shows how a degradation in uniformity visually

effects the image quality. Image resolution is used to assess how accurately a scanner

can distinguish between two closely located objects and - correspondingly - how well

details of individual objects can be observed. The effect of resolution degradation is

depicted in Figure 2.9. This resolution is often determined by calculating the spread

of measured activity when imaging a very confined activity concentration.

The activity recovery is a comparison of the estimated activity concentration to

the injected activity concentration, and is often measured using the National Electri-
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Figure 2.9: Image resolution: a degradation in resolution is seen from image A to
image B. Obtained from [8].

cal Manufacturers Association (NEMA) International Electrotechnical Commission

(IEC) image quality phantom (shown in Figure 2.10). This phantom consists of a

large compartment that roughly resembles the shape of a human body and can be

filled with a background activity. Within this compartment are six fillable spheres

and a cylindrical insert through the center of the phantom. The recovery of activity

is measured for each of these spheres to estimate how accurately the scanner and

reconstruction algorithm can estimate the true activity concentration within tumors

of different sizes. Understanding this relation allows clinicians to make a better in-

ference of the true activity within a volume using the estimated activity. Similarly,

this same phantom can be used to compare the contrast of the sphere vs. background

activities for different sphere sizes. Finally, to measure the amount of noise in the

image relative to the activity, the coefficient of variation is used, which is the ratio of

the standard deviation in activity to the average activity within a particular region of

interest. While these metrics are often useful to determine the quality of the images

produced by a scanner and reconstruction algorithm, in Chapter 3, they were used to

compare the images produced by our Monte Carlo pipeline to images obtained from a



21

Figure 2.10: The NEMA IEC phantom: a body phantom with a lung insert and six
fillable spheres with various sizes. Obtained from [9]

clinical scanner. These comparisons provided an avenue to verify that the simulations

accurately resembled experimental measurements.

2.2 Monte Carlo Simulations

Running PET simulations has many advantages. For instance, these simulations can

help optimize clinical protocols and assess the impact of scanner parameters on the

resulting image quality. The advantage of using simulations is that these types of

tests can be run without the associated costs and effort required to take physical

measurements. Monte Carlo (MC) methods provide one way to accurately simulate

the processes involved in PET and are often considered the “gold standard” for these

types of simulations. In our project, MC simulations were used to create PET images
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Figure 2.11: Monte Carlo particle tracking: An example of a particle history starting
with a primary photon p (straight line) that undergoes two Compton interactions
followed by a pair production. These interactions create secondary photons, electrons
e− (dashed lines) and positrons e+ (dashed dotted line). Obtained from [10].

of high fidelity to test our motion correction method.

The idea behind MC simulations is to emulate the statistical nature of physical

interactions by defining probabilities associated with different interactions. To ac-

complish this, each particle is tracked in steps; at the end of each step the particle

may or may not undergo a particular interaction depending on several parameters

including the type of particle and its energy as well as the type of medium it is trav-

elling in. Furthermore, there are several different types of interactions that can occur

and - depending on the interaction - the energy of the original particle will decrease

and/or new particles will be created, which is illustrated in Figure 2.11.

When tracking a photon, the probability of an interaction occurring is directly

related to the attenuation coefficient of the material, µ, which is dependent on the

photon energy. For instance, for a photon with energy E travelling through a homo-

geneous medium with a linear attenuation coefficient of µ(E), the probability p(s) of
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the photon interacting after travelling a path length s within the medium is

p(s)ds = µ(E)eµ(E)sds . (2.7)

The average distance a photon travels before interacting is known as the mean

free path length and can be written as

⟨s⟩ =
∫ ∞

0

s p(s) ds =
1

µ(E)
. (2.8)

Therefore, the number of mean free path lengths in a step size of s is given by

λ =
s

⟨s⟩ = µ(E)s , (2.9)

which provides an alternative representation of the interaction probability:

p(λ)dλ = e−λdλ . (2.10)

This form has the advantage that it can be applied to heterogeneous materials,

such that

λ =
∑
i

µi(E)si , (2.11)

where si is the step length of the ith step and µi is the linear attenuation coefficient

of the material through which that step is taken. The cumulative distribution function

of Equation 2.10 is given by

P (λ) =

∫ λ

0

p(λ′)dλ′ = 1− e−λ . (2.12)

This allows the number of mean free path lengths, λ1, to be sampled by generating
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a uniform random number, ξ1, from the half-open interval [0, 1):

λ1 = − ln (1− ξ1) . (2.13)

In this scenario, the photon would travel λ1 mean free path lengths before in-

teracting. Of course, the linear attenuation coefficient often has contributions from

photoelectric absorption (µA), Raleigh scatter (µR), Compton scatter (µC), and pair

production (µP ):

µ(E) = µA(E) + µR(E) + µC(E) + µP (E) . (2.14)

To determine which type of interaction occurs, the range [0,1] can be divided into

the different interactions:

[P0, P1] : Photoelectric Absorption

[P1, P2] : Rayleigh Scatter

[P2, P3] : Compton Scatter

[P3, P4] : Pair Production .

where
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P0 = 0

P1 =
µA

µ

P2 = P1 +
µR

µ

P3 = P2 +
µC

µ

P4 = 1

(2.15)

Accordingly, by sampling a second uniform random number, ξ2, from the inter-

val [0, 1], whichever interaction range includes this number will be chosen as the

interaction type. The probabilities of the different interactions occurring are often

determined empirically. Therefore, tracking the interactions and their products allows

for accurate estimates of the statistical nature of the real-world physical processes.

A similar approach could be taken to track charged particles like electrons and

positrons, however, the mean free path length for these particles is often so short

that it would require simulating a huge number of interactions. This would be pos-

sible, but highly impractical. Therefore, alternative methods have been developed

that leverage the fact that these interactions typically result in a small amount of

transferred energy with small scattering angles. The condensed history (CH) method

splits the interactions into hard and soft collisions. Soft collisions occur when the

energy loss is determined to be small (again, by sampling a random number) and this

energy is distributed evenly across the step length. Furthermore, the accumulation of

all of the small scattering angles of these soft collisions is emulated with one single,

larger scattering angle sampled from a predetermined distribution. Conversely, the

hard collisions are simulated in a similar manner as the photon interactions. The

threshold energy between soft and hard collisions as well as the scattering angle dis-
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Figure 2.12: Monte Carlo electron tracking: A primary electron e− (dashed line)
undergoes a soft interaction followed by a hard interaction (Møller), which pro-
duces secondary electrons (delta electrons). Several soft interactions occur before
a bremsstrahlung production event produces another secondary electron and photon
p (straight lines). Obtained from [10].

tributions are estimated from empirical measurements. An example of an electron

history is shown in Figure 2.12.

Due to the large number of particles and interactions present in these simulations,

the computations can take a notoriously long time. Several parameters can be chosen

to facilitate faster simulation times, but often come with the cost of lower simula-

tion accuracy. For instance, there is an energy threshold for particles that defines

the end of that particle’s trajectory. Setting a lower threshold energy improves the

accuracy, but comes at the cost of longer simulation times. Additionally, decreasing

the step size of the particles also improves the simulation accuracy, but suffers from a

similar efficiency limitation. The trade-off between efficiency and accuracy for these

particular parameters will not be addressed in this dissertation; however, the relation

between this trade-off and other aspects of MC simulations is explored in Chapter 3

To produce a Monte Carlo simulation of a PET system, it is necessary to define

the geometry and materials in both the patient as well as the scanner. Additionally,

the possible physics involved in the relevant types of interactions has to be well under-
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stood. Luckily, there are tools built for this purpose that make this process relatively

easy. For instance, the Geant4 toolkit [11] is useful for generating MC simulations in

high energy physics. Furthermore, the Geant4 application for tomographic emission

(GATE)[12, 13, 14] scripting language is useful for running PET simulations since it

provides a user-friendly interface for the Geant4 toolkit. GATE allows the user to

define the geometry and materials within the scanner as well as the requirements for

detections to be registered. The material composition of the patient are defined by

creating a phantom, whereas the activity distribution is the set by creating a source,

which resembles the properties of the initially emitted particles. These definitions

are described in more detail in Chapter 3. Assuming the difficulties of hard-coding

the necessary physics are taken care of within Geant4 and GATE, the accuracy of

these PET simulations largely depends on the resolution of the digital patient and

how well the system and patient are emulated. Assessing this accuracy provided the

motivation for the experiments shown in Chapter 3.

2.3 Neural Networks

In the field of machine learning, neural networks (NNs) have been designed to trans-

late a given input into a desired output. NNs form this translation by having multiple

layers, where each layer performs an operation on the output of the previous layer.

The layers contain neurons that learn minor, independent tasks. When combined

with the tasks of other neurons, a meaningful result is produced. This concept can

be related to the human brain; hence, the name, neural networks.

One common way of orienting the neurons in the network layers is through the

use of convolutional layers. These layers consist of weights, w, which are oriented

in a series of filters and each filter can contain a bias term, b. A 2D convolutional

operation of a single filter is shown in Figure 2.13. Formally, the output from the sth
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Figure 2.13: An animation of a single 2D convolutional filter operating on an input
to produce a feature map. Obtained from [15].

filter in the lth layer operating on the previous layer output, h(l−1), can be summarized

as

h(l)
s = g(ws

(l) ⊗ h(l−1) + bs
(l)) ,

where g is an activation function, which can be used to allow the NN to learn

non-linear relationships. Currently, the most common activation used in NNs is the

Rectified Linear Unit (ReLU) activation:

g(z) =


0 for z < 0

z for z ≥ 0 .

(2.16)

When applied to images, the filters extract features from the inputs and - by

compiling multiple layers together - it is possible to extract more complex represen-

tations of the original input, which are often referred to as feature maps. As seen in

Figure 2.13, when the filter is shifted by more than one pixel before performing the

next operation, the output of that layer is downsampled. The number of pixels that

the filter moves in between operations is called the stride length.
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(a)

(b)

Figure 2.14: Transposed convolution: (a) the input and the filter (or kernel), (b) the
output is computed by applying the filter to each of the input pixels and adding the
results together with a stride length of two. Obtained from [16].

When developing a convolutional neural network (CNN), it can be useful to have

an operation that upsamples the feature maps as well. One type of layer that accom-

plishes this is the transposed convolutional layer, which is outlined in Figure 2.14. In

this scenario, each weight in the filter disperses the individual pixel values within the

input layer to a broader area and these dispersed values are added together to form

the output.

