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Abstract

Radiotherapy research often focuses on state-of-the-art methods to provide small improvements

in the treatment of patients in high-income countries, while less focus is put on providing low-

cost treatments suitable for the majority of people in the world who have little or no access to

radiotherapy. In an effort to remedy this paradigm we optimise, design, and benchmark lower cost

radiotherapy treatment modalities with the overarching goal of increasing treatment accessibility in

low- and middle-income countries (LMICs).

This body of work has focused on the simulation of cost reducing modification to linacs, in an ef-

fort to reduce linac production cost while maintaining treatment efficacy. One method is to simplify

current linacs through the elimination of the kilovoltage on-board CT imaging system (kV-OBI).

The removal of the kV-OBI would greatly reduce production costs of treatment linacs. However,

the removal of the makes many image guided radiotherapy (IGRT) treatments infeasible, treatments

which form the bulk of modern radiotherapy. To allow IGRT without the kV-OBI, novel megavolt-

age cone beam CT (MV-CBCT) methods are simulated to find low-cost setups that provide image

quality similar to kV-OBIs. Additionally, cost reduction can be achieved through redesigning current

radiotherapy machines by replacing expensive linear accelerator-based treatment heads with low-cost

x-ray tubes. To validate this methodology, arc treatments were simulated on a simplified isocentric

kilovoltage arc (SITKA) treatment machine with a novel treatment planning system. Additionally,

machine learning solutions are used to ameliorate the systems OBI image quality such that a separate

planning CT machine is not needed.

The Fastcat tool was developed to rapidly simulate CBCT through a combination of pre-calculated

Monte Carlo (MC) data and GPU raytracing. To demonstrate this tool improvements, addressing

the low contrast to noise ratio in MV-CBCT were studied and proposed. The rapid prototyping

of CBCT setups available through Fastcat greatly improve the development of CBCT systems by

providing a fast alternative to time-consuming MC simulations in key development situations: Al-

lowing researchers to efficiently optimize a CBCT detector design based on quick feedback in terms

of image quality in phantoms for a given dose. This was seen through utilization of Fastcat for the

purpose of virtual clinical trials and detector design optimization of novel perovskite and cadmium

tungstate (CWO) detectors Perovskite detectors showed higher contrast to noise ratio (CNR) and

spatial resolution, resulting in better image quality for clinical tasks such as patient positioning and

micro-calcification detection, all at a very low manufacturing cost. Likewise, the novel, low-cost

system in combination with adaptive machine learning methods and novel planning is demonstrated

to provide clinically practical lung treatments that meet the urgent and increasing demand for ra-

diotherapy treatment in low-income countries as well as rural and remote areas.
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Chapter 1

Introduction

In the context of public health today, cancer remains a leading cause of death worldwide. According

to the latest estimates from the International Agency for Research on Cancer (IARC), there were

approximately 19.3 million new cancer cases and 10 million cancer-related deaths globally in 2020

[1]. In Canada alone, it is estimated that there were 233 thousand new cancer cases and 85 thousand

cancer-related deaths in 2021. By current estimates, 44 out of 100 men and 43 out of 100 women

will develop cancer during their lifetime. As the demand for cancer care continues to grow, there is

an increasing need for effective and affordable cancer treatments[2].

Radiotherapy is a critical component of cancer care, using high-energy radiation to destroy cancer

cells and shrink tumors. The treatment works by damaging the DNA of cancer cells, preventing them

from dividing and growing. This technique can be applied at any stage of cancer, either as the primary

treatment or in conjunction with other therapies. The radiation can be delivered to the affected area

through external beams or internal implants. Radiation oncologists, medical physicists, and radiation

therapists work together to design and administer personalized treatment plans, ensuring that the

radiation is delivered precisely to the targeted cancer cells while minimizing exposure to healthy

tissues. Radiotherapy has become increasingly sophisticated over the years, incorporating state-of-

the-art imaging technology, including computed tomography (CT) and magnetic resonance imaging

(MRI), to accurately locate tumors and guide treatment delivery.

Cancer care in high-income countries (HICs) and low- and middle-income countries (LMICs)

presents a stark contrast. While HICs have advanced technologies and sophisticated treatment op-

tions, LMICs often lack basic cancer care resources. In HICs, early detection of cancer is common, and

treatment options are diverse and readily available. This includes access to surgery, chemotherapy,

radiation therapy, and supportive care services. However, in LMICs, most cancer cases are diagnosed

at later stages, when treatment is less effective, and often with limited options. Additionally, the

availability of trained oncology professionals and infrastructure to support cancer care is often lim-

ited in LMICs. This disparity in cancer care highlights the urgent need to develop cost-effective and

sustainable approaches to cancer prevention, diagnosis, and treatment that can be implemented in

LMICs to improve cancer care outcomes.
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1.1 Cancer in Low- and Middle- Income Countries

In 2020, of 10.35 million new cases of cancer in LMIC more than 70% did not have access to proper

treatment for their disease [1]. The development of low-cost radiotherapy treatment machines is

imperative for improving cancer outcomes for patients in LMIC as x-ray treatment is effective as a

single or combined modality for local–regional tumor control [3, 4]. To treat the unserviced population

in LMICs the World Health Organisation estimates 5000 megavoltage (MV) radiotherapy linear

accelerators (linacs) are needed [5]. With new linacs costing on the order of $5M USD, the sort

of investment for procurement and operation of this many machines will likely not be garnered by

LMICs. This lack of low cost treatment options in LMICs is the premise behind my PhD work, and

specifically, I am investigating two independent solutions to lowering the cost of these radiotherapy

machines: The first is through the elimination of the costly kilovoltage on-board imagers (kV-OBI)

through the introduction of novel MV imaging detector materials in combination with low atomic

number linac targets to make a lower cost treatment machine. The second is the development of a

very low cost kilovoltage radiotherapy system.

To motivate the necessity to improve MV imaging technology it is helpful to have some back-

ground in recent radiotherapy development. Currently, there is a huge potential for increasing the

throughput of conventional radiotherapy machines. With new stereotactic ablative radiotherapy

(SABR) treatments being used throughout the developed world [6, 7, 8, 9, 10], cancer sites that once

would have required a month of once per day radiotherapy treatment can now be treated within a

week using relatively few fractions of radiation. This opens up the possibility of very high patient

throughput for some treatment sites if these treatments can be performed in LMICs [11].

However, to perform these SABR treatments some technical aspects must be addressed that prove

challenging in LMICs. A key challenge in SABR treatment is to position the patient accurately during

treatment so that the treatment beam precisely hits the patient’s tumour [12, 13]. The best way

to ensure proper treatment positioning is to use a kilovoltage cone beam CT system (kV-CBCT)

mounted to the treatment machine. Unfortunately, these kV-CBCT systems contribute significantly

to the cost of the radiotherapy machine. While a pre-owned treatment machine without a kV-CBCT

system can cost as low as $175,000 USD, pre-owned machines with kV-CBCT capability are generally

over three times this amount [14].

1.2 MV CBCT

To avoid the added cost of a kV-CBCT system, megavoltage CBCT (MV-CBCT) can be used to

acquire CT scans with the treatment beam itself [15, 16]. The downside of MV-CBCT is that the

CT images acquired have lower contrast and require a higher patient radiation dose to maintain

equivalent image quality to kV-CBCT [17] as seen in Figure 1.1. Current solutions for improving the

image quality of MV-CBCT include introducing multiple beam modes, some with characteristics for
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treatment and others with characteristics for imaging [18, 19, 20]. Likewise, the x-ray detector design

is an active area of development with new detector materials providing higher detection efficiency of

x-rays, resulting in lower noise for MV beams [17, 21, 22]. To improve MV imaging quality, novel low

atomic number (Z) beam targets have been examined to generate photon beams with higher fluence

in the kV range. The use of aluminum and carbon targets has been shown to improve image quality:

Simulation studies show a 16-19% increase in contrast between an aluminum target and the default

tungsten target for a 6 MV photon beam [23, 24]. Experimentally, Baek et al. showed that a gantry

mounted aluminum target improved the limiting spatial frequency (f50) from 0.451 lp/mm to 0.745

lp/mm for a tungsten target 6 MV beam [25]. Additionally, Parsons et al. showed an increase in

the contrast to noise ratio (CNR) in projection images of cortical bone by factors ranging from 3.7

to 7.4 between carbon and aluminum targets with 2.35 and 1.9 MV photon beams and the default 6

MV tungsten imaging setup [18].

Figure 1.1: Qualitative image quality comparison between CT, CBCT, and MV-CBCT generated
using the Fastcat simulation code.

Furthermore, advances in MV (electronic portal imager) EPID design have shown promise in

improving MV image quality. Many MV EPIDs use a gadolinium oxysulfide (GOS) scintillator,

which is opaque to its own scintillation photons. This limits the thickness of GOS detectors which

in turn limits the quantum efficiency of the detector. Star-lack et al. examined cadmium tungstate

(CWO) and bismuth germinate (BGO) detectors, which are higher Z materials and can be made

thicker for MV photon detection [17]. CWO was noted to have a 20-fold efficiency improvement

over GOS with significantly higher stability and light yield than BGO [17]. Likewise, image quality

improvement was seen using multi-layer GOS imagers with 2-4 times greater CNR than an equivalent

single layer GOS detector [21].

An additional novel material with high density and cheap production costs is Perovskite (MAPbBr3)



4

which has very recently been used for medical imaging applications [26, 27, 28, 29, 30, 31, 32, 33]. Ad-

ditionally, Perovskite has a high effective atomic number due to its lead content, which is a beneficial

property for MV imaging applications. These crystals, which are generally used as solar cells, have

recently demonstrated excellent spatial resolution for kV imaging [34, 35, 36]. Their lead content,

high spatial resolution, and cheap production costs make them an attractive candidate as an MV

detector material. However, the use of Perovskite crystals in MV imaging is currently an unexplored

topic.

Currently, these two approaches to improving MV imaging, the amelioration of detector efficiencies

and introduction of low-Z targets, have remained largely separate. Likewise, direct comparison of the

benefit of different imaging strategies in the literature remains challenging as different works have

different combinations of voxel size, cone-beam size, phantom dose, focal-spot size and other imaging

variables.

Thus, to develop MV-CBCT setups with adequate image quality to enable SABR treatments

on repurposed linacs, many candidate imaging setups are needed to be explored in a standardized

manner. To do this, I developed a new simulation tool to evaluate CBCT setups in an efficient and

standardized way. Below I will briefly describe some background for the simulation tool and other

work that has been done in creating similar simulation tools.

1.3 CBCT Simulation

To quantify novel MV-CBCT imaging setup Monte Carlo (MC) simulation codes are generally used

which are very accurate but also exceptionally computationally demanding. MC simulation codes

transport subatomic particles individually using random numbers to model the probabilistic nature

of quantum mechanical interactions. To properly simulate real world events like x-ray imaging, a

large number of particles (often 108 or more) need to be simulated to form an image, especially

when simulating the special detector materials in medical imaging, called scintillators, which convert

individual x-ray photons to many optical photons which can be measured more easily.

The long simulation time of MC simulation, especially for MV detector simulation, can be primar-

ily attributed to two factors. First, MV detectors generally have low detective quantum efficiency

(DQE), meaning that many particles that are transported in the simulation do not interact with

the detector and do not contribute to image formation. A typical EPID DQE is as low as 1%-1.5%

[22, 37]. Second, the scintillating detector in which the optical photons are produced generally has

a high scintillation yield; generating thousands of optical photons to be transported per interaction

event. These two factors result in simulation times often as long as 3,000 core-hours for a 107 primary

x-ray simulation of one EPID projection [38]. Further, to produce a clinically equivalent image of 1

MU with a 10×10cm2 field size a simulation with more than 1011 photons is required [39, 40, 41].

This problem is compounded in CBCT simulation, where it is necessary to simulate many projections

of the object for CBCT image reconstruction.
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Large headway has been made to reduce this computational overhead. Star-lack et al. have shown

that one can simulate the detector response with only a fraction of the scintillation yield, significantly

reducing the computation time [40]. Likewise, by simulating the optical spread function at discrete

energies beforehand and convolving these optical spread functions with the energy deposition of an

absorbed photon one can avoid simulating the scintillation processes completely [42, 43]. Additionally,

Shi et al. introduced the fastEPID framework which pre-calculates energy deposition efficiency (η)

and optical spread function (OSF) to remove particle transport in the detector entirely without loss

of image quality [39]. Where η is defined as the ratio of the total energy deposition in the scintillator

and the total x-ray photon energy incident on the detector. However, these simulations are still

considered computationally intensive with one image at 1 MU taking 1.540 × 104 core-hours on an

Intel Skylake CPU core (Intel Corp., Santa Clara, Ca). Other MC approaches that are promising for

image simulation are the GPU methods used by Badal and Badano as well as Bert et al. [44, 45].

The approaches have seen MC simulation speedup factors of 27 and 80-90, respectively. However,

at this time, open source GPU MC codes lack the stability and versatility of more established codes

such as Geant4 or EGSnrc.

Conversely, one can forego MC methods and simulate fan and cone beam CT analytically to

reduce computation time, an approach that is fast but does not produce the characteristic noise and

scatter which are essential component to study in medical images. For example, ImaSim analytically

simulates fan and cone beam CT through raytracing using vectorized phantoms [46]. VOXSI simulates

kV fan beam CT using analytical raytracing with voxelized phantoms [47] and shows agreement

with experimental images in terms of image contrast. DukeSim simulates kV fan beam CT with

voxelized phantoms through a combination of analytical raytracing and GPU MC and demonstrates

agreement between experimental and simulated images in terms of image contrast, noise magnitude,

noise texture, and spatial resolution [48]. A drawback to the DukeSim approach is that the GPU MC

reduces the simulation speed, requiring a 2-3 minute simulation per source rotation while running on

4 Nvidia Titan Xp GPUs with 64 GB of memory. Overall, none of these platforms are open-source

and only DukeSim shows agreement with experimental noise and image contrast. Additionally, none

of these platforms show experimental agreement for kV or MV CBCT.

In my PhD work I used a modified fastEPID pre-calculation of MC data for the detector response

while also pre-calculating the energy spectrum of the beam source as well as energy dependent scatter

kernels for a cylindrical water phantom. I combined this data with an analytical GPU raytracer that

provides the primary particle attenuation. This simulation strategy is used to create Fastcat, an

open source simulation tool I made for CBCT image simulation to enable studies of novel beam,

detector, and phantom combinations. Fastcat shows good agreement with MC simulations of full

CBCT data acquisition and it results in extremely short run times on the order of 1 GPU-minutes

for a full CBCT simulation.

In my PhD work I also simulate image quality for combinations of novel MV beam target materials
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such as carbon and aluminum with different detector materials such as CWO and a novel Perovskite

crystal detector. I compare these novel imaging methodologies with standard kV imaging setup

devices such as columnar cesium iodide (CsI) detectors. I investigated whether the combination of

novel MV beams and detectors can result in MV CBCT image quality approaching kV CBCT image

quality in the effort to create a low cost SABR capable linac for LMICs.

kV Treatment Machine Design

An entirely different approach can be used to lower the cost of radiotherapy treatment using kV

treatments machines instead of linacs. While kV treatment machines cannot be expected to have

comparable treatment efficacy and versatility to MV linear accelerators, their low cost makes them

the only approach realistic for some LMICs. Thus, while the approach of modifying a pre-owned

linac for SABR as described above may work for some middle income countries a different approach is

likely needed for a much lower cost machine in many cases. Modern radiotherapy treatment machine

design centres around the use of a linear accelerator to create MV photon beams. These beams are

ideally suited to this task in that they can deposit cell damaging radiation in cancerous lesions deep

in the human body while sparing the sensitive skin from radiation burns.

Historically, throughout the early 20th century, kV photon beams were used in this application

since they are simple to produce and have the same cell damaging properties as MV x-rays, however,

these kV photon beams generally produced radiation burns on the patients’ skin when used in this

fashion. Currently, with advances in x-ray tube development, treatment planning optimization, and

robotics there are opportunities to re-introduce kV photon beams as a treatment option for deep

lesions in LMICs where treatment options are currently unavailable [49]. Additionally, kV photon

beams show major benefits when used in combination with gold nanoparticles (GNPs), or other high

atomic number materials as a radiosensitizer [50] and are much more effective in this regard than MV

beams as they interact more strongly with high atomic number materials such as gold. Additionally,

even though this GNP/kV treatment modality is quite promising for some deeper lesions, there is

currently no commercial solution which is optimized for treating deep lesions with kV beams.

A key design feature of a kV treatment machine is to have multiple beams converging on the

tumour. This allows the skin dose to be spread out over a large area, delivering sufficient dose

delivered to the tumour while no individual area of skin is given a radiation dose above the threshold

known to cause painful side effects for the patient. An additional attractive feature of kV x-rays

incident on a high atomic number (Z) material such as gold or iodine will generally interact using the

photo-electric effect. The photo-electric effect in turn produces Meitner electrons, sometimes referred

to as Auger-electrons, these electrons deposit dose locally and are effective tumor radiosensitizers,

increasing the efficacy of kV radiotherapy treatments. Previous designs have used a scanning electron

beam over many targets to create many converging beams [51].

In 1999, a kV treatment modality constructed out of a repurposed CT scanner, termed CTRx,
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used a modified pencil-beam collimator to treat brain lesions in clinical trials [52, 53]. CTRx was

capable of IGRT due to its ability to function as both a diagnostic and therapeutic system. Mesa

et al. additionally used Monte Carlo dose calculations to investigate the dosimetric properties of the

CTRx system used in conjunction with Iodine as a radiosensitizer. The energy spectrum used in the

simulations was modelled after the 140 kVp setting of a GE CT scanner. Skull dose reduction was

explored both by means of increasing the concentration of iodine (up to 20 mg/ml) in the tumor as

well as the use of three non-coplanar (20◦, 0◦ and -20◦) treatment arcs by tilting the gantry. The

CTRx treatments were compared to simulated treatments with a conventional 10 MV photon beam

modelled after a linac. The CTRx system was capable of achieving suitable tumor dose distributions

given sufficient iodine concentrations and non-coplanar beams.

In my work, I explore a novel design for a kV treatment system using a conventional x-ray tube

mounted on an articulating robotic arm. This system leverages the decreased cost of robotic arms

which can handle the weight of an x-ray tube at a cost of approximately $30K USD. This robotic

arm would be used in combination with a 320 kV industrial x-ray tube to provide a non-coplanar

kV-treatment machine. These machines could hypothetically cost less than $150K USD, with low

operating costs, few specialised components, and low shielding requirements. These treatment ma-

chines, although likely not as effective as MV treatment machines, would avoid the estimated $5M
USD price of a new linac and $2M USD additional cost of constructing the 2 metre thick cement

bunker needed for safe operation of a linac.

1.4 Primary Contributions and Significance of the Work

Overall, the significance of this work lies in its comprehensive investigation of novel imaging tech-

niques, simulation setup, and detector performance through the lens of lowering radiotherapy cost.

The novel rapid simulation tool, Fastcat, is developed for image quality assessment and virtual clinical

trials (VCTs). The work also does a preliminary investigation of novel low-cost perovskite detectors

in VCTs using the Fastcat tool. These findings have implications for improving imaging accuracy

and treatment planning. Finally, an investigation was undertaken to assess the effectiveness of lung

SABR treatment using a low-cost kV radiotherapy machine with the goal of establishing a radiother-

apy platform for LMICs. The findings contribute to the advancement of medical imaging technology

and its potential impact on clinical practice, laying a groundwork for the future direction of low-cost

radiotherapy treatments.

1.5 Structure of the Thesis

An overview of my PhD and how the different topics intersect is shown in Figure 1.2. Development

and validation of the Fastcat hybrid MC code allows the simulation of novel CWO and Perovskite

detectors. Likewise, Fastcat’s simulation methods are applied to kV treatment planning and opti-
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Figure 1.2: An overview of my PhD work and the relation between projects.

mization of the kV treatment machine’s CBCT imaging system.
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Chapter 2

Radiography and Radiotherapy Physics

In this chapter, we will briefly go over some of the fundamental principles behind radiography and

radiotherapy from a physics perspective. We will explore the behavior of photons and electrons, their

interactions with matter, and how these interactions are harnessed to achieve precise imaging and

therapeutic outcomes.

2.1 Radiography and Radiotherapy Physics

Fundamentally, radiography and radiotherapy treatments are founded upon the properties and be-

haviors of fundamental particles, namely photons and electrons. These particles play a pivotal role in

enabling us to visualize the human body with exceptional clarity and precision, as well as selectively

target and destroy tumors while sparing healthy tissues.

Without the unique characteristics exhibited by photons and electrons, the remarkable view inside

the human body provided by medical imaging would be unattainable, and the ability to effectively

treat tumors through radiotherapy would be compromised. Thus, to accurately assess the applications

of radiography and radiotherapy, it is essential to delve into the fundamental principles of physics

that govern the behavior of these particles. By understanding the intricacies of photon and electron

interactions at a fundamental level, we gain valuable insights that shape the field of medical physics.

This knowledge forms the foundation for optimizing diagnostic imaging techniques, refining treatment

planning strategies, and ultimately improving patient outcomes in the realm of healthcare.

2.2 Role of Photons in Medical Physics

Photons play a central role in both radiography and radiotherapy, serving as a primary tool in

these fields. However, it is crucial to recognize the diversity within the broad spectrum of photon

energies. While optical light and megavoltage x-rays are both photons, it would be misleading to

lump them together without distinction. Each application, whether it be photon radiotherapy or a

photomultiplier tube, is finely tuned to the specific properties of the respective photons. Interchanging

these photons would lead to ineffective treatment and a lack of signal detection.
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To provide a comprehensive understanding, we will begin by discussing the general properties of

photons. We will then delve into their specific characteristics, highlighting the importance of photon

energy in medical physics. When a photon encounters another particle, there is a probability of

interaction, which varies depending on the photon’s energy. The medical physicist’s attention to

photon energy stems from the significance of these interactions.

2.3 Photon Interactions

The nature of photons raises philosophical questions, as their properties, such as particle-wave duality,

defy our everyday understanding of objects. If an ordinary chair were to behave like a photon, sitting

down would become a risky proposition, with a probability that the universe would play a practical

joke by moving the chair to another location, leaving us perplexed on the floor. Fortunately, we live in

a world where chair positions are not subject to probability distributions, but the position of photons

remains uncertain. Although many aspects of photons and fundamental particles are mysterious, we

can still describe certain reliable properties and relationships although to simulate them fully (as we

will see in later chapters) we will need to take into account their probabilistic nature.

Essential to a medical physicists understanding of photons is their propensity to interact with

matter. Once a photon is generated with a given amount of energy, it travels at the speed of light on

an endless trajectory, moving through the vast expanse of space unhindered if not for the presence

of matter scattered throughout the universe. When matter is encountered by a photon, the energy it

contained may be partially or fully transfer to the matter. Photon-matter interaction serves as the

fundamental mechanism for energy and information transfer throughout the universe, forming the

foundation of radiation therapy and radiography.

Photon Interactions in Materials

Let us begin by emphasizing that the probability of a photon interacting with the constituent particles

of a uniform medium in an infinitesimal distance dx remains constant regardless of its travel distance

through a material. Unlike a weary hiker, photons do not suffer from fatigue or blisters along their

journey. Whether they have traveled 20 kilometers or 20 million kilometers, their likelihood of

succumbing to an interaction remains the same. This property implies that, on a larger scale, if half

of the initial number of photons reach a depth x in a material, only a quarter will reach a depth of

2x. The distribution of these particles follows an exponential pattern given by the equation:

N = N0 exp(−µx) (2.1)

In the above equation, N represents the number of photons, N0 represents the initial number

of photons, x represents the depth within the material, and µ represents the linear attenuation

coefficient [54, 55].
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Similar to hikers, photons generally strive to leave minimal impact on the matter they interact

with. While electrons may create a trail of ionized molecules, causing damage to the tissue, pho-

tons, known as “indirectly ionizing” particles, primarily induce damage to tumors through secondary

electrons they produce, rather than through direct ionizations. Therefore, understanding electron

interactions and their products is crucial in comprehending photon radiation therapy.