Through training, the network learns which features are useful to extract and how

they can be combined to create meaningful relationships between different aspects of
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the image. In other words, the network learns an optimal set of the weights and biases

of each layer. This learning is achieved by having the network try to accomplish a

given task on a set of training data.

The training data typically consists of paired inputs (often images) and outputs,

which could be other images or labels associated with the input images. In supervised

learning, the task is to have the NN translate the inputs to the outputs. Training

is accomplished by having the NN compute a forward-propagation by making a pre-

diction given an input. Initially, the weights are essentially randomly set, so this

prediction will likely be quite poor. This prediction is compared to the known output

(or target) through a loss function, which evaluates how far the prediction is from the

target. Backpropagation is then accomplished by computing the gradient of the loss

function with respect to the network weights. Accordingly, the weights are adjusted

to reduce this loss, so that the next time this input is seen by the NN, the prediction

will hopefully be closer to the target. By iteratively computing forward-propagations,

backpropagations, and weight adjustments over the entire training set, the network

learns to generalize its predictive capabilities over time. Once an adequate level of

performance is achieved, the NN weights are fixed and the network can be applied to

new inputs to perform predictions.

Supervised learning can only be accomplished when you have access to labels asso-

ciated with each input sample. However, obtaining labels can be quite cumbersome,

which provides the necessity for unsupervised learning, where the aim is to learn a

task without having the target labels. As you might expect, defining the objective

to be accomplished by the network in unsupervised learning is often not as straight-

forward. Nevertheless, this type of training procedure is preferred when access to

quality labels is limited. This is often the case for large datasets of clinical PET

images, which is why we applied unsupervised learning techniques to accomplish the
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task of respiratory motion correction in Chapter 4.

The machine learning applied in this thesis was all done using Python 3.7 and the

PyTorch deep learning library (v. 1.10.0) [17]. PyTorch allows users to easily design

the framework of a NN with predefined layers (such as convolutional layers) as well

as the capability of designing custom layer operations. Similarly, commonly used loss

functions are already defined within the toolkit, but customizing new loss functions

can be easily accomplished. The optimization algorithms used during the learning

stage are also simple to utilize. Accordingly, the necessary steps required to train a

NN in PyTorch are as follows: (1) define the architecture of the NN, (2) choose an

optimization method, (3) use the NN to perform an estimate using a training sample

(or a batch of training samples), (4) evaluate the loss function, (5) back-propagate the

loss through the NN weights, (6) update the NN weights using the optimizer, and (7)

iteratively repeat steps (3)-(6) over the entire training set until the network reaches

an adequate level of performance. It is worth noting that each of these steps can

be written in just a few lines of code using PyTorch. Lastly, PyTorch is constructed

to work on both CPUs and Graphics Processing Units (GPUs), which can make the

training procedure much more efficient. This is especially important when applying

a NN to 3D PET images because performing 3D convolutional operations is much

more computationally intensive than 1D or 2D convolutions. Accordingly, training a

3D CNN would not be feasible without the use of GPUs, especially since these types

of projects require many iterations of trial an error until a final model is chosen. For

this reason, I am thankful that I did not undertake this project 10 years ago!

Before applying these exciting tools to correct for respiratory motion in PET

imaging, we will return to MC simulations. Namely, the next chapter covers an

experiment where a MC simulation pipeline is developed and the results are compared

against experimental measurements. Validating the simulation results will then allow
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for these simulations to be used to produce PET images to test our motion correction

method.
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Chapter 3

In-Depth Monte Carlo Modeling and Validation of

a Clinical PET System

3.1 Introduction

Positron emission tomography (PET) is an imaging technique that detects radiation

emitted from an administered radionuclide, allowing for in vivo assessment of phys-

iological processes. PET is used in the fields of cardiology and neurology, and is

especially useful in oncology when the radiopharmaceutical targets cancerous cells

[18, 19, 20]. The use of Monte Carlo (MC) simulations in the study of PET imaging

has a wide range of applications. For instance, these simulations can help optimize

clinical protocols and assess the impact of scanner parameters on the resulting image

quality [21, 22, 4]. The advantage of using simulations is that these types of tests can

be run without the associated costs of taking physical measurements.

The ability to relate the simulated results to clinical systems is possible due to

the potential for realism of MC simulations [23]. Additionally, while obtaining a large

amount of real patient data can be difficult, the simulations only come at the cost of

computational power and time. Therefore, large realistic datasets can be generated

providing many benefits, especially with regards to machine learning applications.

For instance, MC simulations have been used to generate PET data that were then
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used to train a deep learning network that performed image reconstructions based on

sinogram data [24]. One main advantage of simulating the data is that there is an

inherent “ground truth” since the exact circumstances regarding the imaged object

are known. Therefore, creating a fine-tuned training set such as this would provide an

ideal setting for the development of a proof of concept for an unsupervised training

framework before attempting to apply the novel method to real patient data. In this

scenario, while the training process would not require access to the truth, validating

the performance post-training would be much more robust. However, before gen-

erating large training sets, the simulations must be validated against experimental

measurements to ensure that they accurately resemble clinical data.

One toolkit that is useful in generating MC simulations in high energy physics is

Geant4 [11], which consists of software that is used in many fields, including medical

imaging. For the purposes of PET, the GEANT4 application for tomographic emis-

sion (GATE)[12, 13, 14] scripting language is useful since it provides a user-friendly

interface for the Geant4 toolkit. GATE has been used to investigate several PET

scanner models for a variety of purposes. For instance, novel PET scanner scintilla-

tion crystals were simulated using GATE to determine their impact on performance

characteristics [21]. Simulations have also been validated against measurements by

comparing the sensitivity, scatter fraction, count rate performance, and spatial res-

olution [25, 26]. Additionally, GATE simulations were validated in terms of their

coincidence count rates, scatter fraction, and noise equivalent count rates [27]. GATE

simulation of two Siemens scanners were previously validated and compared in terms

of the spatial resolution, sensitivity, and scatter fraction [28]. The Siemens Biograph

mCT scanner was previously simulated using GATE for the purpose of comparing

the results to another simulation package and against experimental results [3]. An-

other simulation of the Biograph mCT scanner was developed to test a cost-effective
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solution to extend the axial field of view in PET, but these simulations were not

validated against experimental measurements [4]. Lastly, Geant4 simulations were

validated when modelling a whole-body PET scanner prototype that was constructed

from 4-layer depth-of-interaction detectors [22].

To develop a large PET dataset for the purpose of testing deep learning data

manipulation techniques, a GATE simulation of a PET system was developed. Due

to the wide accessibility of a Biograph 40 mCT PET/CT system (Siemens Health-

ineers), this scanner was modelled so that future developments can be transferred

to the available clinical data. Therefore, the objective of this paper was to validate

that our GATE simulations of the system could accurately resemble experimental

measurements from a clinical scanner. This study includes metrics previously used

in MC validation studies, but also introduces a new method to estimate the sen-

sitivity for validation purposes. Additionally, the code is made publicly available

to allow readers to easily implement and use the simulations and analyses shown

(https://github.com/teaghan/PET MonteCarlo).

3.2 Materials and Methods

First, physical images were acquired of several phantoms with the scanner and then

these experimental set-ups were replicated within GATE. Using the acquired data,

the detector geometry, count rates, sensitivity, image uniformity, image resolution,

recovery coefficients, coefficients of variation, hot sphere contrast, and background

variability were compared between the measurements and simulations.

3.2.1 PET Scanner and Software

A Biograph 40 PET/CT (Siemens Healthineers) scanner was used to obtain the ex-

perimental measurements and was modelled in GATE. The geometry of this PET
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system consists of lutetium oxyorthosilicate (LSO) crystals with dimensions of 3.98

mm × 3.98 mm and a thickness of 20 mm. The crystals are oriented in blocks -

each block consists of a 13×13 array of crystals and a set of 48 blocks are distributed

around the center of the system to form a ring with a diameter of 842 mm. This

scanner contains 4 rings, therefore, providing a total of 32,448 detector crystals with

an axial field of view of 216 mm.

For all measurements and simulations, fluorodeoxyglucose (F-18) was used as the

radionuclide to be imaged. The acquired data was processed using the prototype

software JS-Recon e7-tools (Version VG62B, Siemens Healthineers) to produce the

sinograms. Following clinical protocol, images were reconstructed using the non-TOF

OSEM algorithm with 3 iterations 24 subsets and applying a Gaussian filter with a

full-width at half-maximum (FWHM) of 5 mm. Each image had 109 slices with a slice

thickness of 2 mm and a matrix size of 200 × 200 pixels with a uniform pixel width of

4 mm. However, to be consistent with National Electrical Manufacturers Association

(NEMA) NU 2-2007 protocol[29], the point source images were reconstructed with

600 × 600 pixels to keep the pixel width (1.36 mm) less than one third of the image

resolution.

3.2.2 PET measurements

Experimental measurements were acquired at Radboud University Medical Center in

the Netherlands. Two different phantoms were scanned: a uniform cylinder and the

NEMA International Electrotechnical Commission (IEC) image quality phantom. For

each scan, the data was acquired in list-mode to enable retrospective analysis. Addi-

tionally, resolution measurements of a point source were acquired from the Siemens

documentation [30].

For the uniform cylinder, a 20 cm long high-density polyethylene cylindrical phan-
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tom with an inner diameter of 20 cm and outer diameter of 21 cm was filled with an

activity concentration of 12.35 kBq/mL. This phantom was placed with its long axis

in the axial direction and at the center of the PET/CT scanner, then imaged for 10

minutes.

The resolution measurements were obtained by following the resolution protocol

outlined in NEMA NU 2-2007 [29]. This protocol emulates a point source by using a

capillary tube with an inside diameter of less than 1 mm and an outside diameter of

less than 2 mm; the activity within the tube extended less than 1 mm. The activity

was chosen so that the rate of random coincidences was less than 5% of the total event

rate and the source was imaged at six different locations until at least 1× 105 counts

were acquired. These six locations included three transverse positions at both the

center of the axial FOV and one-fourth of the axial FOV from the center of the FOV.