In this section we will introduce four fundamental processes: Rayleigh scattering, photoelectric

effect, Compton scattering, and pair production. Rayleigh (coherent) scattering refers to the elastic

scattering of a photon by an atom, causing a change in its direction without any energy transfer.

The photoelectric effect involves the absorption of a photon by an atom, leading to the ejection

of an electron. Compton (incoherent) scattering occurs when a photon collides with an electron,

resulting in the photon’s energy transfer and change in direction. Lastly, pair production involves

the conversion of a photon into an electron-positron pair in the presence of a nucleus. The total

mass attenuation coefficients for a few example materials can be seen in Figure 2.1. While the energy

ranges in which the different effects dominate can be seen in Figure 2.2.

Figure 2.1: The total mass attenuation coefficients for carbon, copper, and gold in the kV range of
energies.
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Figure 2.2: Regions of relative predominance of the three main forms of photon interaction with
matter. The left curve represents the region where the atomic coefficints for the photoelectric effect
and Compton effect are equal, the right curve is for the regio where the atomic Compton coefficient
equals the atomic pair production coefficient [Reproduced from Podgorsak [56] with permission].

2.3.1 Rayleigh Scattering

The most basic of photon interactions is Rayleigh scattering, which is the most elastic of the photon

interactions we will discuss it involves the interaction of a photon with an entire atom. The atom

absorbs the photon and emits another photon with almost exactly the same energy, in a direction

that is essentially isotropic around the interaction point. The Rayleigh scattering cross section scales

as (Z/E)2, where Z is the atomic number and E is the photon energy [56]. In biological materials at

the energies used in radiography and radiation therapy, Rayleigh scattering is a minor interaction.

Since minimal energy is transferred, Rayleigh scattering does not significantly contribute to treatment

doses. However, the change in photon direction complicates the relationship between the intensity

of a detector pixel and the composition of the material between the pixel and the source, a crucial

aspect of radiographic imaging.
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2.3.2 Compton Scattering

Compton scattering is a fundamental phenomenon wherein a photon interacts with an electron,

leading to the alteration of the photon’s trajectory and the recoil of the electron. This process holds

great significance in the realm of radiotherapy as it gives rise to secondary electrons, which play a

crucial role in the deposition of dose during treatment.

Figure 2.3: Schematic diagram of Compton scattering. An incident photon with energy hν interacts
with a lossely bound (essentially free) atomic electron. The electron is ejected from the atom as a
recoil (Compton) electron with kinetic energy EK and a scattered photon with energy hν ′ = hν−EK

is produced. [Reproduced from Podgorsak [56]. with permission]

Unlike Rayleigh scattering, which involves the scattering of photons by free atoms or molecules,

Compton scattering occurs when photons interact with electrons bound loosely by atoms, as shown in

the Figure 2.3 schematic. The exchange of energy and momentum between the photon and electron

facilitates the scattering event. Consequently, the photon changes its direction, causing a disruption

in radiographic signals and impacting image formation in various medical imaging techniques.

One notable distinction between Compton scattering and Rayleigh scattering lies in the substan-

tial transfer of energy from the photon to the electron. As the photon interacts with the electron,

a portion of its energy is transferred, resulting in the recoil of the electron. The scattered photon

retains some energy, albeit with a longer wavelength compared to the incident photon. Notably,

the energy transferred to the electron can be considerable, especially when dealing with high-energy

photons employed in radiotherapy applications. The energy transfer in Compton scattering can be
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quantified using the Compton shift formula:

∆λ = λ′ − λ =
h

mec
(1− cos(θ)) (2.2)

where ∆λ is the Compton shift, λ′ is the wavelength of the scattered photon, λ is the wavelength

of the incident photon, h is the Planck constant, me is the rest mass of the electron, c is the speed

of light, and θ is the scattering angle [56].

Furthermore, the probability of Compton scattering occurring within a specific solid angle can be

calculated using the Klein-Nishina formula:

dσ

dΩ
=

r20
2

(
λ′

λ

)2(
λ′

λ
+

λ

λ′ − sin2 θ

)
(2.3)

In this equation, dσ/dΩ represents the differential cross-section, r0 is the classical electron radius,

λ is the wavelength of the incident photon, λ′ is the wavelength of the scattered photon, and θ

is the scattering angle. The properties of Compton scattering, including the energy transfer to

secondary electrons and the angular distribution of the scattered photons, are of utmost importance

when considering patient treatments. The Compton interaction cross section (another name for an

attenuation coefficient) is dependent on the electron density, and therefore Z, of the material; the

interaction cross-section decreases with increasing beam energy.

2.3.3 The Photoelectric Effect

The photoelectric effect is a crucial phenomenon in which a photon, generally in the keV range can

be completely absorbed by an atom, leading to the excitation of the target atom and the emission of

an orbital electron as well as a characteristic x-ray or a Meitner-Auger electron. The energy of the

emitted electron is equal to the difference between the energy of the incident photon and the binding

energy of the electron.

A notable characteristic of the photoelectric effect is the presence of absorption edges and spectral

peaks when the photon energy matches the binding energy of an atomic shell. At these specific

energies, the probability of interaction and the cross-section increase significantly. The differential

cross-section exhibits distinct peaks, corresponding to the absorption edges, indicating the strong

interaction between the photon and the atom at those energies.

It is important to note that the photoelectric cross-section is proportional to Z to the power

of four (Z4) and inversely proportional to the photon energy (E3). This dependency explains the

enhanced significance of the photoelectric effect in high-Z materials, such as shielding and collimating

components in accelerators. Additionally, in low-energy applications like diagnostic x-ray beams, the

photoelectric effect is more prominent compared to clinical megavoltage (MV) beams, where other

processes dominate.

Understanding the physics of the photoelectric effect provides insights into the behavior of photons
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interacting with matter, offering valuable knowledge for various fields, including medical imaging and

radiation therapy. By comprehending the intricacies of this phenomenon, researchers can optimize

imaging techniques, design shielding materials, and develop accurate dose calculations, contributing

to advancements in medical physics and related disciplines.

2.3.4 Pair and Triplet Production

As photon energies surpass the critical energy of 2mec
2 = 1.02,MeV in megavoltage radiotherapy, two

additional interactions emerge. Pair production involves a photon interacting with a nuclear Coulomb

field, resulting in the absorption of the photon and the creation of an electron-positron pair as seen in

Figure 2.4. Triplet production, occurring at twice the energy threshold of pair production, involves

an interaction within the field of an orbital electron and leads to the emission of an additional orbital

electron. Both pair and triplet production produce positrons, which annihilate and generate two

0.511,MeV photons that typically escape the patient, thus not significantly contributing to patient

dose.

Summary

A summary of the different properties of the interactions is seen in Table 2.1.

Figure 2.4: A schematic of the incident photon (γ) hitting a Coulomb field and producing an electron
(e−) and a positron (e+).

2.3.5 Electron Interactions

In the realm of clinical practice, it is important to note that this thesis does not involve direct electron

treatment of the patient. Instead, the patient is subjected to photon irradiation, which gives rise to

secondary electrons as byproducts.

In contrast to photons, which dissipate their energy generously, electrons exhibit a more conser-

vative behavior, preferring numerous smaller energy exchanges. It is not uncommon for electrons to
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Table 2.1: Main characteristics of the different photon interactions. [As appears in Podgorsak [56]]

Photoelectric Effect Rayleigh scattering Compton effect Pair production

Photon
interaction

With whole atom
(bound electron)

With bound
electrons

With free
electrons

With nuclear
Coulomb field

Mode of photon
interaction

Photon
disappears

Photon
scattered

Photon
scattered

Photon
disappears

Energy
dependence

1
(hv)3

1
(hv)2

Decreases
with energy

Increases with
energy

Threshold No No No 2mec
2

Linear
attenuation
coefficient

τ σR σC κ

Particles
released

Photoelectron None
Compton
(recoil)
electron

Electron-
positron pair

Atomic
coefficient
dependence
on Z

aτ ∝ Z4
aσR ∝ Z2

aσC ∝ Z aκ ∝ Z2

Mass coefficient
dependence
on Z

τ
ρ
∝ Z3 σR

ρ
∝ Z Independent κ

ρ
∝ Z

Subsequent
effect

Characteristic
X ray,
Meitner effect

None
Characteristic
X ray,
Meitner effect

Annihilation
radiation

Significant
energy region
for water

< 20keV < 20keV
20keV−
10MeV

> 10MeV
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traverse merely a fraction of a millimeter before engaging in interactions with other electrons and

atomic nuclei. As the electron gradually loses energy, a realization dawns upon it—much like our own

introspection as we near the conclusion of our unpredictable journey through life—that interactions

with the surrounding environment carry greater significance than initially surmised. Consequently,

the electron begins to allocate more energy to each interaction before eventually reaching a state

of rest. This phenomenon can be quantified by expressing the stopping power of electrons, which

increases as their energy decreases.

Furthermore, we identify two distinct components that contribute to the electron stopping power:

radiative and collisional interactions. These discrete aspects govern the intricate dynamics that

underlie the dissipation of electron energy within the tissue.

Collisional Interactions

Collisional interactions involve the electron’s encounters with charged particles present in the tissue,

such as atomic nuclei and other electrons. These collisions lead to energy transfer between the electron

and the target particles. The energy transfer can result in various processes, including excitation or

ionization of atoms, leading to the production of additional secondary electrons or the emission of

characteristic X-rays. The energy loss per unit path length Scol/ρ due to collisional interactions can

be described by the Bethe-Bloch formula:

Scol

ρ
=

4πNAZ

A

r2emec
2

β2
z2

[
ln

2mev
2

I
− ln(1− β2)− β2 − C

Z

]
(2.4)

where β = v
c
is the usual ratio of the particle velocity to the speed of light (c = 2.998× 108m/s),

re is the classical electron radius (2.818 × 10−15m), NA is Avogadro’s number (6.022 × 1023), Z is

the atomic number (number of protons in the nucleus), A is the atomic mass number (number of

nucleons), z is the projectile charge, I is the mean excitation potential (I ∝ Z), and the ratio C
Z
is

the shell correction factor [56, 55].

Radiative Interactions

Radiative interactions play a significant role in the energy dissipation of electrons. As an energized

electron traverses the tissue, it can emit photons through the process of bremsstrahlung, or braking

radiation. This emission occurs when the electron experiences the influence of atomic nuclei, causing

it to decelerate and emit electromagnetic radiation in the form of bremsstrahlung photons. The

energy carried away by these emitted photons does not contribute to the local energy deposition

within the tissue and has implications for dose distribution during radiotherapy. Mathematically,

the mass radiative stopping power (Srad/ρ) due to radiative interactions can be described by the

Bethe-Heitler formula:
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Srad

ρ
= σo

NAZ
2

Aρ
(Ek +mec

2)B̄r (2.5)

where σo is a constant (5.80 × 10−28 cm2/atom), B̄r is a function of Z and Ek, the electron

kinetic energy. The relationship between the mass radiative stopping power Srad/ρ) and the kinetic

energy of an electron is responsible for the increasing significance of Bremsstrahlung production at

higher electron beam energies. Additionally, the Z2 term in the equation explains why the radiative

interaction becomes more dominant in materials with higher atomic numbers [56].

The interplay between radiative and collisional interactions governs the intricate dynamics of

electron energy deposition within the tissue. Understanding the contributions of these interactions

provides a foundation for optimizing treatment planning, dose delivery, and overall treatment out-

comes in the realm of clinical medical physics.

2.4 Medical Imaging Physics

In contrast to other imaging modalities like MRI or ultrasound, radiography relies on multiple inter-

actions between photons and matter, as discussed previously, to generate an image. The composition

of the imaged object influences the specific proportions of these interactions, resulting in variations in

the generated image. Complicating matters further, x-rays, unlike other modalities, deposit ionizing

radiation in tissues, increasing the patient’s risk of cancer. In an ideal scenario, we would employ

long exposures of low-energy photons to achieve high-resolution, MRI-like image quality. However,

x-ray imaging protocols must adhere to the “as low as reasonably achievable” (ALARA) principle to

limit patient dose, necessitating modifications from the ideal approach.

While much of the field of diagnostic radiology may be qualitative; interpreting an x-ray image of

a fractured bone or a CT-slice of a lung lesion where qualitative differences in appearance of anatomy

are adequate for diagnosis. In radiation oncology we differ from these qualitative observables, looking

instead for CT to give quantitative attenuation coefficients and in turn electron densities essential to

proper treatment planning. Quantitative attenuation coefficients can be found theoretically but can

generally only be approximated in a clinical setting:

Imagine an idealized imaging system that aims to provide perfect attenuation coefficients of the

human body. This perfect system might include a synchrotron monoenergetic source that emits a

tightly collimated pencil beam, while two collimators are strategically placed to reject any scattered

photons. To minimize motion artifacts, the pencil beam rotates rapidly around the patient during

image acquisition. This setup effectively addresses the challenges posed by the polyenergetic nature

of attenuation coefficients in computed tomography (CT) and the confounding effects of scatter and

would give you a nearly exact map of a human’s attenuation coefficients. Unfortunately, synchrotron

sources are prohibitively expensive and collimation reduces the efficiency of acquisition making prac-

tical imaging solutions different from this, by examining existing imaging system relative to this
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ideal system that gives perfect attenuation coefficients we can get a good idea of the strengths and

weaknesses of CT imaging systems.

The imaging workflows discussed in this dissertation deviate from this idealized scheme, intro-

ducing artifacts that can affect image quality. The focus of this thesis is often on CT systems which

utilizes a polyenergetic x-ray beam generated by an x-ray tube with a peak energy of approximately

100 keV. Aluminum filtering is employed to remove low-energy photons. The beam takes on a coni-

cal or fan shape, providing a larger detection area, and a 2D grid above the detector helps mitigate

scatter. To understand the effects of this cone-beam CT geometry on the values that make up a

CT image, and how they differ from idealized attenuation coefficients we will examine the image

formation process.

2.4.1 X-Ray Projection Image Acquisition

A digital radiographic image is composed of three images: The first is what is called a flat field image,

taken by irradiating the detector without any object present, the second is the dark field an image

capturing the detector output without any radiation and the third is the image of the object. We

then create a projection image (P) as

P = −ln
I − Id
Io − Id

(2.6)

Where Io is the field image, Id is the dark field image and I is the image of the object [54]. This

projection image is an approximation of the attenuation for each ray between the course and detector

pixel since

I − Id = (Io − Id)exp(−P ) (2.7)

So we can see that each pixel of the image is an approximating the path length times the average

attenuation coefficient (−µx) between each detector pixel and the source. For an object of uniform

composition and a monoenergetic x-ray source, µx is the linear attenuation of the material, if we

then know the path length we can find µ and we can look up the attenuation coefficient in the NIST

database of x-ray coefficients to ascertain what sort of material that we are looking at. But what

is the fun of taking an x-ray image of a uniform object? For a varied and interesting object the

projection image is the sum of attenuation coefficients along the ray

Pi,j,θ = µ1x1 + µ2x2 + . . . + µnxn (2.8)

In the case of projection radiography generally we have µbone >> µtissue and the projection image

is useful at examining bony anatomy as the rays interacting with bone are obvious compared to

any voxels without bony anatomy. However, this approach is less effective when attenuations are
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similar [54].

In medical imaging, interpreting images with only fat and muscle can sometimes be challenging

due to the similarity in their linear attenuation coefficients. This ambiguity arises when two different

combinations of fat and muscle can produce the same image value, making it difficult for the viewer

to distinguish between them. The complexity escalates with the use of polyenergetic x-ray beams,

where attenuation coefficients encompass a range of x-ray energies. Consequently, establishing a

relationship between the projection radiographic image value and the attenuation coefficient becomes

unattainable as we must solve for an integration over energy to find µ(E ′, x)

I(E) =

∫ [
I0(E) · exp

(
−
∫

[µ(E ′, x) · dx]
)]

· S(E,E ′) · dE ′

Here, I(E) represents the intensity of the X-ray beam at energy E after passing through the

tissue. I0(E) represents the initial intensity of the X-ray beam at energy E. µ(E ′, x) represents

the energy-dependent linear attenuation coefficient of the tissue, which varies with the energy E ′ of

the X-rays and the path length x. S(E,E ′) represents the spectral distribution of the X-ray beam,

describing the relative number of X-rays at different energies. The integral is taken over the entire

energy spectrum of the X-ray source [55, 57].

The relationship between the image value and tissue composition is determined by the energy-

dependent attenuation coefficients and the spectral distribution of the X-ray beam. The different

attenuation properties of tissues at various X-ray energies, as well as the energy spectrum of the

X-ray source, influence the image values. This complexity in quantifying attenuation coefficients

and localizing patient anatomy in 3D space leads to the utilization of computed tomography (CT),

which offers a more precise and comprehensive solution. CT imaging helps overcome the limitations

of projection radiography, enabling accurate differentiation of materials with similar attenuation and

providing detailed spatial information for treatment planning in radiotherapy.

2.4.2 CT imaging

Computed tomographic (CT) imaging is a natural extension of x-projection radiography the like of

which you may encounter at the dentist on a semi-annual basis. While the extension of your teeth’s

bony roots into your jaw is readily answered by projection radiography, the ultimate question of the

different bodily organ’s position relative to each other requires a more analytical approach: This

analytic approach which is fundamentally computerized is called CT and is essential to image guided

radiotherapy and medical diagnostics generally.

In CT imaging, we introduce dynamic rotation of the traditional projection radiography setup

around the patient’s axial axis. Both the source and the detector rotate in synchrony, positioned

on opposite sides of a stationary patient. At the heart of this rotation lies the isocenter, a central

point between the detector and source, which assumes significance in the subsequent computerized
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reconstruction process.

During the rotation, we acquire a series of projection images at equally spaced intervals around the

object. Unlike projection radiography, where the distinct attenuation coefficients of various lengths

(xi) remain indistinguishable due to the limited information contained in each ray, the multitude of

acquired projection images enables us to solve for the unknowns and derive attenuation values at

different points within the volume. This is achieved through a system of linear equations:

Pi,j,θ = µ1x1 + µ2x2 + . . .+ µnxn (2.9)

While filtered back projection is the most computationally efficient approach, recent years have

witnessed a proliferation of alternative image reconstruction methods, facilitated by increased com-

putational power.

In computed tomography (CT), the underlying mathematical relationship between the acquired

projection data and the unknown distribution of linear attenuation coefficients within the imaged

object is the focal point. This relationship is expressed by the Radon transform, characterized by

the equation:

P (θ, s) =

∫ ∫
f(x, y) · δ(θ − θ′) · δ(s− x cos(θ′)− y sin(θ′)) · dx · dy (2.10)

Here, P (θ, s) represents the measured projection data at angle θ and position s, f(x, y) denotes

the unknown distribution of attenuation coefficients, while δ(θ − θ′) and δ(s − x cos(θ′) − y sin(θ′))

are the Dirac delta functions that impose constraints on the integration over the object.

The ultimate goal of CT reconstruction algorithms is to solve this equation and estimate the distri-

bution of attenuation coefficients f(x, y) within the imaged object based on the measured projection

data P (θ, s). By unraveling the internal structures and tissue properties with enhanced precision,

CT imaging allows a 3d reconstruction of the internal anatomy of the patient to be achieved. CT

systems include a source and a detector rotating about an object as seen in Figure 2.5 [57].

2.4.3 X-ray Tubes

Radiography, the technique of using x-rays for imaging, poses a unique challenge due to the nature

of x-ray production. While producing optical light is relatively straightforward through processes

like heating tungsten filaments or exciting gases, generating x-rays requires much higher energies.

Ordinary power supplies used in electronics, such as those driving LCD displays or motors, are

insufficient for x-ray production. To create the conditions for high-energy electrons and subsequently

high-energy photons, thousands to hundreds of thousands of volts are needed.

In an x-ray tube, which is a rather inefficient system, a tungsten anode is heated to generate

ionization events that produce electrons. These electrons are then accelerated through a high voltage

potential towards an angled tungsten cathode. X-rays, initially called ”Cathode rays,” are emitted
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Figure 2.5: A kV and an MV setup are shown. The kV setup using an x-ray tube while the MV
setup uses a linac head.

from the cathode through a process called bremstrahlung and photoelectric interactions. High-energy

electrons are accelerated towards a target material, typically tungsten, leading to interactions that re-

sult in the emission of x-rays. X-rays are generated through two primary mechanisms: bremsstrahlung

and the photoelectric effect. These electronics are housed in an evacuated glass envelope, while the

anode may be stationary or may rotate to better dissipate heat. A rotating anode x-ray tube is

shown in Figure 2.6.

When assessing an x-ray tube, several design variations are relevant to medical physicists. Firstly,

the peak voltage supplied, often denoted as ”kVp” (kilovoltage peak), represents the maximum

possible energy of the x-rays. However, the mean energy of the x-ray beam will typically be about half

of this value in practice. Secondly, the tube current available at the peak voltage, which determines

the tube’s photon output, is analogous to the light level in conventional photography. In medical

imaging, exposure is defined as the tube current multiplied by the exposure time. Longer exposures

are required for clear image resolution, similar to conventional photography. Similarly, for capturing

moving objects, such as in sports photography, bright lighting and short exposures are needed to

prevent motion blur. The same principle applies to moving anatomy, like the lungs, where high

current and short image acquisition times may result in blurred images.
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Figure 2.6: A rotating anode x-ray tube is shown with key parts labelled. [58] [Reproduced from
Wikimedia by Daniel W. Rickey, CC BY-SA 3.0]

Third, the focal spot size of the x-ray tube is an important factor in determination of image

sharpness as one can determine when trying to make shadow puppets, the experience shadow pup-

peteer will choose a candle or LED light which emit from a small point lending sharp lines to their

puppetry while a less experienced puppeteer may choose an incandescent light which acts to blur the

lines of their puppets and be unimpressive to any watching children. A schematic of this effect can

be seen in Figure 2.7.

2.4.4 Focal Spots

Similarly, small focal spots act to sharpen images while large focal spots decrease the spatial resolution

and make them unimpressive to any watching radiologists. The focal spot blur in radiography can

be described by the point spread function (PSF), which characterizes the spatial distribution of

radiation intensity around the focal spot. One common model used to represent the PSF is the

Gaussian function. The equation for the Gaussian PSF is:

PSF (x, y) =
1

2πσxσy

· e
− x2

2σ2
x
− y2

2σ2
y (2.11)

where x and y are the coordinates in the image plane, σx and σy represent the standard deviations

of the Gaussian distribution in the x and y directions, respectively. The blurriness of the focal spot

increases as the standard deviations σx and σy increase, indicating a larger spread of radiation

intensity around the focal spot. The PSF is convolved with the image to account for the blurring

effect of the focal spot in the final image [55, 57].

For different medical imaging applications it may be useful to have different combinations of focal

spot, current and kVp. We must keep in mind though the dose rate is roughly proportional to the
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Figure 2.7: A schematic of the increased blurryness to to geometric blurring from the focal spot.

power requirement for the dose rate of the device which scales linearly with the current (I) and

quadratically with the voltage (V ). In turn, decreasing the focal spot focuses the beam on a small

area on the anode, heating the anode rapidly and necessitating expedient cooling systems in the

device: Mammography tubes as they operate at low voltage for short periods of time (ms) and low

voltages allows for very small focal spot sizes and in turn high resolution images suited for breast

calcification detection. CT scanners, on the other hand, generally operate at high current, with kVps

over double that of mammography systems, as well as beam filtration necessitating larger focal spots

to deliver adequate fluence without overheating the anode. In the context of kilovoltage radiotherapy

very high kV sources can be used at high currents with large focal spots as focal spot blur is not as

important to treatment dose distributions as it is to image resolution.

2.4.5 Additional Components

In the field of medical imaging, several essential components play a crucial role in optimizing image

quality and reducing imaging artifacts. Bowtie filters, beam hardening filters, and anti-scatter grids

are three such components that contribute significantly to the overall imaging process [54].

Bowtie filters are designed to shape the photon energy spectrum of the imaging beam, helping
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to compensate for variations in patient thickness. By attenuating the beam intensity towards the

periphery and reducing it towards the center, bowtie filters ensure more uniform exposure across

the patient. This modification of the photon energy spectrum helps in minimizing image artifacts

such as beam hardening, where high-density structures can appear inaccurately dense due to the

polychromatic nature of X-ray beams.

Beam hardening filters are specifically employed to address the beam hardening phenomenon.

These filters consist of materials that preferentially attenuate low-energy photons, reducing their

contribution to the overall beam spectrum. By selectively attenuating the low-energy X-ray photons,

beam hardening filters help to mitigate beam hardening artifacts and improve image accuracy and

clarity. For the Varian OBIs discussed in this work beam hardening filters generally consist of about

0.7 mm of titanium.

Anti-scatter grids are utilized to minimize the amount of scattered radiation reaching the X-ray

detector. Scatter radiation can degrade image quality by reducing contrast and introducing unwanted

noise. Anti-scatter grids generally consist of a series of lead strips or septa that absorb scattered

radiation while allowing primary radiation to pass through. By absorbing scattered photons, anti-

scatter grids enhance image contrast and minimize the occurrence of scatter-related artifacts [54].

2.4.6 X-ray Detectors

As early 1900s scholars would tell you, the spintheroscope is considered the best tool to visualize

radiation. Like other indirect detector systems, a spintheroscope consisted of a photoconversion step

and a photodetection step. In this case, a scintillating crystal was typically used as the photocon-

version step, producing optical photons when exposed to high-energy radiation. The photodetection

step involved a graduate student positioned behind a magnifying lens to manually count the photons.

Hence, one could argue that the earliest x-ray detector known to science was the humble graduate

student.

Since the early 1900s, technological advancements have replaced the graduate student with digital

counterparts in most applications. In the case of CT detectors, a digital readout has always been

necessary for computational reconstruction. Early models used large photomultiplier tubes (PMTs),

which have now been largely replaced by amorphous silicon (aSi) semiconductors for readout pur-

poses. Throughout the past century, various detection methods, whether involving graduate students,

PMTs, or aSi semiconductors, have always relied on scintillators to convert x-rays into optical light.

More recently, solid-state direct conversion detectors have gained popularity in diagnostic imaging,

offering an alternative to scintillator-based systems.

2.4.7 Scintillating Detectors

As mentioned earlier, scintillating detectors undergo two distinct steps in the image acquisition

process: photoconversion and photodetection. In the photoconversion step, incident high-energy
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photons or electrons interact with the atoms of the material, causing the release of electrons into the

material’s valence shell and generating electron-hole pairs. These electron-hole pairs then migrate

to luminescence centers within the material, leading to the emission of light. When it comes to

scintillators, certain properties are desirable. Firstly, high photon output is preferred, ensuring that

a large number of optical photons are produced per incident x-ray. Additionally, fast scintillation

is advantageous, minimizing the time delay between x-ray absorption and the emission of optical

photons. Another desirable property is intrinsic collimation within the material. Since light is emitted

isotropically from the luminescence centers in the crystal, it is crucial that the spatial information

encoded by the point of interaction is not obscured by the scattering of optical photons throughout

the material. Two commonly used detectors in x-ray imaging are CsI and GOS, each with their own

specific properties, which are outlined below [54]:

2.4.8 Semiconductor Detectors

Unlike scintillating detectors, semiconductor detectors are based on direct conversion and do not rely

on the generation of optical photons for detection. Instead, a voltage is applied across the detector

crystal, and the electron-hole pairs created by incident radiation move across the potential gradient

and are collected in a capacitor until readout. Direct conversion detectors typically offer higher spatial

resolution and conversion efficiencies compared to scintillating detectors, as there is no additional

step of converting the radiation to optical photons and no chance of optical photon spread. However,

the manufacturing of direct conversion detectors is generally costly and more complicated than that

of scintillators and there exist fewer materials with the correct properties for direct conversion than

scintillation.

2.5 Image Quality Metrics

Image quality metrics play a crucial role in evaluating the performance and fidelity of medical imaging

systems. Two key metrics are contrast and noise.

2.5.1 Basic Metrics

Contrast is a measure of the distinguishability of different structures or objects within an image. In

the context of computed tomography (CT), contrast is often defined as the ratio of the signal in a

region of interest (ROI) to the signal of a reference material, such as water, in the same image.

Image quality metrics play a crucial role in evaluating the performance and fidelity of medical

imaging systems. Two key metrics are contrast and noise [55].

Contrast is a measure of the distinguishability of different structures or objects within an image.

In the context of computed tomography (CT), contrast is often defined as the ratio of the signal in

a region of interest (ROI) to the signal of a reference material, such as water, in the same image.
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Noise, on the other hand, refers to the random variations or fluctuations in pixel intensities

within an image. It is typically quantified by calculating the standard deviation of pixel values in a

homogeneous region. A common metric to assess image quality is the signal to noise ratio (SNR),

which represents the ratio of the signal level to the standard deviation of the noise. For CT imaging,

the SNR can be calculated as:

SNR =
µROI

σROI

(2.12)

where µROI refers to the mean intensity within an ROI and σROI corresponds to the standard deviation

of pixel intensities in a noise ROI. Likewise, the contrast-to-noise ratio (CNR) combines the contrast

and noise measurements to provide a comprehensive assessment of the differentiability of a material

to water in a CT image [55]. CNR is defined as:

CNR =
µROI − µwater

σROI

(2.13)

Where µROI and σROI are the mean and standard deviation of each ROI.

2.5.2 Spatial Resolution Metrics

Below are some common spatial resolution metrics mentioned in the dissertation which we describe

and define formally here.

Modulation Transfer Function

In addition to contrast and noise, spatial resolution is a crucial aspect of image quality. The modula-

tion transfer function (MTF) is a widely used metric to quantify spatial resolution. It characterizes

the ability of an imaging system to preserve the contrast of high-frequency components in an image.

The MTF can be obtained by calculating the Fourier Transform of the line spread function (LSF)

and taking the magnitude of the resulting complex values. In the context of medical imaging, the

line spread function (LSF) describes the response of an imaging system to a line source or a line-

like object. It characterizes how the system blurs or spreads the line source in the resulting image.

Mathematically, the MTF (M(f)) at a specific spatial frequency (f) can be defined as:

M(f) =

∣∣∣∣F{LSF}(f)
F{LSF}(0)

∣∣∣∣
Here, F represents the Fourier Transform operator. The LSF is Fourier transformed, and the

magnitude of the complex values at frequency f is divided by the magnitude at zero frequency to

normalize the MTF [5].
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Noise Power Spectrum

In medical imaging and signal processing, the noise power spectrum (NPS) is a valuable tool for

characterizing and analyzing the noise properties present in an image or signal. It provides a quan-

titative description of the noise distribution across different spatial frequencies. The NPS is defined

as the Fourier amplitude of a two dimensional image with intensity I as

NPS(µn, νk) = lim
Nx,Ny→∞

(NxNy∆x∆y)|Fn,k[I(x, y)− Ī]|2 (2.14)

Where I(x, y) is the image intensity at the pixel location (x, y), Fn,k is the two dimensional Fourier

transform where n and k are indices for the specific spatial frequency being sampled, Ī is the mean

intensity of the image, ν and µ are the spatial frequencies conjugate to x and y, while ∆x and ∆y

are the pixel pitch of the detector and Nx, Ny are the number of pixels in the x and y direction,

respectively [55].

Detective quantum efficiency

The detective quantum efficiency (DQE) of a detector is a metric that measures the degradation of

the information contained in an output signal relative to the original input signal. Since detectors

have physical limitations determined by Poisson statistics and finite pixel size, the DQE is measured

relative to the ideal detector which is only limited by these factors. The work of Ranger et al. was

followed to calculate the DQE [59]. Formally DQE is calculated as:

DQE(ν) = S2 MTF 2(ν)

NPS(ν)× q × E
=

MTF 2(ν)

NNPS(ν)× q × E
(2.15)

Where MTF (ν) is the frequency-dependent MTF , NPS(ν) is the frequency-dependent noise

power spectrum (NPS), S is the square of the large-area signal intensity. This equation can be

simplified by using the NNPS which is the noise power spectrum divided by the large-are signal

intensity squared. Meanwhile, the q value is an estimate of the number of incident x-ray photons

per unit area per unit of exposure incident on the detector generally estimated through computer

modelling. Finally, E is the IEC-defined normal exposure [60].

2.6 Machine Learning in Medical Physics

A very brief introduction to deep learning is given for some context on the medical applications

presented in chapter 7.
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2.6.1 Deep Learning

Machine learning, a subset of artificial intelligence, is a field that focuses on developing algorithms

and models capable of learning from data and making predictions or decisions without being explicitly

programmed. At the core of machine learning lies the concept of a neuron, inspired by the functioning

of biological neurons in the human brain.

A neuron typically takes multiple input signals, applies weights to them, and passes the sum

through an activation function to produce an output. By adjusting the weights and the activation

function, a neuron can learn to perform specific tasks, such as pattern recognition or classification.

Multiple neurons can be connected to form a multi-layer perceptron (MLP), which enables more

complex computations and higher-order representations.

Deep learning, an advanced branch of machine learning, takes the concept of MLPs further by

introducing deep neural networks with multiple hidden layers. These deep networks allow for the

automatic extraction of hierarchical features from data. Each layer in the network learns increasingly

abstract representations, building upon the previous layers’ output. This hierarchical representation

learning enables deep neural networks to capture intricate patterns and relationships in data.

2.6.2 Medical Deep Learning Models

Machine learning has emerged as a powerful tool in the field of medical imaging, revolutionizing

various aspects of diagnostic and therapeutic practices. Generative adversarial networks (GANs)

have gained significant attention in recent years [61]. GANs utilize a generative model that can

generate realistic data by learning from a large dataset. In medical imaging, GANs have shown

promise in tasks such as image synthesis, denoising, and super-resolution, enabling the generation of

high-quality images with improved details and reduced artifacts [62, 63, 64, 65].

Another notable advancement in medical imaging is the adoption of UNET models [66]. UNET

is a deep learning architecture that leverages an encoder-decoder structure to perform image segmen-

tation tasks. It has gained popularity due to its ability to accurately segment anatomical structures

and abnormalities within medical images [67, 66]. UNET models have demonstrated remarkable

performance in applications such as tumor segmentation, organ delineation, and lesion detection,

enabling faster and more precise diagnosis and treatment planning [68].

Moreover, there has been growing use of auto-segmentation in medical imaging through machine

learning techniques. Auto-segmentation utilizes algorithms that automatically delineate regions of

interest within medical images, reducing the time and effort required for manual segmentation. Ma-

chine learning-based auto-segmentation methods, when trained on large datasets, can achieve high

accuracy and consistency in segmenting structures, enhancing treatment planning efficiency and re-

ducing inter-observer variability [68].

These advancements in machine learning and auto-segmentation have also found their way into
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clinical radiation oncology. The integration of machine learning-based auto-segmentation tools into

radiation therapy workflows has the potential to improve treatment planning precision and efficiency.

By automating the time-consuming task of contouring organs and target volumes, machine learning-

based auto-segmentation tools allow clinicians to allocate more time to critical decision-making and

personalized treatment strategies, ultimately enhancing patient outcomes.

2.7 Monte Carlo Simulations

Given an initial photon source and a patient, the medical physicist aims to determine the fate of these

photons, which ultimately shapes the efficacy of a medical image or a patient treatment: how many

photons interact within the patient and how many pass through unaffected. Initially, this calculation

seems straightforward and can be accomplished using attenuation coefficients. However, the situation

becomes increasingly complex when one photon generates another photon, and that photon, in turn,

produces additional photons or electrons, and so on. This complexity is further amplified when

considering dose scoring, as dose primarily accumulates along the random paths followed by electrons

as they traverse through tissue. To tackle this challenge, two common methods are employed: the

first involves setting up Boltzmann transport equations and solving them to obtain a steady-state

solution for the differential equations, while the second approach, denoted MC simulation, involves

simulating each particle individually as it traverses through the patient, tallying their locations and

activities until a comprehensive representation of the desired metric is obtained. This metric could

encompass various parameters such as dose distribution within the patient, incident photons on a

detector surface, or other relevant factors. As Boltzmann solvers only exist in proprietary software

and do not have the track record of accuracy many stable open-source MC softwares do, this work

focuses on MC simulations only [69, 70].

EGSnrc [70], Geant4 [71], and TOPAS [69] are simulation software tools extensively used in the

field of medical physics and radiation therapy research. EGSnrc is specifically designed for precise

modeling of electron, photon, and positron interactions with matter, delivering highly accurate and

quick simulation results. Geant4, on the other hand, is a versatile toolkit capable of simulating

interactions of diverse particles with diverse materials. It offers advanced customization capabilities

to tailor simulations for specific experimental setups. TOPAS, which is a wrapper for Geant4, is

a user-friendly software tool focused on simulating radiation therapy treatments. It empowers the

creation of patient-specific treatment plans and facilitates dose evaluation in simple scripts.

2.7.1 Random Number Generators

Integral to the MC process is the encapsulation of the probabilistic randomness of physics in the deter-

ministic programming of a computer. Monte Carlo software uses (pseudo)random number generators

(RNGs) to model this probabilistic nature that arises since two identical particles with identical ini-
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tial conditions will often behave differently on their paths through the patients. This also gives rise to

the name “Monte Carlo” in reference to the kinematic randomness of rolling dice in one of Monaco’s

casinos. It remains an additional problem to produce these numbers which we denote pseudorandom

rather than random as they are deterministic in nature and not truly random. Ideal pseudorandom

systems do not repeat produce numbers between 0 and 1 with equal probability and do not have

an obvious relation between random numbers. Incidentally, humans are terrible RNGs and this is a

common fraud detection technique as humans love to pick the number 7 preferentially [72].

In medical MC simulations, it is common to track an enormous number of initial particles, often

on the order of 1011, with numerous RNs being generated for each particle. To meet the demand for a

vast number of RNs, a very long period (VLP) RNG is required. One option is to use the RDRANG

method [73], which utilizes a hardware chip with a real entropy source, ensuring genuine randomness.

However, this approach is not the most efficient and is only supported on newer chipsets. As a result,

most MC software employs alternative approaches to fulfill the requirements of high-quality random

number generation.

2.7.2 Fibonacci RNGs

Fibonacci series are some of the easiest to spot in a book of brain teasers as any number in the series

is the sum of the previous two. Since the relation is obvious it stands as a poor candidate for a

RNG. However, when a lag is added such that the two numbers used to produce the next occurred

somewhere earlier in the sequence and not necessarily the two previous entries we get an RNG with

some nice properties. The series looks something like this:

xi = (xi−n + xi−k) mod m (2.16)

In this equation, xi represents the current RN being generated. xi−n and xi−k represent the

previously generated numbers in the sequence, where n and k are the lag parameters such that n > k.

m represents the modulus, which is used to ensure the generated numbers are within a specific range.

A great property of these RNGs are periods for known sets of (2n − 1)(2k−1). RANMAR is used in

EGS which is a fibonacci type RNG.

Geant4 employs a modern RNG as its default option, with the Mersenne Twister being the chosen

algorithm. While RANMAR is also available as an alternative, the intricacies of the Mersenne Twister

algorithm are more complex than those of the Fibonacci RNGs and delving into the details of this

RNG is not essential for comprehending the contents of this thesis [73].

2.7.3 MC Simulation Process

So you have developed a prospective treatment of a lung cancer patient using photons delivered from

many angles to optimally treat a small lung lesion while avoiding accumulation of paralyzing dose
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in the spine. Thoracic anatomy, with it’s alternation of bony ribs, soft tissue lesion, and low density

lung presents electron build up regions and complicated dose distribution not readily modeled by

analytical dose calculation, thus you would like to use a MC calculation to ensure that the treatment

complies with initial objectives. You launch you MC simulation and the process looks something like

this:

2.7.4 Simulation Setup

To properly specify a simulation we need to define a patient virtually or in some cases it is more

prudent to use a test object which we call a phantom. While a real patient is a complicated thing

with thoughts, feelings, hopes and dreams; for the purpose of our simulation a patient needs to only

be specified as a map of their elemental composition at a resolution of about 1mm3. This information

has never been obtained at this resolution for any patient, in fact, the most up to date data on human

elemental composition for many tissues is from the 80’s for an ICRP project called the “Reference

Man”. This is not, in fact, a superhero to help with reference formatting but a precedent to treat

every patient (whether a person of another ethnicity or gender) with elemental composition from

biopsy studies performed on young, mostly Caucasian, men from 40 years ago. Problematically,

although some effort to update this database has occurred, most of these values are standard and in

common use.

In radiotherapy treatment planning, accurate characterization of tissue heterogeneities is essential

for precise treatment delivery. However, obtaining elemental composition information at a sub-mm

level for patients is impractical through biopsies. Instead, a common approach involves using planning

CT scans, which provide the required resolution but offer estimates of linear attenuation coefficients

at around 100 kVp. To convert these CT values to elemental composition, a two-step process is

employed. Firstly, the CT values are converted to an attenuation relative to water, leveraging the

relative constantancy of this metric, the Hounsfield Unit (HU), across imaging systems. Subsequently,

lookup tables, such as the one developed by Schneider et al. [74], are utilized to convert HU values to

material composition. Schneider’s method establishes the relationship between CT Hounsfield units

and electron densities, serving as a fundamental input for radiotherapy planning systems consider-

ing tissue heterogeneities. Validating the precision and reliability of these calibration techniques is

crucial, achieved through measurements using tissue equivalent materials and comparing the stoichio-

metric calibration’s precision with the commonly used tissue substitute calibration. This research

contributes to enhancing the accuracy and efficacy of radiotherapy planning systems, ultimately

improving treatment outcomes for patients.

2.7.5 Virtual Models

As comparing different imaging methods on a patient is unethical due to the radiation dose, in some

cases we may use virtual phantoms instead of actual patient data in simulations. Virtual phantoms
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are essential tools in radiotherapy treatment planning, providing a sophisticated representation of

patient anatomy for accurate dose calculation and treatment optimization. These phantoms, such as

the XCAT phantom developed by Segars et al. [75], seen in Figure 2.8, leverage computational models

and imaging data to create realistic virtual representations of human anatomy. They incorporate

intricate details of tissue heterogeneities, organ structures, and physiological functions to simulate

patient-specific scenarios.

Figure 2.8: a) Anthropomorphic breast phantom by Jeon et al. [76] b) XCAT phantom section in the
head. c) Image from Fastcat showing a reconstructed of the breast phantom with the inset showing
a microcalcification. d) XCAT phantom showing the mandible region with a silver almalgam dental
filling.
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2.7.6 Beam Sources

Additionally a beam source is specified in the simulation. While the primary focus is often on photon

and electron beam sources, MC simulations can equally accommodate proton or heavy ion sources.

All sources require specification of direction and beam shape, such as creating a conical beam along

the x-direction. Particle energy is another crucial parameter, ranging from simple mono-energetic

cases like 100 keV electrons to more complex scenarios involving polyenergetic spectra in imaging

simulations.

For polyenergetic beams, two approaches can be taken. The most accurate method, particularly

in photon treatment contexts, involves separately simulating the treatment head of the linac head

or the x-ray tube using MC simulations. The output of this simulation, stored as a “phase-space

file,” contains comprehensive information about particles passing through a specific plane, typically

located at a known distance from the exit window of the linac or x-ray tube. Subsequently, in the

patient simulation, photons are “restarted” to avoid redundant simulation of photon production [70].

Alternatively, an analytical method can be used to generate an energy spectrum for beam speci-

fication. This approach is simpler and faster but lacks the detailed energy and spatial distributions

of the photons encoded in the phase-space file, as well as realistic considerations such as electron

contamination and scattered photons in the beam. Nonetheless, in many simulations, this method

proves to be sufficiently accurate.

2.7.7 Scorers

To determine the desired output values, a scorer is specified in the MC software. In treatment

planning, 3D dose is typically scored in the CT volume, while in imaging, 2D photon counts or

energy deposition is scored in the detector crystal. On the other hand, phase-space scorers, as

previously described, can record the state of each incident particle on a specified plane, providing

rich data for analysis but demanding significant memory resources and often generating gigabytes of

data.

2.7.8 Sampling Probability Distributions

Once the simulation is defined, particle tracking begins. The initial position and momentum of parti-

cles are specified using RNs drawn from known probability distributions. We use different methods to

map the uniform probability distribution of the RNs to specific probability distributions such as the

angle of Compton scattering. One method involves inverting the probability distribution, enabling

the mapping of a uniform distribution to any desired variable. This approach is employed for simple

distributions like generating a random initial distribution from a square source of arbitrary length,

where two random numbers are divided by a scaling factor to create a scaled uniform distribution.

The same principle applies to Gaussian distributions, where the inverse of the distribution function
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is used.

When an interaction has been confirmed distributions of interaction product probabilities and

their energies tabulated in the MV code for materials and energies are used to specify interaction

products. Further RNs are used to specify the new particles trajectories. Probability distributions can

be sampled in a few ways: Inverting the probability distribution is the most efficient way to produce

samples according to a distribution but for functions that cannot be inverted different methods can

be used.

The simplest way when an inversion cannot be found is to use the acceptance rejection method

where a bounding box is made around the function, a random point Px, Py is specified in this space

and accepted only if f(Px) > Py and another random point is drawn if f(Px) < Py in this way

allowing one to geometrically assign probabilities. This method is simple but inefficient, especially if

area under the function is much smaller than the bounding box, likewise dimensions of the bounding

box can be hard to find without calculating all values for the function. Another method called the

Alias method in which the function is discretized, and the discrete function is inverted is generally

used in it’s place.

Table 2.2: Comparison of Sampling Techniques in Monte Carlo Simulations

Sampling Technique Advantages Disadvantages

Inversion Method - Efficient for distributions that
can be inverted analytically -
Provides direct samples from the
desired distribution - Suitable for
simple distributions like uniform
or Gaussian

- Not applicable for complex dis-
tributions - Difficult to find in-
verse functions for many distri-
butions

Acceptance-Rejection Method - Can handle a wide range of dis-
tributions - No need to find in-
verse functions - Simple concep-
tually

- Inefficient if the bounding box
is much larger than the distribu-
tion - Bounding box dimensions
can be challenging to determine

Alias Method - Efficient for discretized distri-
butions - No need to find inverse
functions - Relatively simple to
implement

- Requires discretization of the
distribution - Can introduce ap-
proximation errors

2.7.9 Condensed History

Unlike photons, electrons interact readily in mediums and the exact simulation of an electrons random

walk on a nanometer scale through a medium is generally unimportant in simulations with resolutions

in the mm3 range. However, it does become important if the electron crosses a grid boundary

depositing dose in a new area. Thus, we use a condensed history (CH) approach to group many track
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segments of the electron random walk into a single step. The condensed history step length in the

EGSnrc Monte Carlo code is determined using the following equation:

∆Sn = − 1

µ(E, x)
ln(ξ) (2.17)

Where ∆Sn is the step length for the condensed history step, µ(E, x) is the energy-dependent

linear attenuation coefficient of the medium, which depends on the energy E of the electron and the

path length x traveled by the electron, ξ is a random number generated from a uniform distribution

between 0 and 1. This equation calculates the step length based on the inverse of the linear atten-

uation coefficient and the natural logarithm of a random number. It ensures that the step length is

sampled probabilistically according to the exponential distribution, taking into account the attenua-

tion properties of the medium. Similarly, the displacement and direction of the electron are sampled

from other distributions. Importantly, In MC sims we are offered parameters to control the transport

specifically, electron and photon cutoff energies at which we stop transporting the particles and score

their energy in the current voxel [70].