Measured from the center of the FOV, the three transverse locations included (0 cm,

1 cm), (0 cm, 10 cm), and (10 cm, 0 cm), where the first dimension was measured

horizontally within the scanner.

The NEMA IEC phantom consists of a compartment that mimics the general

shape of the human body along with six fillable spheres (inner diameters 37, 28, 22,

17, 13, and 10 mm) and a cylindrical insert (diameter of 51mm) through the center

of the phantom. The housing of the phantom is made from a plexiglass material and

is approximately 3 mm thick. Measurements of the NEMA phantom were acquired

by filling the spheres with a solution that had an activity concentration of 21,040

Bq/mL and a background solution of 2,260 Bq/mL. Scans from two bed positions

were acquired for 300 seconds per bed position, and the second position was used for

comparisons since the spheres were more centered in the axial direction.
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3.2.3 PET Simulations

The PET imaging process was simulated with GATE (v. 9.0)[12, 13, 14] and a

diagram of this process is shown in Figure 3.1. In GATE, the source is defined as

the distribution of radioactive atoms, which is the F-18 radionuclide in PET imaging.

Defining the distribution of the source was accomplished by creating a voxelized

arrangement of activity values where each voxel in our source had a size of 2 mm ×

2 mm × 2 mm.

Figure 3.1: A schematic diagram of the simulation process.

A voxelized phantom was also created with each voxel being assigned a material.

The available materials were defined separately by providing their chemical compo-

sition, density, and state (gas, liquid, or solid). The materials used in the voxelized

phantoms for these experiments are listed in Table 3.1. While the use of a voxelized

source and phantom was not necessary for simple geometries, such as the cylindrical

phantom, doing so allowed for the method to be extended to more complex geome-

tries such as the NEMA image quality phantom or phantoms including anatomical

structures. Conversely, when simulating a point source, the voxels were too large to

accurately model its physical dimensions. Therefore, the shape and orientation of the
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source were defined within GATE by depicting the source as a cylinder and specifying

its radius (0.145 mm) and length (0.5 mm) as well as its center location. The point

source was contained within a glass cylinder with an outer diameter of 0.575 mm and

a length of 125 mm.

Table 3.1: A list of the GATE materials used in the voxelized phantoms.

Material
Density
(g/cm3)

Constituents
(compound or mass fraction)

State

Air 0.00129
N (0.755), O (0.232),

Ar (0.0128), C (0.000124)
Gas

Water 1.00 H2O Liquid
Polyethylene 0.96 CH2 Solid

Glass 2.50
Na (0.102), Ca (0.051),
Si (0.248), O (0.599)

Solid

Plexiglass 1.19
H (0.080), C (0.600),

O (0.320)
Solid

Within GATE, the photons that are detected by the crystals are processed by

the digitizer, which applies any desired blurring effects and defines the criteria for

coincidences to be registered. To replicate the variations in the detection process

observed in real scanners, several factors were applied to the simulated photon de-

tections within the crystals. Based on guidance from the manufacturer, a Gaussian

blurring with a FWHM of 500 ps was applied, defining the temporal resolution. To

provide a source of energy blurring to the detected pulses, each crystal was randomly

assigned an energy resolution between 15% and 35% at a reference energy of 511 keV,

which are the default values found within the GATE documentation. In agreement

with the physical scanner, single events were accepted in the energy window [435

keV - 650 keV], and two events were considered to be a coincident detection if they

were recorded within 4.0625 ns of each other and separated by at least five crystals.

The same criteria were applied to the delayed coincidences, but with an offset of 500

ns, which provided an estimate for the distribution of random coincidences in the
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simulation.

To speed up the simulation process, each MC simulation was split into mul-

tiple jobs, which were run in parallel on the remote clusters of Compute Canada

(www.computecanada.ca) providing access to 28,000 compute cores. Each job used

a single core and ran for 1-2 hours, but the number of jobs used for a single simu-

lation depended on the amount of activity in the phantom. For instance, the point

source simulations only required 100 jobs each whereas the uniform cylinder required

2000 jobs. Once all of the jobs were completed, the coincidence detections were binned

into a sinogram, matching the format of the sinograms developed within the JS-Recon

prototype software. This allowed for the sinograms from both the measurements and

simulations to be reconstructed in an identical manner using this same software. For

the simulations, rather than creating separate sinograms for the prompt and delayed

coincidences and then performing a correction for the random events, the random

coincidences were identified in the sorting of the data and disregarded. However,

recording the delayed coincidences allowed for direct comparisons to be made with

the delayed detections in the measurements.

Similar to the measurements, the simulations were reconstructed using the non-

TOF OSEM algorithm with 3 iterations and 24 subsets using a post-reconstruction

Gaussian filter with a FWHM of 5 mm. Furthermore, the same normalization files

that were used to reconstruct the measurements were used for the simulations. Lastly,

to produce the attenuation maps used in the reconstruction of the simulated sino-

grams, the materials within the voxelized phantoms were converted into the corre-

sponding attenuation coefficients that were expected by the JS-Recon code. During

the reconstruction process, these were then converted into the attenuation coefficients

for 511 keV photons.
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3.2.4 Validation tests

To mitigate potential biases, validation metrics were chosen such that they could

be applied identically to both the measurements and the simulations. Furthermore,

since the objective was to verify the accuracy of the detections, agreement between the

sinograms provided a better quantitative assessment of the simulations, though the

reconstructed images were still needed to calculate some standard validation metrics.

Aside from the image reconstructions, the analysis was performed in Python 3.7.

Comparing count rates, sensitivity, and image uniformity

Using the measured and simulated data from the uniform cylindrical phantom scan,

the sinograms were generated - correcting for the random coincidences. The align-

ment of the detector crystals was then verified by comparing the distribution of the

detections within the resulting sinograms. More explicitly - for this scanner and soft-

ware - the sinogram (or Michelogram) [5] consists of nine segments: the first segment

contains the lines of response (LORs) within each axial plane, while the remaining

segments represent the LORs at increasingly large angles (in both directions) from

different transaxial planes. Therefore, each voxel within the sinogram represents the

total number of detections along a particular LOR. Due to the spacing of the crystals

and blocks - as well as the exposed fraction of the crystals at different LOR angles -

the detections are more likely to occur along certain LORs. As a result, the peaks and

gaps seen in the sinogram are specific to the orientation of the scanner crystals, which

can be seen in Figure 3.2. Since the distribution of crystals is symmetric around the

bore of the scanner, investigating the distribution of these detections along the axial

direction is more informative (i.e., comparing the number of counts in each plane).

This was accomplished by summing the number of detections in each plane of the

sinogram and comparing the results. Note that, for this comparison, it was impor-
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tant that the phantom in the simulation was well aligned (within the scanner) to the

measured phantom. Therefore, the source was defined as a geometrical shape (similar

to the point source previously mentioned) rather than a voxelized volume to easily

rotate and shift the phantom slightly. To be consistent with the proposed pipeline -

for all subsequent comparisons - the cylindrical phantom was defined as a voxelized

volume.

The total number of true detections as well as the fraction of random and scattered

coincidences were also compared. To have a consistent method for estimating the

number of random detections, a coincidence offset of 500 ns was used. To estimate

the scatter fraction, a method that utilizes the cylindrical phantom sinogram was

adopted [31]. Briefly, within a single plane, the distribution of the true and scattered

detections was modelled by two separate curves. The parameters of those curves were

fit to the actual distribution of the total counts in the data by first taking the sum of

the two curves and convolving this with a point-spread-function (FWHM = 4 mm).

An example of this is shown in Figure 3.3. This fitting procedure was performed

after the nine segments of the sinogram were summed together, without correcting

for random detections, to create a total of 109 slices rather than the original 621

slices. Using the optimized curves, the scatter fraction was then estimated by taking

the ratio between the number of scattered and total detections within the central

60% of the cylindrical phantom (in the radial direction). Furthermore, to disregard

any disagreements that may have arisen due to the ends of the phantom not being

modelled correctly, this metric was only calculated for the central 60% of the axial

planes and the average was reported.

The sinogram sensitivity [32] was then measured using the previously described

summed representation of the sinogram after correcting for the random detections.

To calculate the sensitivity, the sum was taken along the projection and bin axes,
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dividing by the scan duration to produce a single vector of 109 elements. Effectively,

this vector is the average number of true detections per second in each plane computed

over the entire duration of the scan. Comparing this to the total activity within a

given plane provided the sensitivity of each plane. Again, this metric was computed

for the planes in the central 60% of the cylinder. Comparing the sensitivities in the

sinogram-space – rather than using the NEMA protocol – provided a more robust

validation of the simulations since there was no further data manipulation made on

the detections other than the sorting of coincidences.

Following the reconstruction of the two sinograms, the image uniformity was cal-

culated both within each slice and between slices [33]. More specifically, within each

slice, five circular regions of interest (ROIs) with a diameter of 30 mm were drawn.

One of these ROIs was located at the center of the image and another at each of the

four cardinal locations placed 10 mm from the edge of the phantom. Using the aver-

age pixel intensity within each ROI, the integral uniformity within the slice and the

integral axial uniformity were calculated [33]. These metrics were computed for the

central 60% of the phantom (in the axial direction), and the averages and standard

deviations were calculated.

Image Resolution

Using the reconstructed images of the point source, profiles in all three directions were

taken through the peak of the activity distribution. The maximum of each profile

was estimated by fitting a parabola to the peak and the two nearest neighboring

pixels. The FWHM of the profile was then measured by linearly interpolating between

adjacent pixels at half the maximum. The average transverse and axial FWHM

measurements were determined at 1 cm and 10 cm from the center in the transverse

direction.



44

The NEMA Image Quality phantom

Similar to how PET systems are analyzed to determine their ability to image tumors

of different sizes [34, 35], the NEMA image quality phantom was utilized in this study

to compare the resulting statistics between the measurements and the simulations.

Following the EANM Research Ltd (EARL) procedure [34], the recovery coefficients

(RCs) were determined by selecting a volume of interest (VOI) within each sphere

that included all pixels above half the maximum intensity, correcting for the back-

ground. Using the pixel values within this VOI, the RCs were calculated by finding

the ratio between the activity concentration within each sphere in the image and the

administered activity. This was done for both the maximum and mean concentra-

tions. The RCs from the measurements and simulations were then compared against

each other as well as against the EARL standards [34]. To mitigate partial volume

artifacts mostly affecting the smallest spheres, five separate simulations were com-

puted - randomly shifting the spheres within the range of half the voxel size in each

direction. The EARL procedure was also followed in order to calculate the coefficient

of variation (CoV) in both images. Lastly, using the same images, the NEMA NU 2-

2007 protocol was followed to calculate both the hot sphere contrast and background

variability for each sphere size [29].