So after a particle reaches a cutoff energy or exits the simulation volume, another particle is

started, this process continues, laboriously and repeatedly, throughout the MC process, transporting

each photon and in turn secondary particles for that photon and tracking their progress in scorers

until all the particles specified by the simulation have been exhausted.

2.8 Treatment Planning

2.8.1 Treatment Planning Systems

Treatment planning systems (TPS) play a crucial role in medical physics, assisting in the precise and

efficient design of radiation therapy treatments for cancer patients. One widely used TPS is Eclipse,

developed by Varian Medical Systems. Eclipse utilizes a deterministic dose calculation algorithm

called the Analytical Anisotropic Algorithm (AAA) for treatment planning [77, 78].

The AAA algorithm in Eclipse employs mathematical models based on empirical measurements

to estimate the dose distribution within the patient’s anatomy. It takes into account factors such

as tissue heterogeneity and beam modulation to calculate the radiation dose delivered to the tumor

while sparing surrounding healthy tissues. Eclipse provides a user-friendly interface for contouring

structures, defining treatment beams, optimizing beam arrangements, and evaluating dose distribu-

tions.

In contrast, Monte Carlo treatment planning, as discussed previously, is an alternative approach

that uses Monte Carlo simulations to model the transport of individual photons and electrons through

the patient’s anatomy. Monte Carlo simulations lead to highly accurate dose calculations. However,

Monte Carlo treatment planning is computationally intensive and time-consuming compared to de-

terministic algorithms like AAA.
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2.8.2 RTOG Guidelines for Lung SABR

The RTOG (Radiation Therapy Oncology Group) working group guidelines for lung stereotactic

ablative radiotherapy (SABR) provide recommendations and dosimetric criteria for the treatment

of lung cancer patients using high-dose radiation therapy [79]. These guidelines aim to standardize

treatment planning and ensure the delivery of effective and safe radiation doses to the tumor while

minimizing the dose to surrounding healthy lung tissue.

The dosimetric criteria outlined in the RTOG guidelines include various parameters that assess the

radiation dose distribution within the target tumor and the dose limits for nearby critical structures.

Some of the key dosimetric criteria and their purposes in the treatment of lung SABR patients are

as follows:

• Planning Target Volume (PTV) Coverage: The recommended minimum dose (D95%) to the

PTV, which encompasses the tumor, ensures adequate radiation dose coverage to the target

volume, maximizing the probability of tumor control.

• Maximum Dose (Dmax): The maximum allowable dose to the PTV or organ at risk (OAR)

limits the risk of excessive radiation dose that could lead to complications or toxicity within

the tumor or OAR.

• Normal Tissue Constraints: The guidelines provide specific dose limits for surrounding OARs,

such as the lungs, spinal cord, esophagus, and heart. These constraints aim to minimize the

risk of radiation-induced toxicity to these organs while still achieving effective tumor control.

By adhering to these dosimetric criteria, radiation oncologists and physicists can ensure that the

treatment plans for lung SABR patients achieve the desired therapeutic effect while minimizing the

risk of treatment-related side effects. These guidelines help standardize the planning process and

facilitate effective and safe radiation therapy delivery for lung cancer patients undergoing SABR.

2.9 Forward on Research

The research presented in this dissertation has been built upon the foundation of fundamental physics

principles, as well as the utilization of various tools, including software and instrumentation as de-

scribed in this chapter. The subsequent chapters encompass work that has already undergone peer

review and has been published in scientific journals. In these publications, detailed descriptions of

the methods, motivations, and results/discussions have been provided. As a result, the chapters in

this dissertation expand upon these methods, as necessary, within the context of the Methods and

Materials sections. It is my intention that this section serves as a valuable contextual overview,

providing insight into the general knowledge and practical considerations associated with the tech-

nologies explored and studied in the subsequent chapters.
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Chapter 3

Development of Fastcat

Fastcat: Fast Cone Beam CT (CBCT) Simulation 1

3.1 Introduction

Cone beam computed tomography (CBCT) is applied extensively in clinical radiotherapy. CBCT

enables image-guided radiotherapy (IGRT) for the verification of patient positioning [81], quality

assurance of treatment plans [82, 83], and real time tumor localization [81]. Two different methods

of CBCT are clinically applied, both of which include a source and detector mounted on a rotating

gantry. The most common CBCT system uses a gantry mounted kilovoltage (kV) x-ray source and a

detector. This is known as on-board imaging or kV-CBCT imaging. Detectors in kV-CBCT can be

thin and made of low Z materials since the beams are not very penetrating. Conversely, a megavoltage

(MV) treatment beam can be used as the source in MV-CBCT imaging. MV detectors, also known as

electronic portal imaging devices (EPIDs), are generally made of higher Z materials and are thicker

to stop high energy x-rays. kV-CBCT has better soft tissue contrast and higher image quality

than MV-CBCT [84]. However, kV-CBCT requires an additional source and detector. Conversely,

MV-CBCT generally has reduced image quality and is used in specific applications such as high-Z

material artifact suppression [85, 86] but does not require an additional source. Performance of these

imaging modalities is dependent on the x-ray source spectrum and detector design. As such, EPID

development and imaging beam optimization are active areas of research. To optimize new imaging

techniques, Monte Carlo (MC) simulation methods are often used. These techniques enable an initial

evaluation of imaging setups before creating an expensive prototype of the detector or source.

MC EPID simulations are accurate but exceptionally computationally demanding. A large num-

ber of particles need to be simulated to form a CBCT image. The long simulation time can be

primarily attributed to two factors. First, MV detectors generally have low detective quantum effi-

ciency (DQE), meaning that many particles that are transported in the simulation do not interact

with the detector and do not contribute to image formation. A typical EPID DQE is as low as

1This work was published in the journal Medical Physics [80]
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1%-1.5% [22, 37]. Second, the scintillator in which the optical photons are produced has a high

scintillation yield; generating thousands of optical photons to be transported per interaction event.

These two factors result in simulation times often as long as 3,000 core-hours for a 107 primary x-ray

simulation of one EPID projection [38]. Further, to produce a clinically equivalent image of 1 MU

with a 10×10cm2 field size a simulation with more than 1011 photons is required [39, 40, 41]. This

problem is compounded in CBCT simulation, where it is necessary to simulate many projections of

the object for CBCT image reconstruction.

Large headway has been made to reduce this computational overhead. Star-lack et al. have shown

that one can simulate the detector response with only a fraction of the scintillation yield, significantly

reducing the computation time [40]. Likewise, by simulating the optical spread function at discreet

energies beforehand and convolving these optical spread functions with the energy deposition of an

absorbed photon one can avoid simulating the scintillation processes completely [42, 43]. Additionally,

Shi et al. introduced the fastEPID framework which pre-calculates energy deposition efficiency (η)

and optical spread function (OSF) to remove particle transport in the detector entirely without loss

of image quality [39]. Where η is defined as the ratio of the total energy deposition in the scintillator

and the total x-ray photon energy incident on the detector. However, these simulations are still

considered computationally intensive with one image at 1 MU taking 1.540 × 104 core-hours on an

Intel Skylake CPU core (Intel Corp., Santa Clara, Ca). Other MC approaches that are promising

for image simulation are the GPU methods used by Badal and Badano as well as Bert et al. [44, 45].

The approaches have seen MC simulation speedup factors of 27 and 80-90, respectively. However,

at this time, open source GPU MC codes lack the stability and versatility of more established codes

such as Geant4 or EGSnrc.

Additionally, a number of works simulate fan and cone beam CT analytically to reduce computa-

tion time. ImaSim analytically simulates fan and cone beam CT through raytracing using vectorized

phantoms [46]. VOXSI simulates kV fan beam CT using analytical raytracing with voxelized phan-

toms [47] and shows agreement with experimental images in terms of image contrast. DukeSim

simulates kV fan beam CT with voxelized phantoms through a combination of analytical raytracing

and GPU MC and demonstrates agreement between experimental and simulated images in terms

of image contrast, noise magnitude, noise texture, and spatial resolution [48]. A drawback to the

DukeSim approach is that the GPU MC reduces the simulation speed, requiring a 2-3 minute simula-

tion per source rotation while running on 4 Nvidia Titan Xp GPUs with 64 GB of memory. Overall,

none of these platforms are open-source and only DukeSim shows agreement with experimental noise

and image contrast. Additionally, none of these platforms show experimental agreement for kV or

MV CBCT.

In this work we use a modified fastEPID pre-calculation of MC data for the detector response

while also pre-calculating the energy spectrum of the beam source as well as energy dependent scatter

kernels for a cylindrical water phantom. We combine this data with an analytical GPU raytracer



40

Contrast Phantom

Head Phantom

(d)

(b)

z
SAD

SDD
1
2

3
4-6

7
8

9
2

10

11
12
7
9
13
14

Source

Head Phantom
CWO

GOS

MV Spectra

.
y

x

15
16
17
9
13
14

CsI

(a) (c)

Figure 3.1: An overview of the simulation setup. a) The two phantoms
used in this work, the Catphan 515 (top) and the XCAT anthropomor-
phic head phantom (bottom). b) The simulation geometry. c) The MV
energy spectra. d) A slice of the CWO (left), GOS (center), and CsI
(right) detectors with component labels corresponding to Table 5.3.

that provides the primary particle attenuation. This simulation strategy is used to create Fastcat, an

open source simulation tool for CBCT image simulation to enable studies of novel beam, detector,

and phantom combinations. Fastcat shows good agreement with MC simulations of full CBCT data

acquisition and it results in extremely short run times on the order of 1 GPU-minutes for a full CBCT

simulation.

3.2 Materials and Methods

The Fastcat simulation tool consists of a number of components that are described below. Fastcat

is written in python (version 3.6). A Fastcat simulation can be specified and run as a python script.

Likewise, the Fastcat graphical user interface (GUI) can be used to create and run Fastcat simulations.

Fastcat incorporates code from xpecgen [87], an open source x-ray tube spectrum generator. The

Fastcat default simulation geometry is depicted in Figure 3.1: A cone beam collimated to 16×16 cm2
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at isocenter impinges on a 16 cm diameter cylindrical phantom at a source-to-axis distance (SAD) of

1.00 m and a source-to-detector distance (SSD) of 1.52 m. The GUI workflow is depicted in Figure

3.2, which also shows the user selected parameters.

3.2.1 Imaging Beam

Fastcat can use MV or kV x-ray beams for CBCT image generation. MV spectra were calculated

with EGSnrc/BEAMnrc [88] using a variety of target materials (carbon, aluminum, and tungsten)

and electron beam energies (2.5 and 6 MeV) (Figure 6.1c). To generate the spectra a mono-energetic

0.02 mm diameter electron beam was incident on the target material. The thicknesses of the target

materials were based on existing experimental beams for the carbon and aluminum targets [24] and

are summarized in Table 3.1. For the low atomic number (Z) beams (carbon and aluminum), a 2 cm

polystyrene filter placed at 50 cm from the target was used to reduce electron fluence in the beam.

The photons were collimated by both primary and secondary collimators to create a 10×10 cm2 field

size at isocenter and phasespace files were scored at a distance of 100 cm from the target. Global

electron and photon cutoffs were set to 0.01 and 0.001 MeV in the BEAMnrc simulations. 1.5×108

histories were used in each run resulting in 1×106 to 3×107 photons in the phasespace file. These

simulations took on average 35 core-hours on an Intel Skylake CPU. Energy spectra with 200 evenly

spaced energy bins between 0 and the maximum energy were generated from the phasespace files for

input into Fastcat (Figure 3.1c). The kV spectrum was modelled for a 120 kVp beam with a 12◦

tungsten anode, a 0.4 mm beryllium window, and 1 mm aluminum filter in xpecgen [87].

Table 3.1: Electron target thicknesses used for the generation of the MV imaging beams.

tungsten aluminum carbon
2.5 MV 2.3 mm 6.7 mm [89] 7.6 mm [18]
6 MV 5 mm 8 mm [25] 9.9 mm [18]

3.2.2 Detector Simulation

Fastcat currently employs two MV detectors: a novel Cadmium Tungstate (CWO) detector [17] and

a Gadolinium Oxysulfide (GOS) AS1200 detector [90] (both Varian Medical Systems, Palo Alto, CA).

A detector schematic is depicted in Figure 3.1d and detector material parameters are summarized in

Table 5.3. The CWO detector has pixel septa between crystals and has a pixel pitch of 0.784 mm. The

GOS detector has no septa and pixel pitches are set by the active matrix flat-panel imager (AMFPI)

pixel pitch. AMFPI pixel pitches of 0.784, 0.392 or 0.336 mm were modelled for the GOS detector

and 0.784 and 0.392 mm were modelled for the CWO detector. The response of the three detectors,

including the optical transport, was simulated in Geant4 [71] using the Topas [69] wrapper. The
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Table 3.2: Detector optical parameters [17, 90, 92]

Density
(g/cm3)

Material
Thickness
(mm)

Abs. length (cm) |
Refr. ind.

Reflectivity

(1) carbon Fiber 1.62 C 2.5 – –
(2) Foam 0.05 C 33.1, 25.0 – –
(3) Vikuiti ESR 1.05 CH 0.065 0.01 0.98
(4) Scintillator Pixel 7.9 CdWO4 15 125 | 2.25 –
(5) Pixel Glue 1.0 Epoxy 15 100 | 1.47 –
(6) Pixel Septa 2.7 Al Mylar 15 0.001 0.88
(7) Meltmount Glue 1.0 C21H25ClO5 0.01 300 | 1.7 –
(8) Mylar 1.38 C10H8O4 0.065 100 | 1.65 –
(9) AMFPI 2.6 SiO2 1 0.001 | 1.70 –
(10) Fiberglass 1.85 SiO2 0.6, 6.0 – –
(11) Copper buildup 8.9 Cu 1 – –
(12) GOS phospor 4.59 Gd2O2S:Tb 0.29 43 | 2.3, 1.0 (binder) –
(13) Al alloy 2.8 Al 1 – –
(14) Pb alloy 10.95 Pb 3 – –
(15) Graphite 2.26 C 1 0.001 0.88
(16) CsI 4.51 CsI:Tl 0.9 1.25 | 1.8 –
(17) Columnar CsI 4.51 CsI:Tl 3.60 1.25 | 1.8 –

responses of the detectors were modelled using a modification of the fastEPID framework developed

by Shi et al. [39]. Mono-energetic pencil beams of energies of 10 to 90 keV in 10 keV increments,

100 to 900 keV in 100 keV increments, and 1, 2, 4, and 6 MeV were used to calculate the optical

spread function (OSF) as well as the energy deposition efficiency (η) of each detector. For each of

the energies, 1×106 histories were simulated resulting in a run time of roughly 48 core-hours per

detector on an Intel Skylake CPU for the GOS detector. The other detectors had comparable run

times but took longer to load the complex CWO pixels and columnar CsI geometries, which took 2

and 6 hours to load, respectively. All Topas simulations used the Geant4 Penelope physics list as well

as the Geant4 optical physics list with a particle range cutoff of 5 µm for all particles. No variance

reduction techniques (VRTs) were used.

The kV CsI detector in this study was modelled as a 450-µm CsI scintillating detector [91]

(Radiation Monitoring Devices, Inc., Water-town MA). The scintillating crystal is composed of a 100

µm graphite substrate, 90 µm of homogeneous CsI, and 360 µm of columnar CsI (Figure 6.1d). The

columnar CsI was simulated with a column diameter of 10.2 µm and an 85% packing density with

nitrogen gas between columns. Optical properties are summarized in Table 5.3. All MC simulation

settings were the same as stated above for the CWO and GOS detectors. To reduce computation

time in all detector simulations, scintillation yields of 600 photons per MeV were used.

As stated above, Topas MC simulations were used to determine the OSF and η of each detector.

The OSF is defined as
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OSF (i, j) =
Output(i, j)

Nincident × η
, (3.1)

Detector
Weight projections by selected spectra + 
η and convolve with OSF

Scatter
Add pre-calculated MC scatter from 
monoenergetic cone beams.

MV Spectra
Load previously calculated 
MC MV spectra

kV Spectra | xpecgen
Calculate kV spectra

Projections | TIGRE
Handles GPU raytracing creating 
projections

Detector 
Select a detector to load OSF and η

Launch GUI

Phantom
Select  a fastCAT phantom, 
desired dose, CT parameters

PSF
Calculate a PSF for a given detector 

and add focal spot blur.

Analyze & Save
Analyze CT volume or save to file.

Reconstruct 
Reconstruct using TIGRE 
algorithms.

Simulate CBCT

Calculate Spectra

Figure 3.2: An overview of the Fastcat workflow.

where Output(i, j) is the number of optical photons incident on the readout pixel with row and

column indices of i and j and Nincident is the total number of photons incident on the detector.

In this work, the OSFs were used to generate a detector modulation transfer function (MTF) from

the point spread function (PSF). The 2D energy dependent OSFs were weighted by energy deposition

efficiency multiplied with the incident spectrum from the selected beam to estimate the hypothetical

PSF. This weighting is a modification of fastEPID. In fastEPID each photon is individually accepted

or rejected from the detector with probability η. In Fastcat the fluence at a given energy is weighted

directly by η. This approximation is done as the photons are not transported individually in Fastcat.

This PSF was then convolved with an idealized 0.3 mm wide slit tilted at 2.5◦ to generate a line

spread function (LSF), that was then presampled to estimate the MTF. The OSF was also used in

the Fastcat CBCT simulation to generate the detector response, as discussed in section II.C.

The overall dimensions of the kV and MV detectors simulated in Fastcat were 40.1 cm by 10 cm,

corresponding to 512 by 128 pixels. This resulted in a maximum field size of 27×27 cm2 equivalent

to those of real machines.
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3.2.3 Imaging Phantoms

Two Fastcat phantoms are demonstrated in this work (Figure 3.1a): a Catphan 515 module with

modified material compositions (The Phantom Laboratory, Salem NY) and the head of the anthropo-

morphic XCAT phantom [75]. All phantoms in Fastcat are saved as numpy integer arrays containing

integers between 0 and n− 1, where n is the number of materials in the phantom. A corresponding

phantom map with a string array of n material names from the Fastcat material database is input

into the Fastcat simulation tool. The Fastcat material database contains 336 materials from the

NIST XCOM database [93], Geant4 default materials [71], and select materials from ICRU-44 [94].

Additional materials can be uploaded as a csv file containing energy and linear attenuation coefficient

values.

The Catphan 515 phantom contained 5 to 15-mm in diameter inserts filled with five contrast

materials. The default contrast materials in the Catphan 515 phantom were deflated lung, compact

and cortical bone, adipose, brain and B-100, with material composition as defined in Geant4 default

materials.

Additionally, the use of an XCAT phantom for CBCT imaging is demonstrated. Selected slices

of the XCAT head phantom were first converted into a 1024×1024×10 binary array of attenuation

coefficients with a voxel size of 0.5×0.5×3.125 mm3, which was further converted into the Fastcat

phantom format: The parameter files of the XCAT phantom were used to identify materials in the

phantom by their attenuation coefficient. These identified materials were assigned equivalent Fastcat

materials with energy dependent linear attenuation coefficients calculated using compositions from

ICRU-44. The XCAT phantom is under the authors’ individual license and not available in the

Fastcat GitHub repository.

3.2.4 Full CBCT Topas Simulations

Topas was used to validate Fastcat by means of a full CBCT imaging simulation as well as by

means of projection images. A full CBCT image of the contrast phantom for a 6 MV tungsten

beam was simulated. A cone beam collimated to 16×16 cm2 at isocenter impinged on the 16 cm

diameter Catphan 515 phantom with SDD of 1.52 m and SAD of 1.00 m. Projection images of

the Catphan 515 phantom were simulated at 180 evenly spaced angles distributed over a full 360◦

rotation. Particle counts were scored on an air slab at 1.52 m away from the source, and compared

to Fastcat values. Simulation parameters described in the previous section were maintained. Particle

transport through the full detector was not simulated as it resulted in a prohibitively long simulation

time. Note that the Fastcat detector simulation was validated separately through comparing detector

MTF to experimental detectors (3.2.2). CBCT MC simulations of the Catphan 515 phantom were

performed using 2× 108 particles per projection image. Full CBCT simulations were run on a high-

performance computing cluster using 180×20 Intel E5-2683 v4 Broadwell cores. One full CBCT
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simulation took on average 37 core days.

Additional simulations of a single projection using other beam energy/target material combina-

tions as well as average phantom dose were performed on a desktop computer using 8 Intel Skylake

cores. The projection simulation parameters were the same as the CBCT simulations save the beam

energy spectra, average phantom dose was scored simultaneously in these simulations. These simu-

lations took on average 6 core-hours.

3.2.5 Scatter Modelling

The scatter kernels for a 16-cm diameter water phantom were generated in Topas using 18 mono-

energetic cone beams and the default simulation geometry. To generate the scatter kernels a phas-

espace file was collected at the surface of a 40×10×0.3 cm3 air slab located at the 1.52 cm SDD.

Photons that did not interact in the phantom were filtered out. The spatial distribution of the

scattered particles y was averaged in the z direction and fitted to a two parameter curve-fit of the

form:

y = (
a√

x2 + a2
)b, (3.2)

where a and b are fitting parameters and x is the off axis distance. This fit was used to ensure a

symmetric fit, and it resulted in a root mean squared error lower than a symmetric polynomial fit. The

resultant energy distribution of the scatter from each mono-energetic cone beam was neglected in the

analysis as sufficiently close agreement was seen when approximating the scatter as mono-energetic.

These mono-energetic cone beam scatter curves were then combined with analytical projections to

form the CBCT projection data discussed below.

While not an ideal representation, the approach of approximating the scattered radiation’s energy

to match that of the original beam demonstrated a higher level of accuracy than initially anticipated.

For instance, when considering a 100 keV incident beam directed at the detector, the average energy

of the scattered radiation was found to be 82 keV. Although this approximation does not achieve

perfection, its adoption enabled substantial memory savings during code execution, thus justifying

its implementation.

3.2.6 Raytracing

The bulk of the computational work of Fastcat CBCT image generation is in the CBCT raytracing.

In this work the TIGRE [95] GPU reconstruction package was used for generating the cone beam

forward projections. These primary projections are denoted as “projections” and they are equivalent

to the sum of attenuation coefficient along the path of the ray between the source and detector. This

is to be distinguished from what we will call the “intensity profiles” which are the counts in a given

detector pixel.
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One forward projection is calculated for each CBCT projection for each of the 18 energies. These

primary projections are converted to intensity profiles using a flood field intensity profile made with

the same geometry and number of photons as the scatter kernels, ensuring the correct scaling of

the scatter. The scatter kernels are then added to the primary intensity profiles. These complete

intensity profiles, I(E), are then weighted by the fluence ϕ(E) and energy deposition efficiency η(E)

to form the final intensity If as

If =
∑
E

ϕ(E)η(E)I(E) (3.3)

To reduce computation time only ten slices in the z direction are simulated in the default phan-

toms, 512×512×10 voxels with voxel sizes of 0.31×0.31×0.31 mm3 were used for the Catphan 515.

Likewise, the XCAT phantom had dimensions of and 1024×1024×10 voxels with voxel sizes of

0.5×0.5×3.125 mm3.

3.2.7 Noise and CBCT Reconstruction

Noise is added through a Poisson scaling of the particle counts incident on the detector. This

scaling can be related to either dose or particle fluence as discussed below. The intensity profiles are

then convolved with the OSF at each energy and summed to create the final profile at each beam

angle. These are converted back to projections using the corresponding flood field and reconstructed.

Reconstructions are performed with TIGRE algorithms which have many options for reconstruction

types including the default FDK reconstruction [96] and more advanced iterative reconstruction.

CBCT images were converted into Hounsfield Units (HU) using water region of the phantom for

normalization. Image analyses can then be done using specific analysis modules attached to each

phantom. For the Catphan 515 module, contrasts and contrast to noise ratios can be calculated.

CNR was calculated as

CNR =
|HUw −HUROI |√

σ2
w + σ2

ROI

(3.4)

Where HUw and HUROI are the HU values water and the region of interest (ROI) and the regions

respective standard deviations are represented by the σs.

3.2.8 Dose calculation

The scaling of the noise in the simulation can be determined by the user based on either the requested

mean dose to the phantom or the total particle fluence. Noise defined by particle fluence scales the

intensity profile as H:

H =
Nγ

A/Ap

, (3.5)
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where Nγ is the total number of particles A is the area of the beam and Ap is the area of a

detector pixel. Once H is found. Assumption of uniform phantom scatter n. Noise is then added

using Poisson scaling based on the number of counts in a pixel.

Another option is to provide the mean dose to the water phantom for one projection. Fastcat

will then estimate the noise based on the dose provided. Fastcat’s dose estimate is based on the

collision kerma in the phantom. This value for collision kerma is then related to dose by an empirical

correction factor. This factor accounts for charged particle disequilibrium in the phantom. The dose

calculation is as follows: The initial collision kerma per particle (K0) at each energy is calculated as

K0(E) =
1

NiM

∑
i

E
µen(E)

µ(E)
(1− e−µi(E)xi), (3.6)

where i is the ray index, µ and µen are the linear and energy-absorption coefficients of water, re-

spectively, Ni is the number of rays, and M is the mass of the phantom. These values estimate the

average dose per particle at each energy. These initial collision kermas are weighted by the selected

fluence ϕ and summed to get a total collision kerma Kp per particle

Kp =
∑
E

ϕ(E)K0(E). (3.7)

These collision kerma estimates per particle were seen to correlate linearly (R2 > 0.99) with the mean

dose per particle calculated in Topas for the 16 cm diameter water phantom. An empirical linear fit

to the Topas doses was used to relate the collision kerma to the final dose estimate per particle.

The noise was then calculated based on the number of particles. This was achieved by dividing

the requested dose by the dose per particle. With the number of particles known, equation (3.5) was

used to calculate the noise. The dose calculations were validated by comparing the average dose to

the Catphan 515 phantom estimated in Fastcat to the dose calculated using the same imaging setup

in Topas.

3.3 Results

3.3.1 Detector MTF

Fastcat showed very good agreement with measured and simulated MTFs for both the GOS and

CWO detectors (Figure 3.3). For the GOS detector the average root mean squared error (RMSE)

between the Fastcat and Topas simulations was 0.5%. The maximum RMSE was 1.3% at an MTF

of 0.61 mm−1. The average RMSE and maximum RMSE between the GOS MTF calculated by

Fastcat and measurement data provided by Shi et. al was 1.2% and 2.8% at an MTF of 0.67 mm−1,

respectively. For the CWO detector, the average RMSE between the Fastcat and simulated data of

Star-Lack et al. was 3.3 % and the largest discrepancy of 7.9 % occured at a spatial frequency of
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Figure 3.3: (L) A comparison of Fastcat-calculated MTF with mea-
sured and simulated values for the GOS detector with a 0.336 mm pixel
pitch (based on Shi et al.) and (R) for the CWO detector with a 0.784
mm pixel pitch (based on Star-lack et al.).

0.64 mm−1. The average RMSE between the Fastcat and the measured data of Star-lack et al. was

3.5 % and the maximum RMSE of 7.9 % was observed at a spatial frequency of 0.64 mm−1.

3.3.2 Projections and dose

Comparisons of the Catphan 515 phantom projections and intensity profiles as calculated by Fastcat

and Topas are shown in Figure 3.4. The intensity profiles for the 6 MV aluminum beam presented in

Figure 3.4 on the left demonstrated a close agreement between Fastcat and Topas. The Fastcat and

Topas intensity profiles had an average RMSE of 0.4% with a worst case RMSE of 1.1%. Likewise,

for the 6 MV tungsten beam, Fastcat had an average RMSE of 0.2% of the Topas values with a worst

case RMSE of 1.4%. The 120 kVp beam Fastcat intensity profile had an average RMSE of 0.5% of

the Topas values with a worst case RMSE of 1.7%. The lowest accuracy was likely due to noise in

Topas simulations. Fastcat noise showed good agreement with MC noise as seen in Figure 3.4 on the

right. The RMSE of the standard deviation of all pixels between Fastcat and Topas was 0.21 % for

the 6 MV tungsten beam.

Fastcat imaging dose calculations for the Catphan 515 phantom were compared to dose calculated

for the same simulation in Topas. The mean dose to entire phantom was in a good agreement with

the Topas dose estimates. Fastcat dose per photon had a mean difference of 1.4% of the Topas values

for all beams. The largest dose estimation error between Fastcat and Topas was for the 2.5 MV
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carbon beam with an error of 4.5 %.

3.3.3 CBCT images, CNR and calculation time

The agreement in intensity profiles translated into good agreement between HU values in a full CBCT

reconstruction of the Catphan 515 phantom (Figure 3.5). The average RMSE between Fastcat and

MC-calculated contrast was 0.5%. The mean error for each of the inserts was 0.6, -1.4, -1.3, 15.8, 4.2,

and 10.2 HU for the deflated lung, compact and cortical bone, adipose, brain and B-100, respectively.

All errors were within the 95% confidence interval.

The good contrast agreement also extended to good CNR agreement between Fastcat and Topas

simulations (Figure 3.5). The average RMSE between Fastcat and MC in terms of CNR was 0.55.

The RMSE for the each of the inserts was 0.30, 0.08, 0.39, 0.79, 0.15 and 1.59 for the deflated lung,

compact and cortical bone, adipose, brain and B-100, respectively. All errors were within the 95%

confidence interval.

To demonstrate Fastcat capability to simulate anthropomorphic phantoms, CBCT images of the

head of the XCAT phantom are shown in (Figure 3.6). CBCT images presented in Figure 3.6 can be

qualitatively compared to the 6 MV Catphan CBCT images presented by Star-Lack et al. [17] The

increased noise in the GOS image due to the lower DQE of the detector is evident in both cases.
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Figure 3.5: (Top) Fastcat simulation with ROI placement used for HU
and CNR calculations (L) and full Topas simulation of the Catphan
515 phantom (R). (Bottom) A comparison of HU values (L) and CNR
(R) in the CBCT Fastcat and Topas reconstruction.

A computational time comparison for CBCT simulations performed with a full Topas MC sim-

ulation, fastEPID and Fastcat for a 180-projection CBCT dataset generated with 6 MV tungsten

beam was performed. An extrapolation is made for a full Topas MC simulation based on the time

for single projection simulation with 109 photons. The extrapolation predicts 5.6 core-years of com-

pute time to create a full CBCT. A fastEPID simulation using the same parameters would take an
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(a) 6 MV CWO (b) 6 MV GOS

Figure 3.6: Fastcat CBCT images of an anthropomorphic head phan-
tom created with (L) a 6 MV tungsten beam and the CWO detector
and (R) a 6 MV tungsten beam and the GOS detector. CBCTs were
normalized to a mean dose to the phantom of 7 mGy and used 487
projections.

estimated 0.32 core-years, while the Fastcat simulations takes 40 and 61 seconds for a 512×512×10

and 1024×1024×10 reconstructed image size respectively.

3.4 Discussion

While the end goal of this platform is to achieve agreement of Fastcat and experimental CBCTs

data, this work focuses on agreement between Fastcat simulations and MC simulations as an initial

validation. Overall, there was a close agreement between Fastcat and MC-generated MV CBCT

images and the next step will consist of experimental validation. One validated Fastcat result is

the MTF of the GOS and CWO detectors, which had a mean error of 1.2% and 3.5% of detector

measurements performed by Shi et al. and Star-lack et al. respectively. This comparison lends

some validity to the Fastcat simulation method. However, the full MC imaging simulations contains

assumptions which may need to be modified to return result consistent with experimental data. These

assumptions, such as a spatially uniform cone beams and not generating scatter in the primary and

secondary collimators, will perhaps degrade the agreement between Fastcat results and experimental

measurements. Further work will assess this fidelity and might lead to adjustments in Fastcat so as

to attain the highest possible agreement with experimental data.

Fastcat’s agreement with MC image quality metrics is a validation of two assumptions underlying

Fastcat: 1) Simulating a phantom at 18 discrete energies, and combining with the weighting described,
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is sufficient to recreate MC image quality metrics accurately. 2) Scatter does not need to be angularly

dependent in a Catphan simulation to generate agreement with the MC image metrics discussed.

Further, scatter generated from a uniform water phantom was an estimate of the scatter generated

in a phantom of the same size containing contrast inserts. The nearly identical Fastcat and Topas

intensity profiles shown in Figure 3.4 explicitly validate this assumption. The difference between

Fastcat and Topas for the 6 MV aluminum, 6 MV tungsten, and 120 kVp beams, with respective

RMSEs of 0.4, 0.2, and 0.5%, indicated that a generalized scatter is sufficient to produce intensity

profiles within 0.5% of MC values. Due to the close agreement resulting from the uniform phantom

we speculate that a similar agreement would be found for the similar sized XCAT head phantom

and further research will investigate this agreement. We should note that for body-sized phantoms,

a new scatter model would have to be built.

The scatter produced for the anthropomorphic head phantom originated from a cylindrical phan-

tom with an identical diameter to that of the head phantom. Although this approximation is expected

to introduce variations in the resulting images compared to those generated through Monte Carlo

simulations, we posit that these artifacts will facilitate a qualitative assessment of the impact of dif-

ferent imaging methods on human anatomy. For a more comprehensive quantitative analysis, users

can refer to the phantom images which possess accurate scatter statistics.

The scatter specified in fastcat is ideally suited for head cases and symmetric anatomical regions.

Less cylindrically symmetric areas would demand a detailed scatter modeling approach, possibly

involving oblong cylinders mirroring regional anatomy properties. Extremely inhomogeneous or ir-

regular regions could benefit from alternative approaches like GPU-based MC or kernel methods for

scatter generation.

3.4.1 Limitations

Fastcat suffers from some rigidity in terms of certain parameters. The detector pixel pitch is not a

parameter that can be easily modified from the available built-in detectors as this requires rebinning

of MC phasespace files in the case of the GOS detector. These files are too large (up to 2.5 GB in

size) to include in the software. For a detector like the CWO, modifying the pixel pitch is even more

complicated as the detector septa must be moved and the simulation rerun. The implemented scatter

kernels further restricts the use of Fastcat, as scatter is made for the simulation of a 16-cm diameter

water phantom and the agreement between Fastcat and MC simulation will degrade for phantoms

that are significantly larger or smaller.

Additionally, in the time comparisons, Fastcat would suffer from memory constraints in com-

pleting simulations with high resolution reconstructions, while memory would not be a factor in

MC simulations. For example, a simulation of the XCAT head phantom with a phantom size of

1024×1024×10 voxels, 360 projections, and a detector size of 124×512 pixels uses 2.6 GB of RAM.

Extending this to a full detector of 1024×1024 pixels and a larger phantom one could easily exceed
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the RAM capacity of most personal computers. This is due to Fastcat memory requirement scaling

linearly with the number of detector pixels. Further work will aim to resolve this rigidity.

We would also like to mention that in the time comparison Fastcat is being compared to a Topas

MC simulation without the use of VRTs. Topas was used due to its ability to simulate optical

photons. However, Topas as it is a wrapper of Geant4 is seen to be slower than other codes such as

EGSnrc in some instances. Sometimes the difference can be by an order of magnitude for common

MC simulations [97]. Likewise, VRTs such as cross section enhancement, interaction forcing, or

importance sampling could be used to increase the efficiency of the MC calculation. Thus, it is

possible that another MC simulation method could reduce simulation times by about two orders of

magnitude as compared to the MC simulations shown in this work.

Likewise, Fastcat is dependent on the TIGRE python package which in turn has a CUDA depen-

dency. This is a limitation of the simulation tool, as many users may not have a CUDA installation,

a CUDA capable GPU, or have a GPU at all. Therefore, further work will aim to make a CPU

version of Fastcat to increase accessibility.

In this work, the tissue elemental composition values from ICRU 44 [98, 94] were utilized as

the primary dataset. It is important to note that while this dataset is the most comprehensive of

its kind, it has certain limitations in terms of demographic representation. The majority of the

samples within the dataset are derived from biopsy studies conducted on Caucasians with a bias

towards men biopsied in the 60s and 70s. As a result, there is a potential inadequacy in adequately

representing the diversity of demographics within the population. It is essential to acknowledge that

the simulation data contained within this package may predict elemental compositions with a certain

degree of inaccuracy for individuals from different demographics.

3.4.2 Future applications

Three applications of Fastcat are speculated by the authors: 1) development of new CBCT imaging

techniques (the primary goal of this platform), 2) deconvolution of CT images using an approximation

of the PSF, and 3) dataset generation for machine learning (ML) deployment. First, Fastcat can

be used to quickly asses the effect of various combinations of beam energies and detector types on

CBCT image quality. Fastcat greatly decreases the time it takes to simulate these combinations as it

can be done in minutes while giving comparable results to MC in terms of image spatial resolution,

contrast and CNR. This allows for a greater flexibility in exploring the parameter space for CBCT

imaging equipment and protocols. Second, Fastcat generates a PSF for a given beam and detector

with an arbitrary focal spot size. If agreement can be achieved between the image MTF of Fastcat

and a system experimental data by modification of the focal spot size, one could use the Fastcat

PSF to estimate the system PSF. The knowledge of PSF allows one to perform a deconvolution of

the image to improve the spatial resolution of CBCT images. In a test case using Richardson-Lucy

deconvolution [99, 100] on a Fastcat MTF phantom (Figure 3.7), CBCT image MTF increased by a
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factor of two using deconvolution of the projection images.
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Figure 3.7: The MTF phantom (L) reconstructed conventionally and
(Center) using the Richardson-Lucy deconvolution and the PSF cal-
culated by Fastcat. (R) MTF comparison for the two images. The
crosses mark the spatial frequencies in the phantom.

Third, Fastcat could be imagined as a tool to link simulation space to real clinical imaging. This

could be done by maintaining a Fastcat model of a clinical imaging setup through adjusting user

parameters available in Fastcat to agree with monthly quality assurance (QA) images of a Catphan

phantom. A clinic could then use Fastcat to generate arbitrary ML training data personalized to

a given machine in terms of contrast and MTF. This overcomes some obstacles that arise in terms

of ML algorithms which have to be trained on general datasets and can not necessarily respond

to changes in medical imaging equipment output over time. This allows for a more personalized

approach between dataset generation that links to clinical QA. The Fastcat simulation method could

provide superior performance of ML algorithms and remove risks that ML output would be invalid due

to changing machine performance. Automated segmentation of bone CBCT for patient positioning

could be suitable for Fastcat, where algorithms could be retrained on adjusted data if drift in QA

MTF or contrast indicated a change in image quality.

Additionally, Figure 3.6 demonstrates the use of Fastcat with an anthropomorphic phantom to

simulating more clinically relevant imaging situations. The use of an anthropomorphic phantom

with Fastcat allows users to conduct virtual clinical trials [101]. In a virtual clinical trial, different

imaging methods could be compared to ascertain the most successful imaging method for a given
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clinical situation. This could be used, for example, to asses different CBCT acquisition settings for

use in radiotherapy treatment planning.

3.5 Conclusion

We presented Fastcat: a fast simulation tool for kilovoltage and megavoltage CBCT image generation.

Fastcat shows good agreement with measurements with respect to MV beam spatial resolution for

a GOS and a CWO detector. The simulation tool was also validated with respect to Monte Carlo

simulations using contrast modules of a Catphan 515 phantom. A maximum difference of 16 HU

between Fastcat and Monte Carlo simulations was observed for the brain, deflated lung, compact

and cortical bone, and adipose tissues inserts. The complete Fastcat CBCT dataset generation for a

512×512×10 and a 1024×1024×10 reconstruction size took 40 and 61 seconds, respectively. This is

approximately five orders of magnitude faster than the corresponding Monte Carlo simulations.
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Chapter 4

Experimental Validation of Fastcat

Experimental validation of Fastcat kV and MV cone beam CT (CBCT) simulator 1

4.1 Introduction

Cone beam computed tomography (CBCT) [103, 104] is used extensively to visualize patient anatomy

in the planning and administration of radiotherapy treatment. As such, CBCT that provides more

accurate and realistic images can improve radiotherapy patient positioning and beam alignment. To

this end CBCT is being constantly ameliorated, active research is being conducted end to end in the

imaging process. To evaluate the efficacy of new research, two approaches are often used. New CBCT

imaging methods can be evaluated based on an experimental phantom of known composition and

dimensions with reproducible results but limited relation to real patient data. Conversely, evaluations

can be performed using real patient data of unknown composition and dimensions with limited

reproducibility. The ideal case, to evaluate new research on a realistic patient model with known

composition, dimensions and robust reproducibility is an active area of study and the focus of this

work.

With the introduction of new anthropomorphic virtual phantoms [105, 106], a new approach to

evaluating x-ray imaging research has become viable. Realistic anthropomorphic phantoms allow

simulations to be performed with realistic patient anatomy without the patient dose and uncertain

ground truth associated with clinical data. Numerous simulators exist that are compatible with these

phantoms.

These CT simulators generally use Monte Carlo (MC) platforms [45, 107, 108]. These MC plat-

forms, while used primarily for dose calculation in radiation therapy, have superior accuracy due to

precise simulation of the particle transport underlying CBCT. However, MC methods suffer from

long compute times for simulating CBCT. This is due to a variety of factors, e.g. the number of

projections needed, the handling of a high resolution voxelized phantom, and the transport of optical

photons in the simulator, all of which can be detrimental to computation speed. For example, in

1This work was published in the journal Medical Physics [102]



57

a study by Blake et al. [38] simulation of one projection image with a scintillating detector and

107 primary x-rays took 3000 CPU-hours. Conversely, recently developed GPU MC methods show

speedup factors exceeding 1000 times traditional MC [109]. These methods, while promising, are not

widely implemented due to the current lack of demonstrated accuracy and stability as compared to

CPU methods. Likewise, MC methods suffer from increased load times, compute times, and memory

constraints as the resolution of an anthropomorphic phantom is increased. For example, in the work

of Yeom et al. [110], which examines the performance of Geant4, MCNP, and PHITS with respect to

dose calculation speeds in voxelized anthropomorphic phantoms, simulation times were increased by

an order of magnitude in Geant4 when decreasing voxel size from 1 mm3 to 0.1 mm3, while MCNP

nor PHITS could simulate a 0.1 mm3 phantom due to the number of phantom voxels exceeding the

maximum limit of the simulation codes.

Other simulation approaches are currently available to improve simulation time. Graphical pro-

cessing unit (GPU) MC is a current method that shows speed up factors of 27-90 over traditional

CPU-based MC [44, 45]. Likewise, ray-tracing methods are available for CPU and GPU [47, 46].

These methods are very fast but cannot account for scatter in phantoms and detector response. A

variety of hybrid methods also exist [111, 112, 113, 48]. Hybrid methods have been successful in

some applications. For example, gDDR simulations [111] showed agreement with experimental noise

amplitude in CBCT with a relative difference 3.8%. However, these methods have some limitations.

The methods were either not validated against commercial CBCT scanners for realistic voxelized

phantoms or take hours to generate a CBCT image without a high performance computing cluster.

To address these limitations, Fastcat, an efficient hybrid CBCT simulator of both kV and MV

CBCT imaging, was developed [80]. Fastcat combines analytical primary radiation and MC scatter

to create CBCT volumes. Fastcat is capable of simulating both kV and MV commercial CBCT scan-

ners and it takes a few minutes to run a CBCT simulation using a realistic number of projections

on a desktop computer with a single GPU. The method behind Fastcat, as well as validation against

MC has been described in previous work[80]. However, a concern with our past work was the lack of

experimental validation against CBCT scanners. Here we experimentally validate the Fastcat simu-

lation platform. A comprehensive evaluation of image quality metrics is performed to demonstrate

the accuracy of the method. This platform enables rapid evaluation of new CBCT protocols.

4.2 Materials and Methods

4.2.1 Experimental Data Acquisition

Fastcat was validated for two different experimental CBCT data sets acquired on a Truebeam STx

linac (Varian Medical Systems, Palo Alto, CA).
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kV CBCT

An experimental kV CBCT image was acquired using the Varian Truebeam kV Planar Imager (which

we also refer to as the OBI). The kV CBCT image was acquired using a Varian GS-1542 x-ray tube

with a 100 kVp x-ray beam. The spectra was filtered by 2.7 mm aluminum inherent filtration as

well as a 0.89 mm titanium beam hardening filter. An aluminum bowtie filter was also used with a

minimum thickness of 1.53 mm and a maximum thickness of 27.42 mm. The detector was a PaxScan

4030CB (Varex Imaging Corporation) flat panel detector with an anti-scatter grid (ASG). The ASG

was the default model with a grid ratio of 10, septal thickness of 0.036 mm, and line density of 60

lines/cm. The detector itself was a 0.6 mm columnar CsI detector with a fill factor of 70% and an

amorphous silicon readout pitch of 194 µm. The scan was acquired in the fluoro-mode with pixels

binned to 388 µm. Thus, the detector had a pixel matrix of 1024×768, with a total detector size of

397×298 mm. A total of 887 views of the phantom were acquired at equally spaced angles over a

360 degree rotation. The beam was collimated to 14 cm × 14 cm at isocenter. The scan CTDIvol

was 21.1 mGy. The CBCT was acquired in developer mode and the reconstruction was performed

using the FDK algorithm [96] with a ram-lak filter. The reconstruction kV CBCT image size was

512×512 pixels with isotropic voxel dimensions of 0.391 mm3.

MV CBCT

The MV CBCT was acquired using the 6 MV therapy beam with the default tungsten target and

a flattening filter. The detector used was a Varian as1200 GOS detector with a pixel pitch of 0.392

mm. Optical properties of the detector are described in more detail in the work of Shi et al. [90].

The detector had a pixel matrix of 1024×768, with a total detector size of 401×301 mm. A total of

493 views of the phantom were taken at equally spaced angles over a 360 degree rotation. The beam

was collimated to 14 cm × 14 cm at isocenter. The scan was acquired with a dose of 300 MU. A

high dose was used to ensure adequate image quality from the low quantum efficiency GOS detector.

It should be noted that 300 MU is much too high for a clinical MV CBCT dose and was only used

for validation. The CBCT was acquired in developer mode and the reconstruction was performed

using the FDK algorithm with a ram-lak filter. The reconstructed CBCT image size was 512 × 512

pixels with isotropic voxel dimensions of 0.391 mm3. An fft-wavelet ring artifact reduction was used

to reduce artifacts in the presented image [114]. Ring artifact reduction was not used in the analysis

since the dampening of high wavelet frequencies can reduce image noise.