3.3 Results

3.3.1 Cylindrical phantom comparisons

Figure 3.2 shows a comparison of the total number of detections within each plane

of the sinograms for the uniform cylindrical phantom. In panel (d) of this figure,

the locations where a high signal is accumulated matched between the measured and

simulated data, which implies that the detecting surfaces of the crystals are properly
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Figure 3.2: The 350th plane (in the axial direction) of the uniform cylindrical phantom
sinograms from both the (a) measured and (b) simulated data, along with (c) the
difference between the two sinograms. In each frame, the color scales are in units of
counts. A similar agreement was found in all planes as shown by the similarity in (d)
the total number of counts found in each plane along the axial direction. The counts
in the 250-450 planes were rescaled to more clearly visualize where detections were
and were not being acquired.

aligned in the simulation. Similarly, alignment was seen for the areas with little or no

signal, which correspond to geometrical gaps in the detectors. These results provide

confidence that the scanner is well represented geometrically in the MC simulation.

3.3.2 Counting statistics

When imaging the cylindrical phantom, the total number of true detections in the

measured and simulated data were found to be 3.67×108 and 3.47×108, respectively,

reflecting a 5% difference. By using the number of delayed detections, the fraction of

random coincidences was found to be 19% and 25% in the measured and simulated

data, respectively. An example of the fitted scattered and primary curves for a single

plane is shown in Figure 3.3. The average scatter fraction across the planes were

found to be (31.1 ± 1.1)% and (29.8 ± 0.8)% for the measured and simulated scans,

respectively.
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Figure 3.3: Results from the method used to calculate the scatter fraction in the
central plane of the two sinograms ((a) measured and (b) simulated) of the cylindrical
uniform phantom. The scatter fraction is the ratio between the fitted scatter and
profile, averaged over the central 60% of radial values within the phantom.

3.3.3 Sensitivity

The sensitivity calculated plane-by-plane in the measured and the simulated sino-

grams is shown in Figure 3.4, exemplifying agreement in shape, but a systematic

shift of 5% in the magnitude. The global sensitivities across this region in the

measured and simulated sinograms were found to be 10.0 cps/kBq and 9.5 cps/kBq,

respectively.

3.3.4 Uniformity

Comparing the ROIs within the slices of the resulting images demonstrated an integral

uniformity of (0.015 ± 0.005) and (0.029 ± 0.011) for the measured and simulated

data, respectively. Similarly, by comparing each ROI across all slices, the axial integral

uniformities were found to be (0.024 ± 0.006) and (0.040 ± 0.015) for the measured

and simulated data, respectively.
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Figure 3.4: A plane-by-plane comparison of the sensitivities found in the measured
and simulated sinograms. The comparison was made for the central 60% of the
phantom. The global sensitivity across this same section of the phantom is shown.

3.3.5 Point source comparisons

Image Resolution

The calculated resolutions are summarized in Table 3.2, where the average percentage

difference between the resolution in the measured and simulated images was found to

be 2.9%.

Table 3.2: A summary of the resolution measurements using the images of the point
source.

Measured FWHM (mm) Simulation FWHM (mm)
Transverse (@ 1 cm) 5.9 5.9
Transverse (@ 10 cm) 6.0 6.2

Axial (@ 1 cm) 5.5 5.7
Axial (@ 10 cm) 6.0 6.3
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Figure 3.5: The NEMA IEC body image quality phantom. A single slice from the
sinograms and reconstructed images of both the (a & c) measured and (b & d)
simulated data. Profiles are shown crossing two of the spheres in the images (e).

3.3.6 NEMA phantom image quality comparisons

Recovery coefficients and coefficients of variation

The measured and simulated data from the image quality phantom showed similar

characteristics in both the sinogram- and image-space (Figure 3.5). To compare the

two quantitatively, the RCs for each sphere in the phantom are shown in Figure 3.6.

In general, there is agreement between the two sets of RC values aside from the

two smallest spheres, and only the smallest sphere in the simulation provided an RC

outside of the EARL range. The CoV for the measured and simulated images were

both found to be 12%. As a reference, this value is below the 15% maximum threshold

set in the EARL procedure.
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Figure 3.6: Comparisons of the recovery coefficients between the measured and sim-
ulated data for each of the spheres in the NEMA image quality phantom. As a
reference, the suggested ranges outlined by EARL are also shown.

Figure 3.7: Comparisons of the hot sphere contrasts and background variabilities
between the measured and simulated data for each sphere size in the NEMA image
quality phantom.
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Contrast and Background Variability

A comparison of the hot sphere contrasts and background variabilities is shown in

Figure 3.7. The average percentage difference between the measured and simulated

images was found to be 8.8% and 3.4% for the contrast and variability, respectively.

3.4 Discussion

An accurate distribution of detector crystals was confirmed by comparing the number

of detections along the various lines of response when scanning a cylindrical phantom.

Additionally, the scatter fractions were found to agree, however the total number of

true detections differed by 5% and the rate of random detections in the simulation

was found to be lower than in the measured data. The global scanner sensitivities

were found to be within 5% of each other and the image uniformity was consistent

between the measured and simulated images. Similarly, the image resolution in the

measured and simulated images were found to be consistent within 5%.

Furthermore, there were some disagreements in the RC values and hot sphere con-

trasts for the smaller spheres, especially the smallest sphere. The EARL ranges shown

in Figure 3.6 are based on experimental measurements taken from a large collection of

PET systems [35]. Due to the partial volume effects, a decrease in measured activity

as the sphere size decreases is observed, but this trend was less evident in the simu-

lations. It is possible that this is the result of a systematic occurrence exemplified in

both the EARL ranges and the measurements. For instance, if the spheres are typi-

cally not completely filled with the solution, then the measured activity concentration

within the spherical VOI will be lower, and this effect would be more substantial for

smaller spheres. This type of systematic error would not be present in the simulations

because the spheres are modelled by a homogeneous spherical activity distribution

fully encompassing the sphere volume. Since the RCs and hot sphere contrast met-
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rics are correlated, the source of the discrepancies seen in the small spheres for both

metrics is likely the same. Lastly, the CoVs in the measured and simulated images

were both found to agree with the EARL standards.

While, in general, many of the presented metrics showed agreement between the

measurements and simulations, there were several disagreements that may have illu-

minated limitations in either the simulation process or the adopted validation methods

themselves. It is possible that some of these disagreements are simply a consequence

of the voxelized phantom not properly resembling the physical phantom used in the

measurements. For example, this could be due to the resolution limits of the voxels

used in the digital phantom or the housing components not being perfectly modeled.

A visible example of the phantoms in the measurements and simulation not matching

perfectly can be seen in Figure 3.5. Here, the phantom in the measurement is ro-

tated slightly around the plane axis, which results in the profile across the measured

image being slightly shorter than the simulation profile. Enhancing the resolution

of the phantom would better model small structures such as the 10 mm sphere in

the NEMA IEC phantom; however, this would result in an increase in computation

time. Our goal was to present a single pipeline for all of our simulations and limit

the variations we made across simulations. Therefore, the (2×2×2) mm3 voxel size

was chosen as a trade-off between having reasonable computation times and some

limitations as shown in the RC values for the small spheres.

The simulation times varied depending on the total activity in the phantom used.

For instance, the point source simulations took less than 100 hours on a single CPU

core, while the cylindrical phantom required approximately 2000 hours. However,

due to the access to such large computer clusters, over 1000 jobs could be launched

simultaneously, reducing the real-world computation down to several hours. While

clinical patient scans are almost always more efficient to carry out than Monte Carlo
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simulations, the value in using simulations is that the variability in the scanning

conditions are user-defined. For instance, accessing the true activity distribution

within a digital patient is possible, which can be imperative to some machine learning

tasks. Therefore, whether or not the simulations are worth the time required to

run them largely depends on the accessibility to large computer clusters and the

requirement of ground truth data.

Lastly, generating an idealized machine learning training set is desired to train a

model that can improve certain data processing tasks, such as image reconstruction or

artifact correction. Although the fidelity requirements depend on the task at hand,

it is likely that these simulated images are of sufficient realism compared to real-

world PET images for machine learning purposes. In any case, the simplified nature

of even the most sophisticated current digital patient phantoms probably introduce

larger deviations from real patient images than the disagreements shown in this work.

However, a simulated dataset would provide an excellent source for developing a proof-

of-concept or for the initial training of a network that can then be fine-tuned using

clinical images.

As much as possible, the code to run these simulations was made publicly available

(https://github.com/teaghan/PET MonteCarlo). This includes all scripts required to

run the GATE simulations as well as the Python analysis code used to obtain the

metrics included in the validations. However, due to the proprietary nature of the

code required to sort the GATE results into sinograms and reconstruct the images,

it is not possible to make these available.

3.5 Conclusions

A GATE simulation process was developed to mimic the PET imaging process of

the Biograph 40 mCT PET/CT system (Siemens Healthineers). The PET Monte
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Carlo simulations were validated against experimental measurements using several

phantoms and showed agreement in the detector alignment, counting statistics, sen-

sitivity, image uniformity, and image spatial resolution. The recovery coefficients,

coefficients of variation, hot sphere contrasts, and background variabilities were also

found to be in agreement, though there were discrepancies found when comparing the

RC values and contrasts for smaller spheres.
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Chapter 4

FlowNet-PET: Unsupervised Learning to Perform

Respiratory Motion Correction in PET Imaging

4.1 Introduction

Positron emission tomography (PET) is used to measure the distribution of a radionu-

clide administered to the patient, which provides an assessment of the physiological

processes associated with the uptake of that radionuclide. When a cancer-targeting

radiopharmaceutical (such as fluorodeoxyglucose (FDG) labeled with 18F) is chosen,

PET can be used to identify cancer cells with high metabolic activity [36]. However,

PET is limited by the rate of uptake of the radiopharmaceutical in the tissue and

by the radioactive decay of the radionuclide involved, which make long acquisition

times (2-4 min/bed position in clinical routine) necessary to produce diagnostic qual-

ity images. Due to patient motion during the acquisition, PET images represent the

motion-averaged activity distribution over several minutes, and therefore, motion-

induced artifacts are common [37]. This is especially true when imaging areas that

are more prone to movement due to breathing, such as those in the lower thorax and

upper abdomen. The end result is poorer image quality and a reduction in apparent

uptake, which can impair diagnostics and cancer localization for patients with lung

cancer, esophageal cancer, pancreatic cancer, and liver lesions [38, 39, 40].
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To account for motion, retrospective phase binning (RPB) is commonly used to

produce respiratory-gated PET images [41]. In this scenario, the patient’s breathing

pattern is monitored using an external device [42, 43, 44] or data-driven methods

[45, 46, 47] and the events detected during a single phase of the breathing motion

are used to reconstruct the image while the remaining detections are disregarded.