4.2.2 Fastcat Overview

The goal of Fastcat is to simulate CBCT with the highest computational efficiency without compro-

mising accuracy; a detailed description of Fastcat can be found in the previous work of O’Connell

and Bazalova-Carter [80]. Fastcat’s methodology is to separate a MC simulation into primary radi-
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ation and scatter. The primary radiation is attenuated analytically while the scatter is simulated in

MC. The scatter is then curve fit to remove noise. Scatter is only calculated once per phantom at

18 discrete energies and stored in Fastcat. One scatter profile is calculated for each phantom and

used independently of the angle of projection. The scatter calculation depends on certain aspects of

the geometry. Namely, the scatter depends on the source and detector distances from the isocenter,

cone angle, and phantom size. When these variables are changed, the scatter must be updated. To

allow for arbitrary polyenergetic beams the primary and secondary radiation are both simulated at

18 discrete energies between 10 keV to 6 MeV. The energies are 10 keV to 100 keV in 10 keV, 300 to

900 keV in 200 keV increments and additional 1, 2, 4, and 6 MeV. To form the image the primary

radiation and scatter are weighted, quantum noise is added through Poisson scaling based on a user

defined mean phantom dose or number of photons, the counts at different energies are then combined.

Currently, only quantum noise is modelled in Fastcat as it results in generally a much larger effect

than electronic noise. The focal spot of the source is simulated by convolving the detector point

spread function and a Gaussian kernel with a full width at half maximum (FWHM) the size of the

focal spot multiplied by a magnification factor to account for the geometry of the simulation. These

weights are determined by the input spectrum and the detector energy response. Here we will focus

on the descriptions of additional Fastcat features that were included in this work.

Fastcat simulations were performed on a linux desktop computer with 16 GB memory a Nvidia

GeForce RTX 2070 GPU and eight Intel Skylake CPUs.

Phantom

The phantom used in this study was the CTP404 sensitometry module from a Catphan 504 phantom

(The Phantom Laboratories, Salem, NY). The 20-cm diameter sensitometry module contains 1.2-cm

diameter inserts filled with air, acrylic, low-density polyethylene (LDPE), teflon, polystyrene, delrin

and polymethylpentene (PMP). The phantom was positioned with the center of the CTP404 module

at isocenter.

4.2.3 Fastcat CBCT Simulations

The kV Fastcat simulation used as input an analytical x-ray source generated in xpecgen [87] with

an anode angle of 14◦ and a tube voltage of 100 kVp. Fastcat setups are seen in the graphic in Figure

4.1. The source was subject to additional analytical filtration of 2.7 mm of aluminum and a 0.89

mm titanium beam hardening filter. The detector modelled in the simulation was a columnar CsI

detector with optical properties based on the work of Freed et al. [92]. The columnar CsI was 0.6

mm thick with a fill factor of 70% and a pixel pitch of 384 µm.

The MV Fastcat simulation source was a 6 MV Truebeam phase-space file provided by Varian.

Although considered preferable by the authors, an analytical simulation of the MV beam was not

used as a suitable model could not be found. This phasespace was binned by photon energy to
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Figure 4.1: A schematic of the Truebeam linac and CTP404 module.
The kV and MV imaging systems are shown in blue and black, respec-
tively. Dotted lines outline where the beams would be generated. The
phantom displayed is used to represent the phantom geometry. Thus,
the phantom colormap does not correspond to any material property.
The schematic is not to scale.

provide a photon spectra for input into Fastcat. The detector used in the simulation was modelled

as a Varian as1200 detector using the optical properties from Shi et al [90]. This detector is the same

as described in previous work [80]. The GOS scintillator was 0.29 mm thick with a pixel pitch of 392

µm.

4.2.4 Additional Fastcat Modelling

Bowtie and Flattening Filters

Additional models in Fastcat are applied to model some features of the scans. The kV bowtie filter

was known to have a minimum thickness of 1.53 mm aluminum and a maximum thickness of 27.3



61

mm aluminum. The proprietary bowtie filter shape was unknown and estimated from the shape

of a kV OBI air scan. With Fastcat’s model of the kV imager spectra and the energy response of

the detector, a weighted attenuation coefficient of aluminum was calculated for the kV OBI. This

attenuation coefficient was then used to estimate the thickness of aluminum filtration present at each

pixel. While an additional thickness of 1.53 mm of aluminum was added to each pixel to account for

the base thickness of the bowtie filter. The maximum thickness of aluminum was calculated to be 28.3

mm using this method. This thickness is seen to be nearly equivalent to the specified thickness plus

an additional factor accounting for a non-perpendicular path through the filter. Fastcat’s kV beam

was then filtered by the calculated amount of aluminum at each pixel during simulation. Additionally,

the MC scatter for the kV image was recalculated to include the bowtie filter’s effect on scatter. To

account for the heel effect in the beam, tungsten filtration in the shape of a linear ramp increasing

in the cathode-anode direction with a maximum height of 0.1 mm was added.

The thickness of the MV flattening filter was also estimated. In this case, the Fastcat beam was

attenuated by a gaussian tungsten flattening filter. The height and standard deviation were chosen

such that a profile through the reconstructed CBCT best matched experimental CBCTs.

Anti-scatter Grid

To correctly model the kV OBI a model for the anti-scatter grid (ASG) was introduced. The model

is based on measurements made by Wiegert et al. [115] Primary transmission factor and scatter

transmission factors from the 44r10 ASG discussed in the paper were used. These factors are 0.76

and 0.37, respectively. Primary fluence reaching the detector in the Fastcat simulation was multiplied

by the primary transmission factor. The scatter transmission factor was used to separate the scatter

into two portions handled by the simulation as either accepted or attenuated, respectively. The first

portion was accepted by the detector while the second portion was assumed to be incident on the

ASG at a 12 degree angle. Where 12 degrees was the mean angle of scatter incidence from Weigert

et al.’s work. This second portion was filtered by 173 µm of lead, which is the path length through

the 36 µm lamella at an angle of 12◦. The number of particles in these two portions were calculated

such that the total Fastcat scatter transmission factor agreed with the theoretical.

Virtual Phantom

A virtual version of the Catphan phantom was created. The virtual phantom was voxelized into

1024 pixels horizontally (h) 1024 pixels vertically (v) with voxel dimensions of 0.195 mm (h), (v) and

a slice thickness of 0.313 mm. The slice thickness was made larger than axial voxel dimensions as

the phantom is cylindrically symmetric and the slice thickness has no effect on simulation results.

Materials linear attenuation coefficients were calculated using the material compositions and densities

in the Catphan documentation. Densities of Delrin and the inner and outer body materials of the

phantom were estimated as data was not available on their exact composition. Delrin’s composition
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was estimated to match the attenuation coefficient available on the manufacturer site. The two body

materials were estimated using the composition of acrylic and densities that would give the materials

the relative electron densities reported in Star-Lack et al. [17].

4.2.5 Dose Comparison

A validation of dose linearity was performed. Four CBCTs at increasing doses were acquired exper-

imentally for both the kV and the MV setups. Doses were measured using machine CTDI for the

kV CBCTs with CTDIs of 5.27, 7.03, 10.55, and 21.1 with a 16 cm diameter CTDI phantom. Four

MV CBCTs were acquired with machine MU values which were 75, 100, 150, and 300 MU. The dose

in Fastcat was adjusted such that the average CNR over all inserts in the Catphan phantom agreed

with that of the experimental CBCT with the lowest dose averaged. This Fastcat dose was then

multiplied by factors of 1.5, 2, and 4. Agreement between average CNR was then compared between

these Fastcat simulations and the experimental CBCTs.

An MC validation of the Mean phantom dose for a single projection was performed. Mean

phantom dose for a single projection was calculated in Topas [69] using an MC model of the Catphan

phantom with 2×108 initial photons. This dose was compared to the dose calculated in Fastcat for

the same number of photons. These simulations used the Geant4 Penelope physics list and a particle

range cutoff of 5µm. Simulations were run on a linux desktop computer with 8 Intel Skylake CPUs.

No variance reduction techniques were used. Two simulations were run in total, one with the 6 MV

Varian phasespace file and one with an analytical 100 kVp x-ray spectrum filtered by 2.7 mm of

aluminum, 0.89 mm titanium, and an aluminum bowtie filter. Both simulations measured the mean

phantom dose to virtual Catphan 504 phantom.

The mean dose values from the MC simulations were used to perform a back of the envelope

calculation to check that values were consistent between Fastcat kV and MV mean phantom doses

and linac values reported as CTDI and in MUs, respectively. A conversion factor between the number

of Fastcat photons to Fastcat mean phantom dose was estimated using the ratio of the dose scored in

the MC simulations to the number of MC-simulated photons. The conversion factors were multiplied

by the number of photons in the kV and MV experimental Fastcat simulations to get the mean

phantom dose per projection and finally by the number of experimental projections to get the mean

phantom dose for the total simulation.

4.2.6 Validation Metrics

Detector MTF

Detector modulation transfer function (MTF) was measured using a slanted virtual slit of 0.3 mm

in Fastcat. The method of measuring the detector MTF is discussed in previous work [80]. Detector

MTF was compared to experimental results from previous works of Howansky et al. and Shi et al.
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[116, 90].

CBCT Contrast, CNR, and NPS

To validate Fastcat, image quality was compared between Fastcat and experimental images. Original

units of attenuation coefficients in cm−1 for both images were first converted to Hounsfield Units

(HU) by subtracting the CT value of water in the image and scaling by the difference between water

and air regions in the image.

HU = 1000
im− µwater

(µwater − µair)
(4.1)

Where im is the reconstructed image and µwater and µair are the linear attenuation coefficients

of water and air, respectively. For Fastcat, water values were taken from a separate scan of a water

phantom. Contrast was compared using regions of interest (ROIs) in each insert of the CTP404

sensiometry module. Regions of interest were made slightly smaller than the inserts to avoid partial

volume effects. The mean value over sixteen slices was used as the contrast value while the standard

deviation of the contrast in the sixteen slices was used as an estimate of the standard deviation.

Contrast to noise ratio (CNR) was measured using the same ROIs. The standard deviation of each

ROI was used as an estimate of the noise. Contrast, again, was measured against water, the CNR

was then

CNR =
µROI − µwater

σROI

(4.2)

Where µROI and σROI are the mean and standard deviation of each ROI. CNR was measured in

each slice over sixteen slices, with the mean value used as a final estimate of the CNR. The standard

deviation of the sixteen slices was used as an estimate of the standard deviation of the CNR.

Radially averaged noise power spectrum (NPS) was calculated using 50 randomly sampled 64 ×
64 pixel regions inside a region of 100 × 100 pixels at the center of the CTP 404 module for each of

the experimental and Fastcat images. NPS was calculated in each slice by averaging the squared 2D

Fourier transform radially and the results were averaged over four slices to reduce noise.

4.3 Results

4.3.1 CBCT Image Comparison

Experimental and Fastcat simulated CBCTs were compared. Figure 4.2 shows a comparison of 100

kVp and 6 MV experimental and Fastcat images, respectively. Qualitatively, the experimental and

Fastcat-simulated CBCT are similar. The effect of the bowtie filter can be seen in the 100 kVp

CBCTs which are qualitatively uniform. The effect of the flattening filter can be seen in the 6 MV

images where beam hardening artifacts can be seen.
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Figure 4.2: A qualitative comparison between experimental CBCTs
and Fastcat simulations averaged over 16 slices and for one CBCT
slice, respectively. The relative electron densities of the inserts are
shown in black. The mean of the ROI shown in red are plotted in
Figure 4.3. An arrow indicates a crescent artifact from mechanical
misalignment. The small dark spot on the right of the experimental
phantom is an alignment marker not included in the Fastcat simulation.
Window (W) and level (L) of 1000/300.

Different features can be seen in the averaged CT images in Figure 4.2. The 100 kVp image

shows a radial uniformity thanks to the presence of the bowtie filter. However, the image is not

completely uniform. The bowtie filter ends just inside the lower density outer layer of the Catphan.

This causes non-uniformity in the phantom in this lower density region. A difference between the

experimental and Fastcat kV images is a large crescent artifact denoted by a white arrow in Figure

4.2. The effect of this artifact can also be seen at the edges of the kV profile in Figure 4.3. In the

Varian documentation such artifacts are said to be related to mechanical misalignment between the

detector, x-ray tube and bowtie filter. Since Fastcat does not account for this sort of artifact it is

not present in the Fastcat image. A dark circle artifact is also present at the center of the 100 kV

experimental image. Ring artifacts due to pixel non-uniform response were prevalent in this area and

this artifact is due to the accumulation of these ring artifacts and has no physical significance.

In the 6 MV image, the flattening filter causes the beam to be harder in the center of the phantom

than the periphery. This leads to cupping in the center of the phantom as seen in both images. Some
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Figure 4.3: Profiles over the ROI marked in red in Figure 4.2. The two
peaks at -4/4 cm and the valley at 7 cm correspond to wire ramps and
alignment markers in the experimental phantom, respectively. These
features were not included in the Fastcat simulations.

difference is seen between MV profiles in the center of the phantom in Figure 4.3. This difference

may be from ring artifacts or due to the estimation of the flattening filter as Gaussian.

Overall, the contrast is visibly similar in between both sets of images in Figure 4.2. The 100

kVp image has high contrast, clearly differentiating all of the inserts while the 6 MV image has low

contrast reflecting the lower number of photo-electric interactions at this energy.

Table 4.1: kV and MV HU values in CTP404 module, values are in HU while standard deviations
are in parentheses.

PMP LDPE Polystyrene Acrylic Delrin Teflon
kV Exp. -204 (91) -102 (102) -48 (92) 135 (91) 357 (105) 995 (87)
kV Fastcat -192 (103) -104 (91) -62 (93) 133 (97) 356 (102) 1005 (102)
Abs. Diff. 12 2 14 2 1 10
MV Exp. -70 (124) 14 (136) 74 (131) 219 (129) 397 (121) 847 (115)
MV Fastcat -73 (129) 17 (126) 65 (135) 222 (124) 398 (128) 850 (144)
Abs. Diff. 3 3 1 3 1 3
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Figure 4.4: (L) A comparison is demonstrated between the experi-
mental kV and MV CBCTs and the Fastcat simulations in terms of
HU values in an experimental and virtual CTP404 module, respec-
tively. (R) Comparison of detector MTFs calculated by Fastcat and
based on experimental data presented by Howansky et al. [116] and
Shi et al. [90] for the kV and MV detector, respectively. The Fastcat
6 MV MTF curve shown is similar to work from Figure 3. in O’Connell
and Bazalova-Carter [80] with a slightly larger pixel size of 0.392 mm
rather than 0.336 mm.

4.3.2 Contrast and MTF

Looking quantitatively at these images, there is also close agreement. In Figure 4.4, HU values

are compared between experimental and Fastcat CBCT images. The HU values in the inserts are

shown in Table 4.1. HU values for the kV and MV images agreed within 14 and 9 HU values,

respectively. The kV HU values were all within the range defined in the Catphan documentation. kV
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and MV detector MTF was also compared to measurements made by and Shi et al., respectively. The

measurements for the CsI detector were within 4.2% of measurements by Howansky et al. with an

average RMSE of 1.7%. MTF deviated mostly at frequencies between 0.5-1.3 mm−1 while agreeing

closely at larger spatial frequencies. The MTF measurements for the GOS detector were within 2.5%

of measurements by Shi et al. agreeing well over all spatial frequencies with an average root mean

squared error (RMSE) of 0.5% and a slightly higher MTF at spatial frequencies between 0.5-1.0

mm−1.

4.3.3 CNR and Dose

CNR was examined in each insert for each of the images seen in Figure 4.2. The CNR results are

shown in Figure 4.5. CNR values are summarized in Table 4.2. CNR agreed within 0.4 and 0.2 for

the kV and MV images, respectively. CNR as a function of dose was examined as seen in Figure

4.5. Fastcat CNR values were seen to have average RMSE of 2.6% and 1.4% for kV and MV images,

respectively. RMSE between experimental and Fastcat CNRs as a function of dose were seen to be

1.19% and 1.22%, respectively.

Table 4.2: kV and MV CNRs in CTP404 module, standard deviations are in parentheses.

PMP LDPE Polystyrene Acrylic Delrin Teflon
kV Exp. 6.1 (.55) 6.7 (.62) 6.9 (.72) 7.9 (.50) 8.9 (.56) 12.0 (1.11)
kV Fastcat 6.5 (.57) 6.9 (.54) 7.1 (.74) 7.9 (.46) 9.1 (.64) 12.0 (.88)
Abs. Diff. 0.4 0.2 0.2 0.0 0.2 0.0
MV Exp. 6.2 (.34) 6.7 (.35) 7.0 (.70) 7.8 (.56) 8.7 (.59) 11.0 (.74)
MV Fastcat 6.4 (.60) 6.9 (.56) 7.1 (.76) 7.8 (.65) 8.9 (.66) 10.8 (.55)
Abs. Diff. 0.2 0.2 0.1 0.0 0.2 0.2

4.3.4 NPS

NPS was examined in a 100 × 100 pixel region in the center of each of the images seen in Figure 2.

NPS results are shown in Figure 4.6. NPS agreed within 11 and 14 HU2 mm3 for the kV and MV

images respectively. Fastcat and experimental NPS had average RMSEs of 7 and 9 HU2 mm3 with

a slightly larger discrepancy at higher spatial frequencies between 0.6 to 1 mm−1.

4.3.5 Dose and Speed

Dose was compared between MC simulations and Fastcat using 2 × 108 initial photons. Dose was

calculated for both the kV and the MV CBCT simulated acquisitions. The mean dose to the entire
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Figure 4.5: (L) A comparison is shown between the Varian Truebeam
kV and MV CBCTs and the Fastcat simulated CBCTs in terms of
CNR in an experimental and virtual CTP404 module, respectively. (R)
CNR is compared between Truebeam CBCTs and Fastcat CBCTs as a
function of dose.

Catphan for a single projection with the kV beam were 0.416 and 0.426 µGy for the MC and Fastcat

calculation, respectively. The mean doses to the Catphan for the MV beam were 7.31 and 7.19 µGy

for the MC and Fastcat calculation, respectively. Thus, there were differences of 2.4% and 1.6%

between Fastcat and MC dose calculations for kV and MV, respectively. By matching Fastcat and

experimental CNRs, the number of Fastcat photons per projection was found to be 9.59 × 1010 and

1.42 × 1011 for the kV and MV images. As a result, the Fastcat mean phantom doses for 887 and

493 projections were 17.52 mGy and 2.566 Gy for the kV and MV simulations, respectively. These

values were consistent with the CTDI of 21.2 mGy and 300 MU reported by the linac for the kV and

MV simulations, respectively.
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Figure 4.6: NPS in the center of the Catphan 404 module. Calculated
from 50 separate 64 × 64 pixel ROIs in a 100 × 100 pixel area in the
center of the phantom and averaged.

Simulation times were recorded for four Fastcat simulations to estimate the relationship between

computation time and the number of projections. Results are shown in Figure 4.7. Computation time

scaled linearly with the number of projections for the MV and kV Fastcat simulations with both linear

fits having R2 values above 0.999. kV simulations are faster, scaling at 0.37 s/projection while MV

simulations scaled at 0.55 s/projection. kV simulations are seen to be more computationally efficient

since only ten discrete energies are simulated between 10 and 100 keV while the MV simulation used

18 energies between 10 keV and 6 MeV. All simulated phantoms contained 12 different materials.

The phantom in this study was low resolution in the z axis to reduce simulation times. An

increase in simulation time can be expected for higher resolution phantoms. For example, using the

same parameters as the 6 MV beam in Figure 6 which took 74 seconds to simulate 493 projections,

using an isotropic phantom with a voxel size of 0.195 mm takes 108 seconds.

4.4 Discussion

We present and perform a two energy validation of Fastcat, a free open-source CBCT simulator

against CBCTs acquired on a Varian Truebeam linac. This simulator performed simulations of
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Figure 4.7: A time comparison as a function of the number of projec-
tions in a Fastcat CBCT simulation.

high-resolution voxel based phantoms on a desktop computer with 16 GB of memory and an Nvidia

RTX 2070 GPU. Simulation times were on the order of a minute to simulate the images used in the

validation. Simulated CBCT images demonstrate unprecedented accuracy for their speed, enabling

novel application of CBCT simulation in research and clinical workflows. A comparison of Fastcat

to four other simulation tools is discussed. DukeSim, CatSim, VOXSI, and gDDR were selected for

comparison since they accept voxelized phantoms, use analytical methods to reduce simulation times,

and were validated with experimental data.

Compared to the validation of other CT and CBCT simulators, the experimental validation of

Fastcat is exceptional in its comprehensiveness and accuracy. The two energy validation presented,

using very different imaging systems mitigates possible overfitting resulting from a validation on a

single scanner as was conducted for DukeSim, CatSim, and gDRR. VOXSI provides an experimental

validation at three tube potentials, however, it uses the same source and detector in each simulation.

This might lead to uncertainty in extrapolating the simulator to different detectors and sources, as

simulation parameters may be unintentionally specific to the one setup.

Fastcat was experimentally validated with the ubiquitous Catphan 504 phantom and standard

imaging metrics such as HU values and CNR. Of the simulation tools discussed, only VOXSI is

experimentally validated using a common phantom while other tools were validated using only a

single material. VOXSI simulations were within 42 HU of a Gammex RMI 467 tissue characterization
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phantom (Gammex, Middleton, WI), while Fastcat which was within 14 HU of a comparable Catphan

CTP404 module. DukeSim displayed simulated CT images of a Mercury phantom [117], however

neither contrast nor CNR comparisons were shown. This Fastcat validation presents CNR agreement

to experimental data with an average RMSE of 2.6% and 1.4% in the CTP404 module inserts for kV

and MV images, respectively.

Unique among the simulation tools discussed, Fastcat demonstrates agreement with detector

MTF. Values were within 4.2% and 2.5% of measurements for CsI and GOS detectors, respectively.

CatSim and DukeSim use a simple estimation of detector spatial resolution based on neighbouring

crosstalk. In reality, scintillating detectors have crosstalk that extends further than their nearest

neighbors. Fastcat accounts for this based on the fastEPID framework [39] which found an 81 ×
81 pixel OSF was necessary to simulate an accurate detector response. VOXSI and gDRR do not

include simunelations of the spatial resolution.

Computational efficiency was paramount in Fastcat’s methodology. As such, Fastcat’s computa-

tional efficiency compares favorably to other CT and CBCT simulation tools. Direct comparisons

currently remain unfeasible as simulation times depend on phantom resolution, processors, noise, and

the number of projections, variables which are not always presented in the literature. Nevertheless,

qualitative comparisons can be made by examining reported simulation times: Fastcat is estimated to

have faster simulation speeds than gDDR, 1 projections of a gDRR high resolution anthropomorphic

head phantom with isotropic 512 × 512 × 100 voxels with 0.976 mm2 transverse dimensions and 2.5

mm slice thickness took 95.3 s on an Nvidia GTX 590 GPU. Analogously, Fastcat took 28 seconds to

simulate 360 views of a similar resolution Catphan 504 phantom with a more powerful Nvidia RTX

2070 GPU. VOXSI is also less computationally efficient than Fastcat, taking 45 seconds to simulate

a CT with 512 × 512 × 1 voxels, 1024 detectors, and 780 projections, on two Intel Xeon 2.67 GHz

processors. Simulations in DukeSim invoke a GPU MC tool to calculate scatter, the scatter calcu-

lation speed and total calculation speed thus depend on the desired noise. A sample DukeSim CT

simulation with a phantom of 1900 × 1900 × 1000 with isotropic voxels of 0.25 mm, 6912 projection

images, and 47104 detectors, and 108 MC photons per projection took about 10 minutes on 4 Nvidia

Titan Xp GPUs. In this case the simulation of such a large phantom and the added aspect of the

MC noise is considered too different from Fastcat to compare computational efficiencies.