Although this mitigates the majority of the breathing motion, the main disadvantage

of this technique is the poor efficiency of the data acquisition, which results in noisy

images. Solving this issue often requires a higher injected activity, resulting in a higher

patient effective dose and imaging costs. Alternatively, the acquisition times can be

increased (6 min/bed position), which decreases patient throughput and increases

patient discomfort. Neither of these solutions are ideal.

Alternatively, registration between the different phases of the breathing motion

using a global non-rigid registration method have been proposed [48]. This has the

advantage that all of the detected events are used to generate a single image. Unfor-

tunately, registration of noisy images (i.e., individual gated ones) can be challenging.

As a result, these methods often depend on the registration of matching gated low-

dose computed tomography images, which can be misaligned with the gated PET

images [49]. Furthermore, the details of these methods have not been made publicly

available.

Registration of PET images from different phases or amplitude ranges of the

breathing cycle can also be framed as an optical flow estimation problem; similar to

learning the pixel-wise shift (or optical flow) between subsequent frames in a video.

Estimating the optical flow between gated PET images has been accomplished before

using the Lucas and Kanade algorithm [50, 51]. In this scenario, to develop a solvable

system of equations, the optical flow is assumed to be constant in small local volumes

and the least-squares method is used to solve for the flow in each small volume.
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To accomplish this, the spatio-temporal derivatives in the PET image data must be

calculated, which requires smoothing of the data to compensate for the effect of noise.

Alternatively, optical flow estimation has been an area of focus within computer

vision where the goal is to allow the model to learn how to produce an accurate

optical flow when provided with two image frames. This can be accomplished using

supervised learning with convolutional neural networks (CNNs)[52, 53]. In this case,

the ground truth optical flows between all of the training samples are known a priori,

which provides the network with a direct reference to compare the predictions against.

Since access to ground truth optical flows is not realistic for many applications, un-

supervised methods have also been developed [54]. Accessing ground truth optical

flows for clinical PET data is impossible, and therefore, unsupervised techniques are

required to train a network on patient data.

In this paper, we propose FlowNet-PET, which is a modification of these

prior works in computer vision and is capable of performing the registration between

three dimensional (3D) PET images acquired during different amplitude ranges of

the breathing motion. Once trained, the model groups a set of gated PET im-

ages into a motion-corrected single bin, providing a final image without the blur-

ring effects that were initially observed. The method was applied to simulated data;

therefore, the work described in this paper reflects a proof-of-concept for the pro-

posed framework. Importantly, due to the unsupervised nature of the training,

FlowNet-PET can be easily extended to clinical patient images in future work.

Additionally, having a neural network estimate the optical flow rather than apply

the transformation itself provides a more interpretable model, which is preferable

in clinical applications. To improve the accessibility of this method, the code and

datasets have been made publicly available along with the training and test sets

(https://github.com/teaghan/FlowNet PET).
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4.2 Materials and Methods

4.2.1 The Training Data

To facilitate this proof-of-concept, a lung cancer dataset of 300 phantoms was gener-

ated using the 4D extended cardiac-torso (XCAT) anthropomorphic digital phantom

[55] with (2×4×4) mm3 voxels. The parameters for each XCAT phantom were varied

randomly. These included the gender, axial sections included in the field of view,

transaxial shifts, scaling factors in each direction, size and location of the lung lesion,

extent of the diaphragm motion, and extent of the chest expansion. The distribu-

tions of each of these randomized parameters are shown in Table 4.1. Additionally,

the activity concentration in each organ and tumor was varied based on activity

distributions observed in clinical data.

Table 4.1: The distributions of the randomized XCAT parameters used to generate
the training data.

Parameter Distribution
Gender Male / Female

Axial section in image Any FOV including the thoracic region
Transaxial shifts Uniform(-4 cm, 4 cm)

Axial scaling factor Uniform(0.7, 1.3)
Transaxial scaling factor Uniform(0.8, 1.2)

Lesion diameter Uniform(1 cm, 3 cm)
Lesion location Within the lungs

Axial diaphragm motion Uniform(0.9 cm, 2.1 cm)
Chest expansion 0.7 × (Diaphragm motion)

The dataset of 300 XCAT phantoms was split into training (270) and validation

(30) sets (the test sets are explained in Section 4.3). For each phantom, ten frames

spaced across a single breathing cycle were created, each frame having (108×152×152)

pixels representing the activity distribution throughout the phantom. To emulate

a simple representation of PET data acquisition, these distributions were used to

sample a random number (between 1 × 106 and 9 × 106) of counts per frame. Since
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Figure 4.1: A schematic diagram of how a single PET frame is aligned to another
frame using FlowNet-PET.

each phantom consisted of ten frames, this provided 90 paired PET samples to train

on per phantom and a total of 24300 training samples.

The intention of creating a large training set of digital phantoms with variability

was to provide a simple modeling of some of the variations that could be seen in

a dataset of clinical patient data; the goal was not to necessarily recreate real data

perfectly. This is because the method is unsupervised and can be retrained (or fine-

tuned) on a dataset of clinical gated patient images, which would intrinsically include

the necessary variability. However, the XCAT data provides a valuable dataset for the

development and initial evaluation of the FlowNet-PET motion correction method

for several reasons: (1) although the training was unsupervised, having access to the

ground truth optical flows provided a robust source of validation when comparing

models and reporting the accuracy of the final model, (2) knowing the true activity

distribution within the phantom made it possible to track the pixels that belonged

to different parts of the phantom (for instance, which pixels belonged to the tumor

before and after the corrections were applied), and (3) the same phantom could be

used to produce images with and without motion, providing a ground truth image to

compare the corrected images against.
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4.2.2 The FlowNet-PET Framework

FlowNet-PET was constructed to accomplish the task of predicting the optical flow

between two PET images acquired from different amplitude bins of the breathing

motion. These two frames are referred to as the input and target PET frames.

The estimated flow can then be applied to the input frame through a grid sampling

procedure to align the detected counts with the target PET frame. This procedure

is outlined in Figure 4.1.

An in-depth description of the CNN architecture used in FlowNet-PET is pro-

vided in Section 4.7.1 of the Appendices, which includes a detailed diagram of the

network (Figure 4.10). In brief, the network takes two PET frames as inputs and

subsequently downsamples the images into a feature map through a series of 3D con-

volutions. The feature map is then upsampled in steps back to the original resolution

of the images. At each step, the optical flow is predicted - then enhanced - until an

optical flow of the original resolution is produced. The grid sampling procedure then

uses the optical flow to index pixels in the input PET frame and place them in new

locations within the shifted PET frame. A more detailed explanation on the grid sam-

pling is provided in Section 4.7.2 of the Appendices. The method was implemented

using Python 3.7 and PyTorch 1.10.0.

4.2.3 Training FlowNet-PET

To make the method transferable to clinical patient data, an unsupervised procedure

was adopted for training [54]. Namely, rather than comparing the predicted optical

flows to the ground truths, a pixel-wise comparison was made between the target

frame and the shifted input frame. This objective function is referred to as the pho-

tometric loss term, which is explained in detail in Section 4.7.3 of the Appendices.

Due to the noise found in PET images, performing a pixel-wise comparison could re-
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sult in the alignment of the noise characteristics rather than the general distribution

of the PET detections. Therefore, the unsupervised learning procedure was adjusted

slightly such that the target and shifted frames were blurred with a Gaussian fil-

ter before being compared in the loss function. Upon investigation, a filter size of

(15×15×15) voxels with a standard deviation of (1.8×3.6×3.6) mm was found to

produce the best results for this blurring. By minimizing this photometric loss, the

network learned to produce optical flows that successfully shifted the signal in the

input frame to match the target frame.

Another development that is unique to our method is how we produced invertible

optical flows. In PET images, the pixel intensities can be related to the number of

detected coincidences in a particular location. Allowing the network to artificially

change the number of counts would remove the quantitative imaging advantage of

PET. Therefore, to restrict the network to produce optical flows that do not remove or

multiply individual counts, we added a second loss term that constrained the network

to produce one-to-one pixel correspondences. In short, the optical flows predicted by

the network were constrained to be invertible by predicting the flow between the two

frames in both directions, where one flow should reverse the effect of the other. The

final loss function that was minimized throughout training was a combination of the

photometric and invertibility loss terms. More details regarding the formalism of the

invertibility constraint are provided in Section 4.7.3 of the Appendices.

4.3 Experiments

4.3.1 Model Selection

Throughout training, not only were the two loss terms evaluated on both the training

and validation sets, but the accuracy of the optical flows was evaluated for the vali-

dation set using a mean-absolute-error metric. This later evaluation was not used for
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training; it helped assess the true performance of the model both during training and

after the training had finished. Having this robust metric allowed for the selection

of network and training parameters such as the model architecture, learning rate,

loss weights, number of training iterations, and image smoothing parameters. While

these tests were too extensive to include in this paper, it is worth mentioning that

these parameters were optimized by comparing the predicted optical flows against

the ground truth optical flows within the validation set. The training progress of the

final model is shown in Figure 4.12 in Section 4.7.3 of the Appendices.

4.3.2 Testing on XCAT Frames

The network was first applied to a test set resembling the same format of the data used

to train the network. This test set consisted of six phantoms that were created with

identical parameters except for the extent of breathing motion, where the maximum

diaphragm motion was varied from 9 mm to 21 mm (the same range as the training

data). Each phantom had ten PET frames spaced across a single breathing cycle and

a lung lesion with a diameter of 25 mm was placed at the top edge of the diaphragm

where the largest amount of motion takes place. Additionally, there were 12×106

counts spread out equally across the ten frames using the same sampling method as

the training set. The accuracy of the optical flow estimates was assessed by predicting

the flow from peak inhalation to the end of exhalation and comparing this prediction

to the ground truth flow, only considering pixels where activity was present.

Using this same test set, nine of the ten frames from each phantom were shifted

using FlowNet-PET to be aligned with the tenth frame and then summed together.

This provided a “corrected image” that was compared to an image produced without

motion. The improvements were quantified by creating a mask that selected a volume

of interest (VOI) containing the tumor pixels in the no-motion, uncorrected, and cor-



62

0.0

0.5

1.0

C
he

st
A

m
pl

itu
de

(c
m

)

(a) Phase Binning
1
2

3
4

5
6

10 20 30 40 50 60
Time (s)

0.0

0.5

1.0

C
he

st
A

m
pl

itu
de

(c
m

)

(b) Amplitude Binning
1
2

3
4

5
6

7
8

9
10

Figure 4.2: Time points in a clinical breathing trace binned based on (a) phase and
(b) amplitude.

rected images. Using these masks, three metrics were computed: (1) the intersection

over union (IoU) of each mask with the no-motion mask, (2) the activity enclosed in

each image using the no-motion mask, and (3) the coefficient of variation (CoV) in

each image using the no-motion mask. The IoU between two VOIs is defined as the

ratio of the volume of overlap to the volume of the combined VOIs. The CoV is the

ratio of the standard deviation to the mean within the VOI. The relative improve-

ments for each of these three metrics were calculated as the percentage of the original

residual in the metric (between the no-motion image and the non-corrected image)

that was resolved with the FlowNet-PET corrections.

4.3.3 Comparisons to Retrospective Phase Binning

To compare the improvements against those achieved with retrospective phase binning

(RPB) [41], another test set was generated to introduce motion within each bin. For

this, the breathing amplitude was varied within the same range as before, but it was
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divided over 24 time frames rather than ten. Additionally, the PET data collection

was modeled by using a clinical breathing trace and the number of counts in each

frame was proportional to the time spent in that frame. To create the RPB image,

the breathing pattern was split into six equally-spaced phase bins and the detected

events in the most quiescent phase were selected as the RPB image. To produce the

FlowNet-PET-corrected image, the breathing pattern was split into ten equally-

sized amplitude bins between the minimum and maximum extent of the breathing

motion. Amplitude binning was chosen to limit the motion within each bin [56, 57, 58].

The difference between binning the time points based on the phase and amplitude

is visualized in Figure 4.2. To easily compare against RPB, the FlowNet-PET-

corrected image was created by shifting nine of these ten bins to align with the bin that

had the largest overlap with the quiescent phase. Finally, a separate image without

motion was created in the quiescent phase. Each of these images (uncorrected, RPB,

FlowNet-PET-corrected, and no motion) had a total of 12×106 counts; however,

it is important to note that, in theory, the RPB image required a scan duration that

was six times longer in order to “acquire” the same number of counts found in the

other images. As before, the IoU, number of enclosed counts, and the CoV of the

tumors in each image were compared.

4.3.4 Comparisons using Monte Carlo Data

Monte Carlo (MC) simulations of PET imaging were used to generate images whose

characteristics more accurately emulated those of clinical patient images. These sim-

ulations were accomplished using our previously-validated pipeline of a Siemens Bi-

ograph mCT scanner [59]. The RPB, FlowNet-PET-corrected, and no-motion

images were simulated to involve 100 seconds of scan time; however, the RPB re-

quired a total scan duration of 600 seconds to acquire the same amount of signal.
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Figure 4.3: Coronal views of (a & b) two XCAT frames from the same phantom,
(c) the predicted axial optical flow, and (d) the ground truth flow between the two
frames.

To obtain images that were more representative of the raw counts, the images were

reconstructed without decay correction and no calibration factor was applied. As a

result, we used the images in units of counts instead of activity concentrations. Six

phase binned attenuation maps were generated for the attenuation correction and the

phase with the largest overlap was used for the attenuation correction of each PET

image.

The MC simulations helped determine if the discrepancies found between the

RPB method and the corrections provided by FlowNet-PET would be mitigated

by the blurring due to the actual PET imaging procedure. Through the simulation

process, the exact locations of the pixels corresponding to the tumor activity were

lost; therefore, these images were used for a qualitative comparison between the two

methods.

4.4 Results

4.4.1 Testing on XCAT Frames

An example of two XCAT frames (full inhalation and full exhalation) from the test

phantom with a maximum diaphragm shift of 15 mm is shown in Figure 4.3. The pre-
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Figure 4.4: Distributions of the absolute residual errors between the predicted and
true optical flows from the maximum inhale frame to maximum exhale for a variety of
simulated motion extents. Each box extends from the lower to upper quartile values
of the data, with a line at the median. The whiskers show the range of 1.5× the
interquartile range beyond the lower and upper quartiles.

dicted and ground truth optical flows between the two frames are also presented, show-

ing some over-smoothing present in the FlowNet-PET prediction. The breathing

motion also resulted in shifts in the lateral and anterior-posterior directions (not

shown) that caused the tumor to move in and out of the coronal views. The abso-

lute residual errors in the optical flow predictions are summarized in Figure 4.4. In

all cases, the median absolute residual error was found to be smaller than the slice

thickness (2 mm) and the pixel width (4 mm) of the images. In fact, 75th percentile

of the residual errors were all within the pixel width of 4 mm.
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Figure 4.5: An example of an XCAT PET image with (a) no motion, (b) motion, and
(c) the motion correction accomplished by FlowNet-PET.
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Figure 4.6: Image comparisons with the no motion image in terms of the (a) intersec-
tion over union, (b) total number of enclosed counts, and (c) coefficient of variation
both before and after the FlowNet-PET (FNP) corrections were applied. The rel-
ative improvements are shown for a range of breathing motion amplitudes.

Figure 4.5 shows the sum of all ten frames from the test phantom with a max-

imum diaphragm shift of 21 mm before and after the FlowNet-PET correction

was applied. A summary of the correction performance is shown in Figure 4.6 along

with the improvements relative to the uncorrected images. Across the range of tested

breathing amplitudes, the average relative improvements were 54%, 90%, and 76%



68

(a) No Motion (b) Uncorrected (c) RPB (d) FNP Corrected

(e) No Motion (f) Uncorrected (g) RPB (h) FNP Corrected

0

129

258

C
ou

nt
s

Figure 4.7: Sagittal views of the tumor in the XCAT phantom (a & e) without motion,
(b & f) with motion, (c & g) retrospectively phase binned, and (d & h) with motion
but corrected for with FlowNet-PET. The top row of images depicts the results
when applied to the binned XCAT phantoms, whereas the bottom row is applied to
Monte Carlo data.
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to the corrections provided by FlowNet-PET (FNP).
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for the IoU, total activity, and CoV, respectively.

4.4.2 Comparisons to Retrospective Phase Binning

The top row of Figure 4.7 shows a visual comparison of the improvements provided

by RPB and FlowNet-PET when applied to the binned XCAT PET frames with

a diaphragm shift of 18 mm. As shown in Figure 4.8, both methods provide a sim-

ilar correction performance. For instance, the average relative improvements with

FlowNet-PET vs. RPB were IoU: 40% vs. 44%, total activity: 83% vs. 85%, and

CoV: 71% vs. 75%, respectively. However, RPB involved a scan time that was six

times longer than that of the image corrected with FlowNet-PET.

4.4.3 Comparisons using Monte Carlo Data

The bottom row of Figure 4.7 shows a visual comparison of the improvements provided

by RPB and FlowNet-PET when applied to the MC-simulated XCAT phantom

with a diaphragm shift of 18 mm. Both methods are found to largely mitigate the

breathing motion artifacts. As a qualitative assessment, Figure 4.9 shows the profiles

drawn through the center of the tumor. As expected, the counts in both the RPB

and FlowNet-PET profiles are more condensed compared to the uncorrected image,

creating tumor profiles with a higher peak.

4.5 Discussion

In PET imaging, the pixel intensities are related to the number of counts detected by a

particular pair of detectors. Therefore, it is reasonable to assume that – when shifting

the input frame using the grid sampler – individual counts should not be removed

or multiplied. This type of constraint is not enforced in the traditional FlowNet

framework, since the typical datasets are constructed from images of pixelated color
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Figure 4.9: Profiles drawn through the center of the tumor in the Monte Carlo-
generated PET images (a) with no motion, (b) with motion, (c) retrospectively phase
binned, and (d) with motion but corrected with FlowNet-PET.

intensities. However, to constrain the network to not artificially add or subtract

detections in FlowNet-PET, the invertibility loss was optimized during training.

Additionally, in previous applications of FlowNet frameworks, a smoothness loss

term has been used to constrain the network to produce optical flows that are spatially

consistent [54]. This loss term was attempted in FlowNet-PET, however, the

performance was found to degrade. Interestingly, the effect of producing smooth

optical flows was still accomplished through the use of the invertibility constraint,

and as a result, a smoothness loss term was not included in our work. Evaluations

like this and the choices outlined in Section 4.3.1 are only possible due to the access

to ground truth optical flows. Therefore, developing FlowNet-PET with XCAT

data is ideal and these choices would be transferred to the model applied to clinical
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data.

To perform the motion correction with FlowNet-PET, the PET data was

binned based on the amplitude of the breathing motion. Amplitude binning was

chosen to limit the amount of motion within each bin, which is visualized in Fig-

ure 4.2. It can be seen that amplitude binning results in a similar amount of motion

within each bin, whereas phase binning results in less motion in some bins and more

motion in others. As a result, when adopting RPB, it is logical to use phase binning

since only the detections acquired within a single bin (with a small amount of motion)

are selected and the remainder of the data is disregarded. It is also evident in Fig-

ure 4.2 that a few of the amplitude bins account for a small fraction of the total scan

time. This is not an issue for FlowNet-PET because these bins will only have a

small number of counts in their images and have a minimal contribution to the overall

corrected image. The choice of using ten amplitude bins was made to provide the

majority of the bins with a high enough signal-to-noise yet still limit the amount of

motion within each bin. However, if FlowNet-PET was used in a clinical setting,

the number of bins could be left as a parameter to be chosen by the clinician since

this does not require retraining the model.