Fastcat introduces a new CBCT simulation method that could be a useful research tool. While

MC simulations can agree with experimental results to the level shown in this work, they are compu-

tationally expensive. Fastcat is computationally efficient such that imaging settings can be quickly

explored. Fastcat also contains a complex enough simulation method to agree closely with experi-

mental results in terms of contrast and CNR, as seen in this work. Fastcat could be used as a quick

and accurate exploration tool to examine the benefit of many CBCT imaging protocols. Further con-

firmation of promising protocols could then be performed using established MC and demonstrated

with experimental methods.
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Fastcat could also be used in a clinical setting: A Fastcat model of a given linac can be constructed

such that it agrees with clinical CBCT quality assurance (QA) through the use of the virtual Catphan

phantom. This can be done by adjusting the beam energy, focal spot size, detector material, and other

parameters. Unlike with MC models, due to its fast simulation times Fastcat could build scanner

specific, virtual clinical datasets of hundreds of CBCT volumes of an anthropomorphic phantom

overnight. With a calibration between the Fastcat CNR and machine dose these datasets could

be used to estimate the correct imaging settings for a given clinical situation. Such as estimating

the CTDI necessary to achieve a given soft tissue CNR for a patient of a specific size. Likewise,

Fastcat could be used in conventional workflows. Fastcat, with the addition of a mapping between

experimental DICOM voxel values into material compositions like that of Schneider et al. [74], could

be used to simulate an MV CBCT from a kV CBCT, this would allow generation of MV beam’s

eye view images for the validation of a given treatment quickly from a given patient-specific CBCT

acquired by the OBI.

Fastcat is unique in its simulation speed and accuracy. No other analytical CBCT simulator has

shown such close agreement with experimental results, while no MC simulator has similar compu-

tational speed. Fastcat is limited, however, due to its dependence on pre-calculated data. Detector

optical spread functions (OSFs), MV beams, and scatter kernels for different phantoms are stored

in Fastcat. A simulation that uses a different detector, MV beam, or phantom than those available

in Fastcat may need the additional step of simulating the necessary pre-calculated data in an MC

application and be subject to new experimental validation. As an open-source simulator, ideally this

new pre-calculated data could be uploaded by groups who use Fastcat, making a variety of com-

mercial setups available and improving the simulator as a whole. Currently however, the type of

accuracy shown in this work is only available for the Varian Truebeam EPID and Varian Truebeam

OBI systems. An additional limitation is Fastcat’s dose calculation methodology where dose can

only be specified as a mean phantom dose. Further work will focus on allowing simulation doses

to be specified in more common clinical units such as CTDI or specified in MU based on a specific

reference depth and calibration distance as defined in the Fastcat documentation. Currently, noise

can be matched between Fastcat and experimental data in a given phantom and a conversion factor

between a given machine unit of dose and mean phantom dose can be calculated.

The method used to sample the NPS here was somewhat arbitrary, devised by the authors to

mitigate measurement noise. While established approaches exist for detector NPS measurement,

assessing NPS in the reconstruction space relies on numerous variables (reconstruction parameters,

beam-hardening algorithms, bowtie, etc.), hampering precise quantitative evaluation. Hence, our

focus was on describing differences between measures rather than their absolute values. Given the

comparative nature of the images, the NPS parameters’ absolute significance was considered less

crucial, as the intention was relative comparison rather than adherence to a specific standard. While

the full distribution of energies in the kV range between 10-100 keV in 10 keV intervals may be
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important for kV imaging, for MV imaging it is likely that fewer low energy bins could be used in the

simulation for similarly accurate results. This can be specified in fastcat and would greatly improve

the efficiency of the simulations.

The scatter specified in fastcat is ideally suited for head cases and symmetric anatomical regions.

Less cylindrically symmetric areas would demand a detailed scatter modeling approach, possibly

involving oblong cylinders mirroring regional anatomy properties. Extremely inhomogeneous or ir-

regular regions could benefit from alternative approaches like GPU-based MC or kernel methods for

scatter generation.

4.5 Conclusion

In this work we demonstrate experimental agreement between the Fastcat CBCT simulator and a

Varian Truebeam linac. Fastcat 100 kVp and 6 MV CBCT images agreed closely with experimental

kV and MV CBCT images, respectively. Close agreement was seen between experimental and Fast-

cat’s HU values, detector MTF, dose, and CNR. CBCT simulation took 71 and 72 seconds for the

kV and MV CBCT, respectively. We demonstrate the accuracy of a fast, free, open-source CBCT

simulator that is well suited for the evaluation of new CBCT imaging protocols.
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Chapter 5

Fastcat Simulation of Novel MV-CBCT

Investigation of image quality of MV and kV CBCT with low-Z beams and high DQE

detector1

5.1 Introduction

Image guided radiotherapy (IGRT) is the state-of-the-art tool for reducing patient positioning errors

during cancer treatment with radiation [119]. When designing a radiotherapy treatment plan, a

number of margins around the visible tumors are added to the tumor volume. The final planning

tumor volume (PTV) accounts for, among other things, difference in patient positioning during

the treatment planning CT scan and during treatment delivered with a linear accelerator. This is

generally minimized using IGRT where patient positioning is verified and adjusted based on a cone

beam CT (CBCT) scan acquired on the linear accelerator just prior to treatment. CBCT image

quality leads to better alignment, which in turn can lead to tighter PTV margins and increased

normal tissue sparing.

IGRT is generally performed with kilovoltage (kV) x-ray on-board imagers (OBIs) mounted on

the gantry of the linear accelerator at 90 degrees with respect to the megavoltage (MV) treatment

beam. OBIs take advantage of the higher image contrast produced by kV CBCT [84]. However, an

alternative approach is to use the megavoltage (MV) treatment beam for image guidance with the aid

of an electronic portal imager (EPID). Benefits of this approach include high atomic number artifact

reduction [85], less complex linear accelerators without the OBI equipment, and the availability of

EPID dosimetry [82, 83]. Limits of this approach include the aforementioned reduction in image

contrast compared to kV CBCT due to smaller variation between tissue attenuation coefficients in

the MV range, as well as reduced detector quantum efficiency (DQE) due to the more penetrating

MV beam. There have been extensive efforts to reduce these limitations.

To improve MV imaging quality, novel low atomic number (Z) beam targets have been examined

to generate photon beams with higher fluence in the kV range. The use of aluminum and carbon

1This work was published in Medical Physics [118]
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targets has been shown to improve image quality: Simulation studies show a 16-19% increase in

contrast between an aluminum target and the default tungsten target for a 6 MV photon beam

[23, 24]. Experimentally, Baek et al. showed that a gantry mounted aluminum target improved

the limiting spatial frequency (f50) from 0.451 lp/mm to 0.745 lp/mm for a tungsten target 6 MV

beam [25]. Additionally, Parsons et al. showed an increase in the contrast to noise ratio (CNR) in

projection images of cortical bone by factors ranging from 3.7 to 7.4 between carbon and aluminum

targets with 2.35 and 1.9 MV photon beams and the default 6 MV tungsten imaging setup [18].
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Figure 5.1: An overview of the simulation setup. a) The phantoms used in this work, the contrast
phantom (top) and an XCAT head phantom with silver amalgam fillings (bottom, not all tissues
shown in legend). b) The simulation geometry. c) The kV and MV energy spectra.

Furthermore, advances in MV EPID design have shown promise in improving MV image quality.

Many MV EPIDs use a gadolinium oxysulfide (GOS) scintillator, which is opaque to its own scintilla-

tion photons. This limits the thickness of GOS detectors which in turn limits the quantum efficiency

of the detector. Star-lack et al. examined cadmium tungstate (CWO) and bismuth germinate (BGO)

detectors, which are higher Z materials and can be made thicker for MV photon detection. CWO

was noted to have a 20-fold efficiency improvement over GOS with significantly higher stability and

light yield than BGO [17]. Likewise, image quality improvement was seen using multi-layer GOS

imagers with 2-4 times greater CNR than an equivalent single layer GOS detector [21].
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Currently, these two approaches to improving MV imaging, the amelioration of detector efficiencies

and introduction of low-Z targets, have remained largely separate. Likewise, direct comparison of the

benefit of different imaging strategies in the literature remains challenging as different works have

different combinations of voxel size, cone-beam size, phantom dose, focal-spot size and other imaging

variables.

In this work we simulate image quality for combinations of novel MV beam target materials such

as carbon and aluminum with different detector materials such as CWO. We compare these novel

imaging methodologies with a standard kV imaging setup using a columnar cesium iodide (CsI)

detector. We investigate whether the combination of novel MV beams and detectors can result in

MV CBCT image quality approaching kV CBCT image quality.

5.2 Materials and Methods

5.2.1 Experimental Validation

FastCAT was validated against two CBCT images acquired with a Varian Truebeam linac; one using

the 100 kVp on board imager with a CsI detector and another using a 6 MV therapy beam with a

GOS detector. HU values are compared between the two sets of images for each insert as a function

of electron density. All Fastcat HU values showed agreement within the 99% confidence interval of

experimental values. Detector MTF comparisons to previous works displaying agreement within 5%.

5.2.2 Fastcat

The Fastcat simulation tool [80, 102] is a hybrid Monte Carlo application that was used to simulate

the CBCT images presented in this work. Fastcat was demonstrated to be an ideal tool for the

rapid and accurate assessment of the modulation transfer function (MTF) and contrast to noise ratio

(CNR) of MV and kV imaging setups. Agreement has previously been demonstrated between Fastcat

and a Varian Truebeam linac (Varian Medical Systems, Palo Alto, Ca) for both a 100 kVp CBCT

acquired on the OBI as well as a 6 MV CBCT acquired using the EPID [102]. Specifically, CNR

in inserts of a Catphan CTP404 (The Phantom Laboratories, Salem, NY) module had an average

RMSE of 2.6% and 1.4% between Fastcat and experimental measurements for the 100 kVp and 6 MV

CBCTs, respectively. Likewise, Fastcat detector MTFs were assessed to be within 4.2% and 2.5% of

experimental values for the kV and MV detectors, respectively.

The kV imaging setup used in the study is based on the specifications of the Varian Truebeam OBI.

Fastcat’s kV model includes an aluminum bowtie filter with a minimum thickness of 1.53 mm and a

maximum thickness of 27.42 mm with a shape defined by the relative intensity of an experimental air

scan. An anti-scatter grid (ASG) is also used based on the measurements of Wiegert et al. [115] which

define the primary and scatter transmission factors for the 44r10 ASG used with the CsI detector of

the Varian Truebam OBI. Primary and scatter transmission factors were 0.76 and 0.37, respectively.
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Primary fluence in the Fastcat simulation was scaled by the primary transmission factor. A fraction

of the scatter was attenuated by 173 µm of lead such that the transmission factor was only 0.37. 173

µm of lead was used as it is the path length through the 36 µm lamella at the 12◦ mean angle of

scatter incidence.

Fastcat combines TIGRE GPU raytracing [95] with Monte Carlo scatter kernels and detector

optical spread functions into a fast and accurate CBCT simulator. The CBCT geometry followed a

100 cm source axis distance (SAD) and 150 cm source to detector distance (Figure 5.1b).

5.2.3 Phantoms

Two phantoms were simulated: a contrast phantom and a head phantom. The contrast phantom was

a modified version of the 16 cm diameter Catphan 404 module (The Phantom Laboratory, Salem NY)

including 12 mm diameter inserts composed of deflated lung, rib and spongiosa bone, and adipose

(Figure 5.1a top) with material composition as defined by ICRU-44 [94]. Contrast was defined relative

to the phantom body which was composed of muscle.

The head of the XCAT [75] phantom (Figure 5.1a bottom) was used in this study as it has a

small enough radius to fit in the field of view of a single CBCT scan. A 512 × 512 × 200 voxel

phantom was generated with voxel dimensions of 0.5mm × 0.5mm× 3.12mm. Energy dependent

attenuation coefficients were generated by assigning compositions from ICRU-44 [94] to the XCAT

tissues in the head phantom. Additionally, 1 and 1.5 mm rectangles of silver amalgam were added to

two XCAT phantom molars to simulate dental fillings as seen in the bottom of Figure 1 a). Scatter

was approximated in the simulations by the scatter generated from a 16 cm water cylinder.

5.2.4 CBCT image generation and reconstruction

To generate CBCT images, 360 views were taken at equally spaced angles between 0 and 360 degrees

for each scan, images were reconstructed using the FDK algorithm [96] with a hamming filter for the

contrast phantom. All scans were simulated to have noise consistent with a 7 mGy imaging dose.

Doses were calculated using the Fastcat dose calculation engine. CBCT image simulations took, on

average, 64 and 87 seconds on a Nvidia GeForce RTX 2070 GPU (Nvidia Corp., Santa Clara, CA)

for the contrast phantom and head phantom, respectively.

xspecgen [87], an open source spectrum generator for kV x-ray tubes written in python (version

3.6). Xpecgen has methods for attenuating spectra, calculating half value layers and a python tk

GUI which forms the backbone of Fastcat. Default simulation geometry can be seen in Figure 5.1:

A cone beam collimated to 16 cm2 at isocenter impinges on a 16 cm diameter cylindrical phantom

source at source-to-detector distance (SSD) of 1.52 m and source-to-axis distance (SAD) of 1 m.



78

Table 5.1: Target thicknesses for MV imaging beams.

Tungsten (Varian Truebeam) Aluminum Carbon
2.5 MV 2.3 mm 6.7 mm [89] 7.6 mm [18]
6 MV 5 mm 8 mm [25] 9.9 mm [18]

5.2.5 X-ray beams

The kV spectrum modelled was a 120 kVp beam with a 12-degree tungsten anode, 3 mm inherent

aluminum filtration and 0.89 mm titanium beam hardening filtration were added to match the stan-

dard filtration of the imaging system. The spectrum was simulated in Fastcat by means of xpecgen

[87]. In addition, multiple MV x-ray spectra were calculated in EGSnrc/BEAMnrc [88] using a va-

riety of target materials (carbon, aluminum, and tungsten) and beam energies (2.5, 6 MV) (Figure

5.1c). The thicknesses of the beam targets were based on experimental targets and are summarized

in Table 5.1.

5.2.6 Detectors

Table 5.2: Main detector parameters.

Septa Scintillator thickness Material Pixel size
CWO Yes 15 mm [17] CdWO4 0.784 mm
CsI No 0.45 mm [91] CsI:Tl 0.784 mm
GOS No 0.29 mm Gd2O2S:Tb 0.784 mm

Detectors with scintillators of CWO, CsI, and GOS were modelled. The detector optical sim-

ulation method is described in detail in O’Connell and Bazalova-Carter [80] as well as detailed

descriptions of the detector materials and properties. A brief description of the detectors can be

found in Table 5.2.

The three different detectors have different methods of preventing optical spread in the scintil-

lators. The CWO detector is made up of separate pixels separated by aluminized mylar reflective

septa to prevent light escaping a given pixel. The CsI detector has a columnar crystal geometry such

that scintillated light reflects internally in a given column and prevents lateral spread of scintillation

photons in the detector. Conversely, the GOS detector attenuates its own scintillation photons pre-

venting their spread laterally in the detector but also limiting the thickness of the detector as large

detectors would decrease efficiency. To improve efficiency in the GOS detector a copper build-up

plate is found directly in front of the GOS crystal to provide more secondary electrons incident on

the detector and thus a higher efficiency.

[40] CsI detector simulations were performed similarly to the CWO and GOS detectors in Geant4
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[71, 38] extended by Topas [69] using Geant4 Optical and Penelope physics modules and a range

cut of 0.5 µm for all particles. CsI detector response was simulated to the default sixteen Fastcat

energies between 30 and 6000 keV as well as for 10 and 20 keV energy bins. These two extra energy

bins were added for CWO and GOS detectors as well to fully describe the response of the detectors

optical spread function in the kV range when using the fastEPID [39] method of calculating the point

spread function. To reduce computation time 600 photons per MeV were used as the scintillation

yield for CsI. This reduction in scintillation has not been seen to decrease the accuracy of detector

simulations [40].

5.2.7 Image Quality Metrics

MTF for different beam detector combinations were modelled in the manner described in O’Connell

and Bazalova-Carter [80]: The monoenergetic detector optical spread functions (OSFs) were weighted

by the beam energy-spectrum to create a point spread function (PSF). This PSF was then convolved

with an idealized 0.1 mm wide slit angled at 1.5 degrees to generate a line spread function (LSF) as

described in the work of Fujita et al. [120]. This LSF was then presampled to estimate the MTF.

CBCT image contrast was measured in the inserts of the contrast phantom for the 120 kV, 2.5

MV and 6 MV carbon and aluminum target beams. All contrasts were measured relative to the

phantom body which was composed of muscle tissue. We denote the average HU value from this

region µbody and the value from the insert µinsert. CNR was measured relative to the same region

using the standard deviations σinsert and σbody as

C =
µinsert − µbody

µbody

× 100% (5.1)

Similarly, contrasts to noise ratio was measured relative to the same region using the standard

deviations σinsert and σbody as

CNR =
µinsert − µbody√
σ2
body + σ2

insert

(5.2)

CNR was bootstrapped to generate a 99% confidence interval.

5.3 Results

Results for kV and MV beams and all detectors in terms of MTF, CNR and head phantom images are

presented in the following sections. The results from the aluminium target were very similar to the

carbon target in all metrics and therefore the aluminium target results are not shown. Additionally,

heat transportation requirements limit feasibility of imaging with aluminium targets [18], making

carbon targets a better option in this case.
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Table 5.3: Detector optical parameters [17, 90, 92]

Density
(g/cm3)

Material
Thickness
(mm)

Abs. length (cm) |
Refr. ind.

Reflectivity

(1) Carbon Fiber 1.62 C 2.5 – –
(2) Foam 0.05 C 33.1, 25.0 – –
(3) Vikuiti ESR 1.05 CH 0.065 0.01 0.98
(4) Scintillator Pixel 7.9 CdWO4 15 125 | 2.25 –
(5) Pixel Glue 1.0 Epoxy 15 100 | 1.47 –
(6) Pixel Septa 2.7 Al Mylar 15 0.001 0.88
(7) Meltmount Glue 1.0 C21H25ClO5 0.01 300 | 1.7 –
(8) Mylar 1.38 C10H8O4 0.065 100 | 1.65 –
(9) AMFPI 2.6 SiO2 1 0.001 | 1.70 –
(10) Fiberglass 1.85 SiO2 0.6, 6.0 – –
(11) Copper buildup 8.9 Cu 1 – –
(12) GOS phospor 4.59 Gd2O2S:Tb 0.29 43 | 2.3, 1.0 (binder) –
(13) Al alloy 2.8 Al 1 – –
(14) Pb alloy 10.95 Pb 3 – –
(15) Graphite 2.26 C 1 0.001 0.88
(16) CsI 4.51 CsI:Tl 0.9 1.25 | 1.8 –
(17) Columnar CsI 4.51 CsI:Tl 3.60 1.25 | 1.8 –

5.3.1 Detector MTF

The MTF for the three detectors is presented in Figure 5.2. In all cases the 120 kVp beam resulted

in the highest MTF at all spatial frequencies for a given detector. Likewise, in nearly all cases the

highest energy beam, the 6 MV tungsten target resulted in the lowest MTF. For MV beams the CsI

detector had the highest MTF compared to the other detectors. For the kV beam the CWO detector

resulted in the highest spatial resolution at low frequencies while the CsI detector resulted in better

spatial resolution at high frequencies. The CWO spatial resolution dropped off due to the Nyquist

frequency enforced by the detector septa which were only present in the CWO detector. Conversely,

the CWO detector had the worst spatial resolution in all cases other than the 120 kVp beam, as

mentioned above.

5.3.2 Contrast

Some sample contrast phantom CBCTs are shown in Figure 5.3 while CNR results for rib bone, lung,

adipose, and spongiosa derived from CBCT images of the contrast phantom for the 120 kVp beam,

the 2.5 MV and 6 MV beams with carbon and tungsten target and all three detectors are shown in

Figure 5.4. CNRs for all materials were seen to decrease with average beam energy for all detectors.

The highest CNRs were for the CWO detector with the 120 kVp beam; CNRs were 53.1, 47.9, 10.2,

and 21.1 for the rib bone, lung, adipose, and spongiosa, respectively. CNRs for the CWO detector
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Figure 5.2: The MTF of the CWO (a), CsI (b), and GOS (c) detectors as a function of the 120 kVp
beam and the 2.5 MV and 6 MV carbon and tungsten target beams. MTFs were calculated from the
presampled line spread function of an angled slit. Experimental MTF calculated by Shi et al. [39]
for the GOS detector at 6 MV tungsten target beam is displayed in (c) which uses the angled slit
MTF calculation method off of which all other measurements are based. Plots are cropped at 0.63
1/mm, the Nyquist frequency of the CWO detector.

(a) 120 kVp CWO (b) 120 kVp CsI (c) 120 kVp GOS

(d) 2.5 MV CWO (e) 2.5 MV CsI (f) 2.5 MV GOS

Figure 5.3: Simulated CBCT images of the contrast phantom reconstructed with the CWO (a,d),
CsI (b,e) and GOS (c,f) detectors for the 120 kVp (a-c) and 2.5 MV carbon (d-f) beams (W/L 800/0
for images). All images were reconstructed using the FDK algorithm from 360 views with an imaging
dose of 7 mGy. The inset shows the spongiosa insert.
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Figure 5.4: The contrast to noise ratio for rib bone, lung, adipose and spongiosa tissues as a function
of CWO (a), CsI (b), and GOS (c) detectors for different beam energies and a phantom dose of 7
mGy.

and carbon 2.5 MV beam were 28.1, 20.2, 3.6, and 2.5 for the rib bone, lung, adipose, and spongiosa,

respectively. For the CsI and GOS detectors the 120 kVp beam produced the highest CNR over all

inserts. The CNRs for the 120 kVp GOS were 27.2, 17.8, 6.6, and 3.4 for the rib bone, lung, adipose,

and spongiosa, respectively. The CNRs for the CsI detector and 120 kVp beam were 33.9, 22.2, 6.2,

and 11.0 for the rib bone, lung, adipose, and spongiosa, respectively. Finally, the highest-energy 6

MV tungsten target showed the lowest CNR for each detector.

5.3.3 Head phantom CBCT imaging

CBCT images of the head phantom with silver amalgam fillings for two beam energies and all

three detectors are presented in Figure 5.5. The CBCT images are in agreement with CNR results.

Qualitatively, the 120 kVp image shows good contrast as well for both the CWO and CsI detectors

(Figure 5.5 a, b). Increased noise becomes prevalent in the images acquired with the CsI and GOS

detectors (Figure 5.5 e, c, f). Streaking artifacts are most prevalent in the 120 kVp images, obscuring

much of the soft tissue. Likewise, the 2.5 MV images with CsI and GOS detectors show increased

streaking artifacts as compared to the CWO image which shows the best preservation of tissue

contrast in the soft tissue surrounding the inserts.
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(a) 120 kVp CWO (b) 120 kVp CsI (c) 120 kVp GOS

(d) 2.5 MV CWO (e) 2.5 MV CsI (f) 2.5 MV GOS

Figure 5.5: Simulated CBCT images of an XCAT head phantom with silver amalgam fillings recon-
structed with the CWO (a,d), CsI (b,e) and GOS (c,f) detectors for the 120 kVp (a-c) and 2.5 MV
carbon (d-f) beams (W/L 800/0 for images and 1100/450 for inset). All images were reconstructed
using the FDK algorithm from 360 views with an imaging dose of 7 mGy.

5.4 Discussion

The results of the CNR study presented in Figure 5.4 demonstrate a promising MV beam/detector

combination. Undoubtedly, the CWO 120 kVp results in the largest CNRs. However, the CWO

CBCT images acquired with the 2.5 MV beam resulted in CNRs comparable to the 120 kVp beam

with a CsI or GOS detector. Additionally, this combination shows promise in suppressing metal

artifacts, as seen in Figure 5.5. This improvement is in part due to the increased dose efficiency at

higher energies, as well as the high absorption efficiency of the CWO relative to the GOS and CsI

at MV energies. If high contrast images could be acquired using an EPID, linear accelerator design

could be streamlined in some cases by removing the OBI, which would in turn result in reduced linear

accelerator costs.