An example of a predicted optical flow was compared against the ground truth

flow in Figure 4.3 to exemplify a limitation of this method. Namely, FlowNet-PET

is found to produce optical flows that are over-smoothed, which is a characteristic of

the FlowNet architecture [60] and is likely exaggerated by using an unsupervised ob-

jective. For instance, if the network was trained with supervised learning – comparing

the predictions to the ground truth flows - the optical flows that FlowNet-PET

produced would likely be much closer to the ground truths. However, performing such

supervised learning with clinical data would be very challenging, if not impossible.

As seen in Figure 4.5, the inaccuracies in the optical flow estimates do not trans-
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late into noticeable errors in the corrected images. This is not surprising because

the unsupervised learning objective was a comparison between the shifted and tar-

get frames in the image-space. Nevertheless, there are a few solutions that could

help overcome the limitation of producing over-smoothed optical flows. For example,

FlowNet-PET could be initially trained with a supervised objective function by

using the XCAT phantoms, then fine-tuned with clinical data using an unsupervised

learning objective. Another solution would be to adopt a different framework that

produces optical flows by iteratively updating the flow matrix [53]. These iterative

methods have been found to produce sharper optical flows compared to frameworks

such as FlowNet.

Another limitation that can be observed in Figure 4.3 is that FlowNet-PET

does not predict the heart motion accurately. Evidently, since the breathing motion

is used to separate the frames in the training set, the network has learned to ignore

heart motion because it is not correlated with the phase of the breathing motion. This

type of interpretability of the framework potentially enhances the applicability of the

method. This is because - rather than having the neural network apply the transfor-

mation internally - the model produces an optical flow, which is human interpretable.

The optical flow is then applied to the input frame through a grid sampling algorithm

that can also be easily understood. In this sense, having a network that produces

the optical flows rather than applying the transformations internally is desirable. We

leave the door open to training FlowNet-PET with cardiac-gated data.

As seen in Figure 4.6, the relative improvements obtained with FlowNet-PET

were fairly constant across the tested breathing amplitudes. Of the metrics used to

evaluate image correction, the enclosed activity is likely the best representation of

tumor depiction accuracy. For instance, if a small amount of activity is left outside

of the true tumor volume, this could have a large effect on the IoU, yet it will not
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substantially change the image quality. Conversely, this will only impact the enclosed

activity metric when the activity left out of the true volume is substantial.

To introduce some variability in the training set, several XCAT parameters were

varied randomly. However, when applying the method to clinical data, the necessary

variations would be intrinsic to the training set. Additionally, newly acquired im-

ages could be added to the training set to continually update the network. For an

unsupervised model such as FlowNet-PET, separating the training and test data

may be interesting for a proof-of-concept; however, there is no need to keep the two

separate once the method is being applied in a clinical setting. Furthermore, contin-

ually fine-tuning the network on new data could be made specific for each institution

that adopts the method. In this scenario, the network could be updated based on

newly acquired data from that particular clinic; therefore, the network would be more

specifically tuned to the protocols and scanners of that institution.

When comparing FlowNet-PET to RPB, the performance metrics showed simi-

lar results for both methods and the images shown in Figure 4.7 had indistinguishable

differences. Furthermore, as seen in Figure 4.7, the PET spatial resolution limitations

were found to be more substantial than any visual differences in the images produced

by the two methods. To easily compare the RPB and FlowNet-PET images, the

amplitude bin that had the largest overlap with the quiescent phase was chosen as

the target. However, when adopting FlowNet-PET in a clinical setting, it would

likely make sense to choose the amplitude bin with the largest number of counts as

the target bin.

When applying the network to the MC simulated data, even though the model was

not trained on these types of images, FlowNet-PET was still effective at reducing

the motion artifacts. It can be expected that, when trained on clinical images, the

network would be even more effective since it would have learned from images that
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resulted from the same imaging process.

Another intuitive way to register the PET data would be to align the raw de-

tections before the images are reconstructed. This could either be accomplished in

sinogram-space or with the raw list-mode data. However, it is unlikely that per-

forming the registration in these domains could be accomplished through the use of

optical flows. This is because the use of optical flows assumes that the shifts are

localized, which requires the signal to be continuous. The signal in sinograms are

continuous within each segment of the sinogram, but – in order to accurately depict

the breathing motion of the patient – some of the detected events found in the input

sinogram frame would have to be shifted to another segment to be properly aligned

with the target frame. This type of shift would no longer be localized; therefore, cur-

rent optical flow predictive methods would likely fail. Furthermore, the shifts in the

list-mode data would be even less localized since the detections are not yet organized

to be continuous.

It is important to note some of the limitations of this method. Most importantly,

FlowNet-PET is capable of correcting for the motion between the different ampli-

tude bins, but cannot correct the motion within the individual bins. Therefore, the

method is limited by the gating method that is adopted. In addition to not correct-

ing for cardiac motion, any movement of the patient within the scanner will not be

corrected for properly. In this scenario, the movement would result in the blurring

within one or more of the binned images and this blurring would remain present after

the corrections were applied. Therefore, when applied to clinical data, it would likely

be beneficial to have individual time points flagged as unusable when these types of

circumstances arise. Furthermore, FlowNet-PET is limited by the signal-to-noise

ratio of the individual PET frames; having fewer counts in the individual frames will

result in poorer predictions. Accordingly, using the frame with the largest number
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of counts as the target bin would provide the best starting point to perform the

corrections.

The applicability of this method is not limited to PET; the FlowNet-PET

framework could be applied to low-dose CT images as well as other imaging modal-

ities. Furthermore, it could be used dynamically during radiation therapy. For in-

stance, amplitude-binned low-dose CT images could be acquired prior to treatment to

predict the optical flow between the different bins. Then, during treatment, only the

patient’s breathing would be monitored in order to determine the current and next

bin. Using the optical flow between these two bins, the treatment volume could be

traced to its new location within the patient. Since the optical flow predictions were

made prior to the treatment, this process would be efficient and could be applied in

real-time.

The code required to train FlowNet-PET, the analysis code, and datasets have

been made publicly available (https://github.com/teaghan/FlowNet PET).

4.6 Conclusion

FlowNet-PET was developed to correct for breathing motion in PET imaging

using unsupervised learning. This framework was applied to XCAT phantom data to

illustrate a proof-of-concept. FlowNet-PET produced interpretable optical flows

that were used to shift the amplitude-gated images into a single bin. The mitigation of

breathing motion artifacts was shown both qualitatively and quantitatively. Lastly,

when compared to the retrospective phase binning method, FlowNet-PET was

found to provide similar results, but only required one sixth of the scan duration.

Since the training is unsupervised, the method is transferable to clinical data without

the need for human intervention.
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4.7 Appendices

4.7.1 The Network Architecture

A schematic diagram of our CNN is shown in Figure 4.10. The network architecture

was based on “FlowNet Simple” [52] where the 2D convolutions were replaced with

3D ones to account for PET images. Transitioning the network from a 2D-CNN

to a 3D-CNN comes with substantial costs in memory use and computation time.

Therefore, the network was simplified to consist of fewer convolutional layers and

filters, both of which can be inferred from Figure 4.10. As seen in this Figure, the

network takes two PET frames as inputs and subsequently downsamples the images

through a series of 3D convolutions. Each of the downsampling blocks consists of

two 3D convolutional layers; both layers use a filter size of (3×3×3) pixels, but the

first layer uses a stride length of two pixels in all three directions whereas the second

layer uses a stride length of one pixel. The convolutions are each followed by a ReLU

activation. Following the downsampling blocks, the feature map is then upsampled in

stages, where each upsampling operation includes a single transposed convolutional

layer with a filter size of (4×4×4) pixels and a stride length of two pixels, which is

followed by a ReLU activation.

At each intermediate resolution, there is a flow estimator, which consists of a

single convolutional layer with a filter size of (5×5×5) pixels and a stride length of one

pixel. Each flow estimator receives the intermediate outputs produced throughout the

network that are at the matching resolution, including the upsampled lower resolution

flow. The combination of these inputs is clearer in Figure 4.10. The idea behind these

skip connections is to provide the later parts of the network with information that has

potentially been lost in previous operations and make the learning process easier [61].

The final outputs of the network are the optical flows estimated at each resolution,
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Figure 4.10: A diagram of the CNN architecture used in FlowNet-PET. Each col-
ored shape represents a convolutional block of the network and the arrows represent
the connections between them. The color depicts the resolution of the output of
that block, whereas the shape describes the type of operation (downsampling, up-
sampling, or constant resolution). For the blocks that produce outputs with intuitive
representations, sagittal slices of the 3D image are shown; the remaining outputs are
non-intuitive feature maps.

including the original resolution of the input frame. This allows for comparisons to be

made between the shifted input frame and target frame at various resolutions, which

also helps provide a smoother learning process [52].

4.7.2 Grid Sampling

Understanding the training objectives outlined below requires a brief background on

the grid sampling procedure, T , that performs the transformation to align the input

frame, Iinp, with the target frame, Itgt. An example of how this operation works for

a small 2D grayscale image is shown in Figure 4.11. In the case of 3D images, the

baseline grid of pixel locations, G0, consists of a 3D grid, where each pixel contains

a unique combination of x, y, z pixel locations. The forward flow from the input to
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Gfwd= G0 + ufwd

0 2 0
1 3 0
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0 0 0

Ishift = T(Iinp , Gfwd)

Figure 4.11: An example of the grid sampling procedure for a small 2D grayscale
image.

the target frame, ufwd, is used to adjust the pixel locations in the grid to produce a

new grid, Gfwd = G0 + ufwd. The transformation is then performed by sampling Iinp

using Gfwd :

Ishift = T (Iinp, Gfwd) . (4.1)

4.7.3 Training the Model

The objective function used to train FlowNet-PET consists of two loss terms:

the photometric loss and invertibility loss. For the photometric loss, a Charbonnier

penalty function was chosen to mitigate the effects of outliers [62]. Namely, when

comparing a shifted frame to its target frame, this loss term can be summarized as

ρphoto(ufwd) =
1

N

N∑
i=0

((
I ishift − I itgt

)2
+ ϵ2

)α

, (4.2)

for N pixels in each frame. Based on previous work [54], α and ϵ were chosen to

be 0.25 and 1× 10−9, respectively.

Counter to the photometric loss term, the invertibility constraint operates on
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the pixel grid rather than the images themselves. In more detail, the invertibility

constraint is enforced by also predicting the backward flow from the target to the

input frame, ubwd. Then, by using Gbwd = G0 + ubwd in the grid sampling procedure

to sample Gfwd, a cycled grid is produced:

Gcyc = T (Gfwb, Gbwd) . (4.3)

Accordingly, if Gcyc is constrained to return to G0, then ufwd is invertible and

ubwd is its inverse. This constraint is enforced by adopting the invertibility loss term,

which can be formalized as

ρinv(ufwd, ubwd) =
1

3N

N∑
i=0

3∑
j=1

(
Gi,j

cyc − Gi,j
0

)2
, (4.4)

where j = 1, 2, 3 represent the x, y, z coordinates.

Other implementations of FlowNet have utilized a similar cycle-consistency where

the constraint is imposed on the cycled input frame [63]. However, this does not

guarantee a one-to-one pixel correspondence since there could be multiple pixels with

the same intensity, allowing cycle-consistency to be achieved without ensuring that

the flow itself is invertible. With our method, since the baseline grid has a unique

combination of x, y, z locations at every pixel, the only possible way for the constraint

of Gcyc = G0 to be met is if ufwd is invertible and ubwd is its inverse

The final loss function that was minimized through training was the sum of the

photometric and the invertibility loss terms

L(ufwd, ubwd) = ρphoto(ufwd) + λρinv(ufwd, ubwd) , (4.5)

where a weighting factor of λ = 1000 was multiplied to the invertibility term,

which helped balance the scaling of the gradients of each loss term. This objective
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Figure 4.12: The progress of the CNN performance evaluated during training. The
(a) photometric loss and (b) invertibility loss were evaluated on the training and
validation sets, whereas the (c) mean absolute error between the predicted and ground
truth optical flows were evaluated only on the validation set. This later metric was
only used to track the true performance of the network and not for the training.

was optimized using the Adam optimizer [64] with an initial learning rate of 0.0003,

which was decayed by a factor of 0.7 every 8000 iterations. The model was trained for

a total of 1.5×105 iterations, using one sample per iteration. The two loss terms were

evaluated on the training and validation sets throughout the training of the model

and are shown in Figure 4.12. Also shown in this plot is the mean absolute error

evaluated between the predicted and ground truth optical flows in the validation set,

which was not used for training.
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Chapter 5

Discussion and Future Work

The initial motivation for developing a MC pipeline for PET imaging was to create

a large set of images that would then be used to train the motion correction neural

network. By using the XCAT phantom in these simulations, the PET detections ac-

quired from a breathing patient could be accurately emulated and the ground truth

activity distributions (with and without motion) would be known. Therefore, a net-

work like FlowNet-PET could be trained on the sinogram representations of the

data instead of the images. As described in Section 2.1.2, the reconstruction algo-

rithms depend on the amount of signal in the sinograms. As a result, reconstructing

several images from low signal-to-noise (S/N) sinograms and adding these images to-

gether produces a less accurate image than reconstructing an image from a single high

S/N sinogram. Therefore, performing the corrections in the sinogram-space is more

ideal since the corrected data could be combined before reconstructing the image.

However, as noted in Section 4.5, the lack of continuity in the sinogram information

makes it difficult (if not impossible) to apply algorithms like FlowNet to this type of

data. For this reason, FlowNet-PET was trained on PET images, removing the

necessity for a large MC-produced dataset. Rest assured, the extensive validations

of our MC pipeline were not a waste of the reader’s time: using these simulations,

Figure 4.9 shows a qualitative assessment of the performance of our method.
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Despite the limited use of the MC simulations, it actually turns out that we pro-

duced something that likely has clinical relevance. The results shown in Chapter 4

provide encouragement that FlowNet-PET can perform accurate respiratory mo-

tion corrections without the requirement for higher injected activities and/or longer

scan durations. In addition to performing accurate motion corrections without pro-

tocol adjustments, this method has two notable features: (1) the results are human-

interpretable and (2) the training is unsupervised. The interpretability is accom-

plished by having the CNN produce optical flows rather than perform the corrections

internally. This should mitigate some of the current skepticism surrounding neural

networks: having to trust a black box to perform adjustments and/or inference on the

measured data. Instead, by predicting optical flows, the motion that the CNN has de-

tected can be easily interpreted, understood, and - in the case of our proof-of-concept

- validated. Additionally, adopting an unsupervised learning procedure improves the

transferability of this method to clinical patient images and to other imaging modal-

ities. This feature provides a wide-range of possibilities for future applications of the

method.

Based on the theme of this dissertation, the most obvious application would be

to transfer the training to clinical PET images. For instance, our collaborators at

Radboud University Medical Center have acquired a large set of patient PET images

while monitoring the patients’ breathing motion. This data could be used as a new

training dataset for FlowNet-PET. The detections would have to be split based

on a particular binning procedure to produce images that represent the activity dis-

tributions at different stages of the breathing motion. By training FlowNet-PET

on these images, the network would learn from data that intrinsically contains the

variations that would be encountered when applied to new clinical data. Depending

on the desired flexibility and generalizability, this approach could be made specific
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to a particular institution/scanner or extended to a large set of data acquired from

several clinics and scanner models.

When transferring the method to clinical data, there are several approaches that

could be adopted. The most straight-forward approach would be to retrain the model

from scratch on new data. This would resemble the same training procedure per-

formed in Chapter 4 (only with a new dataset) and would likely perform well. An-

other option would be to take a pretrained and validated FlowNet-PET model

that has been trained on XCAT data (such as the one presented in Chapter 4) and

fine-tune it on clinical images. This approach has the advantage of starting from a

network that is validated against ground truth data, which is impossible to do with

clinical images. Since the more significant weight adjustments would be performed on

the XCAT data, the fine-tuning should be performed with a much lower learning rate.

This would help avoid having the network adjusted so substantially in the fine-tuning

stage that the pretraining on XCAT data would be undone.

As mentioned in Section 4.5, a third approach to transferring the method to clin-

ical PET images would be to have FlowNet-PET pretrained on XCAT data using

supervised learning, then performing the fine-tuning on clinical images using the un-

supervised learning procedure shown in Chapter 4. This option is the most technical

and would likely require more experimentation than the other two approaches. This

is because, when switching from the pretraining to fine-tuning, multiple discontinu-

ities are introduced in the training: both the training data and the learning objective

are being adjusted. Therefore, in addition to using a lower learning rate, it would

likely be wise to slowly transition the training from XCAT to clinical images. Once

the pretraining is completed, this could be accomplished by initially performing a

small percentage of the training iterations on clinical images while still performing

the rest of the iterations on XCAT data with the supervised learning objective. The
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percentage of iterations performed on the clinical images could be slowly increased

until 100% of the training is being performed on clinical images with the unsupervised

learning objective.

When transferring these types of methods to clinical images, unexpected chal-

lenges often arise. Applying the method to XCAT data was an important first step

because the results could be validated in a robust manner; however, this dataset was

likely more refined than a dataset acquired from a clinical setting. One difficulty that

might arise is in the binning of the PET data. With the XCAT data, it was possible

to hand-choose a relatively clean breathing pattern to use for modelling the breath-

ing motion, which made it easy to bin the data. This would likely not be the case

with some of the clinical data and finding the most optimal binning procedure would

require some experimentation. Another difficult aspect of transferring the method to

clinical images is how to validate that the method is performing accurate corrections.

For this, it would likely make sense to have retrospectively gated images to compare

against. Of course, similar to Section 4.4.2, the FlowNet-PET-corrected images

could be generated with only a portion of the overall scan detections to make these

comparisons with the RPB images one-to-one in terms of the number of counts in the

images.

As mentioned, FlowNet-PET could also be applied to other imaging modali-

ties. For instance, the network could learn the registration between binned low-dose

CT images or perhaps combined PET/CT images. In the case of combining PET/CT

images, if the two modalities were binned in the same manner, the network would

have additional information (i.e., another image channel) to learn the optical flows

from. However, these corrections would depend on the accuracy of the the alignment

between the PET and CT images. Essentially, assuming the transitions are contin-

uous, any set of data binned based on regular motion could be used in the training
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and application of FlowNet-PET.

Furthermore, as mention in Section 4.5, FlowNet-PET could be used to predict

organ motion prior to radiation therapy treatment, and these predictions could be

utilized by the treatment planning system to dynamically track the treatment volume

during treatment. Additionally, FlowNet-PET could be used to register PET/CT

images from one visit to another. Having these images aligned would allow oncologists

to more easily compare images from separate hospital visits and assess the progression

of the cancer and/or the effectiveness of prior treatments. However, this application

would be limited by the amount of physiological changes (e.g. weight and tumor size)

between visits - changes that are not the result of physical motion/shifts.

Whichever FlowNet-PET applications are undertaken, it will be beneficial to

have a starting point to work from, which is provided by making the code and datasets

used in Chapter 4 publicly available (https://github.com/teaghan/FlowNet PET). I

hope this repository and the discussion on the possible future applications of FlowNet-

PET will be helpful to those who are interested.
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Chapter 6

Conclusion

A Monte Carlo pipeline was developed to emulate the PET imaging process of Bi-

ograph 40 mCT PET/CT system (Siemens Healthineers). These simulations were

validated against experimental measurements in terms of the scanner geometry and

several image quality metrics. Images generated using this pipeline helped validate

the unsupervised learning method for correcting respiratory motion, FlowNet-

PET. This network produced interpretable optical flows that were used to shift the

amplitude-gated images into a single bin. FlowNet-PET was trained on anthropo-

morphic digital phantom data, which allowed the corrections to be validated against

ground truth data. When comparing the results to retrospectively phase binned im-

ages, FlowNet-PET provided comparable results, but only required one sixth of

the scan duration. This work represents an important building block to a potential

clinical application of FlowNet-PET, where the method can be applied to improve

the efficiency and safety of PET imaging.
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[46] Florian Büther, Iris Ernst, Mohammad Dawood, Peter Kraxner, Michael
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[58] Mohammad Dawood, Florian Büther, Norbert Lang, Otmar Schober, and
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