Conversely there are some downsides to this combination. The MTF for the CWO detector with

the 2.5 MV carbon target is lower compared to that of the GOS and CsI detectors at all spatial

frequencies. The CWO spatial resolution performed differently as a function of beam energy, due to

the CWO detector septa. CWO exhibits low attenuation of optical photons at its scintillation energy,

resulting in the need for pixel septa to funnel the photons towards the amorphous silicon readout.

These septa resulted in a very good MTF at low energies where relatively few interactions in the

detector pixel resulted in secondary particles crossing the detector septa and causing scintillation in

other pixels. At higher energies the septa were often breached by secondary particles leading to a
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wider point spread function. However, with the beams discussed, secondary particles did not manage

to breach the septa of the adjacent pixels (breaching two septa in total) in large quantities. These

metrics can be seen in the optical spread data in fastcat, in which optical spread outside one voxel is

not seen in the kV energies but only in MV energies. This led to the two groupings of MTF curves

in the CWO detector; a high resolution curve for the 120 kVp beam and the low resolution curve for

the rest of the beams. The CWO and GOS detectors showed slowly decreasing MTFs as a function

of beam energy with the CsI detector performing slightly better due to its columnar structure. Thus,

the CWO detector, at least with the pixel size discussed, shows a disadvantage in terms of spatial

resolution as compared to CsI and GOS detectors especially for spatial frequencies above the pixel

pitch.

The breach defines detectors with light-blocking septa that enable electron passage. When an elec-

tron crosses septa and excites neighboring pixels’ photons, CWO’s transparency results in isotropic

light detection within the pixel. This induces a five-pixels being illuminated in the PSF rather than

one, causing a discontinuity in the MTF. In contrast, CsI detectors avert this phenomenon because

their micro columnar CsI septa are smaller than the pixel size.

Although both CsI and CWO septal structures induce internal reflection of optical photons, the

CsI columnar structure is less efficient in light reflection, allowing a substantial portion of photon

fluence to transmit through. Despite this, the micrometer-scale columns lead to cumulative internal

reflections, eventually steering photons down a column. This behavior narrows the beam penumbra

compared to CWO, which fully reflects light on a millimeter-scale within a pixel. However, due to

the millimeter-scale pixel size, light dispersion is more pronounced in the CWO.

Some of the characteristics of real imaging systems were intentionally excluded from simulations in

this work. While Fastcat demonstrates the ability to accurately model certain commercial flattening

filters for MV imaging and bowtie filters and anti-scatter grids for kV imaging [102], these models

were not used in an effort to maintain a fair comparison between beam/detector combinations. The

flattening filter was excluded in favour of an idealized uniform beam as the flattening filter is designed

for therapy applications and results in cupping artifacts. Likewise, the bowtie filters and anti-scatter

grid were excluded in the kV CBCT simulation. We acknowledge that these additional features could

led to different results of kV CBCT CNR calculations. These design features will be a topic of future

work.

Additionally, the pixel pitch for the detectors was limited to 0.784 mm to model the dimensions of

a current CWO detector design [17]. The ability to make smaller pixels of CWO in order to achieve

high pixel uniformity is a current limitation of this detector [85]. This limitation is not shared by

the GOS and CsI detectors which are commonly produced with smaller pixel sizes defined by their

amorphous silicon readout, since they do not require septa. Further, pixel uniformity is generally

easily achievable with GOS and CsI detectors, while it is more challenging in CWO detectors. CsI and

GOS detectors models examined in this work followed design specifications of existing experimental
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systems optimized for kV CBCT and MV portal imaging, respectively.

One should note that some of the MTF curves in this publication have been previously validated

against experimental beams in previous studies of fastcat [80, 102]. Specifically, the 6 MV MTF

curves for the CWO and GOS detectors were compared to experimental results from Star-lack et al.

and Shi et al., respectively [17, 90]. With MTF values found to have an average root mean squared

error (RMSE) of 3.5% and 1.2% compared to experimental values for the CWO and GOS detector

respectively. Fastcat’s experimental MTF curve was also validated against an experimental beam

using the measurements of Howansky et al. [116] with results within 4.2% of measurements. In terms

of CNR results, kV and MV CNR values were compared between a fastcat simulation of a Catphan

CTP404 phantom and an experimental CBCT volume acquired using the OBI and EPID of a Varian

Truebeam STx linac.

One question that arises with the use of low-Z target beams is the reduced bremsstrahlung yield

compared to high-Z target beams which may affect the length of the image acquisition. There is

experimental evidence to suggest that sufficient fluence would be generated, previous studies have

shown photon yields from low-Z beams high enough for normal CBCT acquisition at energies above

1.9 MeV [18]. Additionally, there is a trade-off between having a small focal spot size for optimal

spatial resolution and acquisition time. Linac focal spot sizes are generally larger than the ones of

x-ray tubes. However, on the Truebeam OBI the large kV x-ray tube focal spot size is quoted as

1.0-1.4 mm by 1.4-2.0 mm while the linac electron beam has a focal spot size of approximtely 1.5 mm

[121]. This focal spot size could be improved by moving the target higher in the linac head where the

electron beam is less divergent or including additional collimation at the target to decrease the focal

spot size. However, in previous work by Chan et al. MV CBCT system MTF, as determined using

the Catphan CTP 528 module, was seen to be worse than that of kV CBCT [122]. Contributing

factors to this poor MTF were the decreased contrast of acrylic in the MV range as well as larger

focal spots for some MV CBCT setups and the inherent decrease in detector MTF due to the larger

MV point spread function as seen in this work.

The demonstration of the increased contrast in the XCAT head phantom CBCT images with the

CWO detector and the carbon 2.5 MV beam is compelling as this shows better soft tissue resolution

surrounding the silver amalgam fillings compared to the other beam/detector combinations discussed

(Figure 5.5d). This demonstrates the possibility of using this beam in some treatment sites for the

benefit of metal artifact reduction.

5.5 Conclusion

Novel kV/MV CBCT beam/detector combinations were simulated using low-Z beam target spectra

and three x-ray detectors. CNR was highest in the CWO detector with a 120 kVp beam. The 2.5 MV

carbon target beam combined with a CWO detector showed CNR 4% and 17% lower than current

CsI/120 kVp kV imaging systems in lung and bone, respectively and performed best at metal artifact
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reduction in the XCAT phantom. Whereas, the detector MTF was seen to be highest for a kV beam

with the CWO detector at low frequencies, GOS and CsI were seen to outperform CWO in terms of

MTF for all MV beams and at high frequencies for the kV beam.
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Chapter 6

Fastcat Simulations of Perovskite Detectors

Next generation high resolution perovskite direct conversion detector: Monte Carlo

design optimisation and virtual clinical trial1

6.1 Introduction

Recent developments in perovskite crystal material chemistry have for the first time introduced

a detector material that is simultaneously low-cost, high atomic number, and direct conversion, a

combination which could power a next generation of high performing x-ray detectors. These detectors

have been demonstrated to have superior spatial resolution to existing detectors, especially at large

detector crystal thicknesses [124]: Even though spatial resolution tends to decrease with thickness,

a 1200 µm perovskite crystal detector showed higher modulation transfer function (MTF) than

amorphous selenium (a-Se) of any thickness [124].

Additionally, perovskite crystals such as methylammonium lead bromide (MAPbBr3) have ex-

cellent material chemistry when it comes to x-ray detection: The combination of perovskite’s high

charge carrier mobility (µ) and long carrier lifetimes (τ), as defined by the µτ product, makes them

very sensitive to incident x-ray photons [26, 27, 28, 29, 30, 31, 32, 33]. The µτ product of some

perovskite crystals is equivalent to that of cadmium zinc telluride (CZT) a promising material that

is already being used in cutting edge medical imaging applications [27, 28, 29, 30, 31, 32, 33, 125],

while perovskite is simultaneously cheaper and easier to manufacture than CZT [27]. Thus, it is

anticipated that this technology could bring in a new generation of flat-panel x-ray detectors.

Analogously, with the introduction of the first generation of direct conversion digital amorphous

selenium (a-Se) detectors in the 1990s, a large theoretical and experimental body of work was created

to characterise these detectors and their applications [126, 127, 128, 129]. Que et al. concluded that

geometric distortion from photon incidence at an angle and focal spot were the major contributors to

detector MTF. Therefore, as perovskite crystals are produced with large thicknesses it is important

to consider the effect of geometric MTF degradation which dominates the spatial resolution of flat

1This work was published in Physics in Medicine and Biology [123]
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panel detectors, especially for CT and MV cone beam CT (CBCT) where the higher energy x-rays

penetrate deeper in the detector. Additionally, the finite focal spot size for CT modalities limits

achievable detective quantum efficiency in flat panels detectors, which is an engineering constraint

on the system and cannot be reduced arbitrarily due to heat dissipation requirements in CT. Thus,

it is important to discuss the benefit of perovskite detectors while considering these constraints. As

a thick high spatial resolution perovskite detector may provide limited benefit over a traditional

detector if the system spatial resolution is limited by geometric effects and focal spot blur rather

than actual detector spatial resolution.

So, although the high sensitivity and superior spatial resolution of perovskite detectors has been

demonstrated in the literature, no quantification has been done on whether these improvements trans-

late to improvements in medical imaging. In this work first we optimise detector thickness based on

a combination of theoretical models and Monte Carlo (MC) simulations taking into account degra-

dation of spatial resolution due to geometric factors and device focal spot sizes. Further we perform

virtual clinical trials (VCTs) on anthropomorphic phantoms using device specifications from three

common CBCT devices to demonstrate the improvement associated with next generation perovskite

detectors.

While perovskite can be either a scintillator or a direct conversion detector. In this study we

considered it only as a direct conversion device. While scintillation has shown promise in this detector

material, currently our lab does not have the ability to fabricate a detector with a microcapillary

structure. Thus we thought to simulate the materials that we are able to manufacture such that this

work can be translated more readily to experimental applications.

6.2 Materials and Methods

6.2.1 Energy Deposition Efficiency

To determine the domains of medical imaging for which perovskite crystals are most suited, the

energy deposition efficiency of perovskite crystals was compared to other common medical imaging

materials for a wide range of photon energies used in medical imaging. Energy deposition efficiency

(EDE), ηe, is a measure of the fraction of the energy absorbed in the detector relative to the energy

incident on the detector and is a robust measure of the potential efficiency of a detector. At an energy

e, ηe, is defined in terms of ratio of the incident energy Ee,i on the detector to the energy absorbed

in the detector crystal Ee,abs from a mono-energetic pencil beam at energy e impinging normally to

the detector

ηe =
Ee,abs

Ee,i

. (6.1)

Simulations of detector energy deposition efficiency were performed in TOPAS [69] with 107 initial
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particles per energy per crystal thickness. The mono-energetic pencil beam energies used were 10

to 90 keV in 10 keV increments, 100 to 900 keV in 100 keV increments, and 1, 2, 4, and 6 MeV. A

greater emphasis of energies in the low energy range was used to help resolve photo-electric behaviour

near the K-edges of the detector constituent elements. Detector thicknesses of 0.029, 0.1, 0.2, 0.3,

0.5, 1, 2, 5, 10, and 15 mm were considered. A global particle range cutoff of 0.001 mm was used

to remain much smaller than the minimum studied crystal thickness of 0.029 mm. Simulations were

run on a linux desktop computer on eight 4.0 GHz Intel Skylake cores with compute times on the

order of 30 minutes.This aforementioned desktop environment and particle cutoff were used in all

simulations in this work if not specified.

6.2.2 Detector Materials

Energy deposition efficiency was calculated for three common detector materials; amorphous selenium

(a-Se), caesium iodide (CsI), and gadolinium oxysulphide (GOS). a-Se is a common material used

for mammography and lower energy imaging application, columnar CsI is standard detector material

for kV CT imaging, and GOS is a low cost material commonly used in kV and MV imaging systems.

Additionally, cadmium zinc-telluride (CZT) detector was modelled, although not as commonly used,

CZT is a promising high atomic number direct conversion material that has properties similar to

perovskite halides and is used for photon-counting CT imaging.

The detectors used in the EDE comparison were modelled based on material specifications of

existing detectors. As such, the density of the Cu-GOS detector is the density of the phosphor and

binder glue of a Varian aS1200 detector, while the CsI detector’s density is the average density of a

PaxScan 4030CB with a 70% fill ratio. The CZT detector is based on material compositions from

Redlen (Redlen Technologies, Saanichton, BC, Canada) [125, 130]. Additional material information

is shown in table 6.1 and table 6.2. All detectors were modelled with a pixel pitch of 100 µm.

Table 6.1: Detector Parameters

Material
Chemical
Formula

Density
[g/cm3]

Direct
Conversion

Columnar
K-edges
[keV]

µ
40 keV
[cm−1]

µ
100 keV
[cm−1]

µ
1 MeV
[cm−1]

Perovskite MAPbBr3 3.83 Yes/No No
13.5 (Br)
88.0 (Pb)

29.9 9.87 0.29

Cu-GOS Gd2O2S:Tb 4.59 No No
50.2 (Gd)
52.0 (Tb)

16.2 7.30 0.25

CsI CsI:Tl 3.16 No Yes
36.0 (Cs)
85.5 (Tl)

72.5 6.42 0.18

aSe Se 4.26 Yes No 12.7 (Se) 32.3 2.80 0.25

CZT CdZnTe 5.8 Yes No
26.7 (Cd)
31.8 (Te)

104 9.05 0.33
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6.2.3 Virtual Clinical Trials

Three VCTs were conducted in this work to demonstrate perovskite’s application in different imaging

areas: 1) the Koning dedicated breast CT (BCT) (KBCT 1000, Koning Corporation, West Henrietta,

NY, USA), 2) the Varian Truebeam Stx (Varian Medical Systems, Palo Alto, CA) kV on board imager

(OBI), and 3) the Truebeam electronic portal imager (EPID) for MV CBCT. A description of the

device specifications used in the simulations can be found in table 6.2 and a schematic of the setup

in figure 6.1.

Truebeam MV

Truebeam kV

Koning BCT

a) b) c)

𝜃

l

d)

Figure 6.1: a) An image of a thick perovskite crystal grown in our laboratory b) Schematic of the
Fastcat simulation setups for the three VCTs. c) Images of the three phantoms used in the VCTs
d) Schematic showing an oblique incidence x-ray hitting a detector of thickness l at an angle θ with

a gaussian curve representing the resultant point spread function (PSF).

The kV detector on the Truebeam OBI was modelled with an anti-scatter grid, for details on the

anti-scatter grid see the more in depth validation of the fastcat model in Chapter 4. The Koning

BCT did not feature an anti-scatter grid as it is not specified in the design parameters.

6.2.4 Modulation Transfer Function

The MTFs in this study were first calculated using Fastcat and degraded based on the extensive the-

oretical work of Que and Rowlands [126] who developed a rigorous framework for MTF degradation.

Fastcat weights mono-energetic point spread functions calculated using Topas MC to analytically cal-

culate MTFs for polyenergetic beams. Fastcat’s full MTF methodology and experimental validation

of the MTF calculations can be found in our previous work [102]. According to Que and Rowlands,
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Table 6.2: VCT Parameters

Imaging
Machine

SAD - SID
[mm]

Incidence
Angle [◦]

Detector -
crystal thickness

Beam
kVp
[kV]

Beam
Filtration

Focal
Spot
nominal [mm]

Koning
BCT

422 - 778 7.24
PaxScan 4030CB
(CsI:Tl) - 0.6mm

49
0.8 mm Be,
1.58 mm Al

0.3

Varian
kV CBCT

1000 - 1500 6
PaxScan 4030CB
(CsI:Tl) - 0.6mm

100
3 mm Al,
0.89 mm Ti

1.0

Varian
MV CBCT

1000 - 1500 6
aS1200 (Cu-GOS) -
0.29 mm

6000 N/A 1.5 [121]
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geometrical distortion is often the largest contributor to MTF degradation. This is especially true

for thick detectors and higher energies where the photons and secondary electrons may travel to

large depths in the detector crystals. Geometric MTF distortion can be described using the following

equation:

MTFg(ν) =
{[1− L]2 + 4L sin2(πνl tan θ))}1/2

[1− L][1 + (2πν sin θ/µ)2]1/2
, (6.2)

where

L = exp (−µl/ cos θ) (6.3)

and µ is the attenuation coefficient of the detector material at a given energy. In the case of a

polyenergetic beam the attenuation was weighted by the fluence, detector EDE, and energy. The

weighting by the detector EDE and energy was necessary as these factors influence the readout

intensity of an energy integrating detector. l is the thickness of the detector while θ is the angle of

the incidence of the photons. Finally, ν is the spatial frequency of the MTF. A schematic of geometric

distortion can be seen in figure 6.1d).

For the flat panel detectors discussed, the photon incidence angle, θ, was approximated to be the

mean angle of incidence for a typical acquisition. A value of 7.24◦ was calculated as the mean angle

of incidence for the BCT. In kV- and MV-CBCT the average angle of incidence was estimated to be

6◦, corresponding to half the angle of the detector collimation of 12◦.

The second contributor to MTF degradation discussed is the focal spot of the x-ray tube. It is

defined as the full width at half maximum (FWHM) of the source intensity on the x-ray tube target

surface. The focal spots of the machines were approximated as Gaussian point spread functions

(PSF). Taking the Fourier transform of a Gaussian we obtain the focal spot MTF (MTFfs) which is

also a Gaussian of the form:

MTFfs(ν) = exp (−π2ν2s2) (6.4)

where s is the inverse of the standard deviation of the point spread function and ν is the spatial

frequency.

Nominal focal spots as defined by the IEC 60336:2005 standard are stated in table 6.3. According

to the standard, the full width 15% max is used as the measure of the focal spot. The nominal focal

spot sizes are not exact and have associated permissible dimensions according to the IEC standard.

The average of the width and length of the focal spot is averaged and approximated by a gaussian of

that dimension. Based on this gaussian, one can calculate a value for the standard deviation s. For

the Koning BCT 0.3 nominal focal spot value the permissible dimensions are a width of 0.45 mm and

a length of 0.65 mm and for the Truebeam kV-OBI the 1.0 nominal focal spot value the permissible

dimensions are a width of 1.4 mm and a length of 2.0 mm. For the Truebeam the MV beam the

dimensions relate directly to the FWHM [121]. Using a gaussian distribution these measurements
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Table 6.3: Focal Spot Parameters

Machine
IEC Nominal
Focal Spot

IEC Focal Spot
Dimensions [mm]

FWHM [mm] Scaling s [mm]

Koning BCT 0.3 mm 0.45×0.6 0.3321 0.81 0.114
Varian kV CBCT 1 mm 1.4×2.0 1.027 0.5 0.218
Varian MV CBCT N/A N/A 1.5 0.5 0.340

are related to the standard deviation s: A full width at 15% max is 3.894s and the FWHM is 2.355s.

These values are then multiplied by the scaling factor, which is the ratio of the source-imager distance

(SID) minus the source-axis distance (SAD) divided by the SAD.

The partial MTFs, which are Fourier transforms of spatial convolutions, are then multiplied in

the frequency domain to generate a final MTF resultant from the original MTFs degraded by focal

spot and geometric distortions.

6.2.5 Noise Power Spectrum

The noise power spectrum (NPS) for each of the detector crystal thicknesses was calculated using

MC techniques with the Fastcat hybrid MC code [80, 102]. For each photon beam and detector

thickness, a flat-field image was simulated in compliance with the IEC-defined normal exposure. The

detector was irradiated with an approximate exposure of 1×10−7 C/kg and a 128×128 pixel area of

the detector was used for calculation of the NPS. The NPS analysis component was the IEC RQA5

method as described by Dobbins et al. [60]. The NPS is defined as the Fourier amplitude of a two

dimensional image with intensity I as

NPS(µn, νk) = lim
Nx,Ny→∞

(NxNy∆x∆y)|Fn,k[I(x, y)− Ī]|2 (6.5)

Where I(x, y) is the image intensity at the pixel location (x, y), Fn,k is the two dimensional Fourier

transform where n and k are indices for the specific spatial frequency being sampled, Ī is the mean

intensity of the image, ν and µ are the spatial frequencies conjugate to x and y, while ∆x and ∆y

are the pixel pitch of the detector and Nx, Ny are the number of pixels in the x and y direction,

respectively. Two dimensional NPS was calculated using the IEC 62220-1 method; a 640×640 pixel

area of the detector was evaluated with 256×256 overlapping regions of interest (ROIs). Second

order detrending was used as a background subtraction method and seven central rows of the two

dimensional NPS above and below the x-axis were combined to produce a one dimensional NPS.

6.2.6 Detective quantum efficiency

The detective quantum efficiency (DQE) of a detector is a metric that measures the degradation of

the information contained in an output signal relative to the original input signal. Since detectors
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have physical limitations determined by Poisson statistics and finite pixel size, the DQE is measured

relative to the ideal detector which is only limited by these factors. The work of Ranger et al. was

followed to calculate the DQE [59]. Formally DQE is calculated as:

DQE(ν) = S2 MTF 2(ν)

NPS(ν)× q × E
=

MTF 2(ν)

NNPS(ν)× q × E
(6.6)

Where MTF (ν) is the frequency-dependent MTF , NPS(ν) is the frequency-dependent noise

power spectrum (NPS), S is the square of the large-area signal intensity. This equation can be

simplified by using the NNPS which is the noise power spectrum divided by the large-are signal

intensity squared. Meanwhile, the q value is an estimate of the number of incident x-ray photons

per unit area per unit of exposure incident on the detector generally estimated through computer

modelling. Finally, E is the IEC-defined normal exposure. q values and normal exposures were not

calculated in this work since they were constant as a function of detector crystal thicknesses, making

them unimportant in the context of a detector thickness optimization. Thus as measure denoted the

relative DQE (DQEr) was used

DQEr(ν) =
MTF 2(ν)

NNPS(ν)
. (6.7)

6.2.7 Imaging beams

Each imaging task was simulated with an appropriate x-ray beam. The BCT spectra was modelled

after 40 kVp beam with 0.8 mm of beryllium filtration and 2 mm aluminum filtration. The kV CBCT

100 kVp beam was modelled with 3 mm inherent aluminum filtration and a 0.89-mm thick titanium

beam hardening filter. The x-ray beam spectra were simulated in Fastcat by means of xpecgen [87].

In addition, a 6 MV photon energy spectra was calculated from the Truebeam MV phasespace file

provided by Varian and available online through the IAEA NDS [131].

6.2.8 Phantoms

VCTs for each of the three imaging systems were conducted using appropriate phantoms depicted

in figure 6.1c) with parameters in table 6.4. BCT images of an anthropomorphic breast phantom

with microcalcifications [76] were simulated for the Koning BCT setup. The breast phantom was

composed of adipose tissue, skin, and glandular tissue, with the microcalcification composed of

cortical bone. Material elemental compositions were defined using the values defined in the Geant4

default materials [44] and ICRU 44 [98]. The kV and MV CBCT VCTs featured an XCAT [75] head

phantom. The kV image demonstrated the image quality in the brain while the MV image focused

on a region in the skull with silver amalgam fillings that would generate streaking artifacts in kV

images.
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Table 6.4: Phantom parameters

Phantom
# of pixels
[x,y,z]

Dimensions
[x,y,z] [mm3]

BCT 512,512,156 205, 205, 125
kV CBCT
(XCAT)

1024,1024,256 512, 512, 31.25

MV CBCT
(XCAT)

1024,1024,256 512, 512, 31.25

A distinct catphan simulation was conducted for specific materials like the lung to ensure sta-

tistical adequacy. The CNR was computed using bootstrapping: A larger ROI encompassing water

and one encompassing the target material was chosen, with half the points in each ROI sampled to

calculate a CNR. This procedure was iterated 100 times to establish a CNR distribution, with the

displayed values representing the mean and error bars indicating the 90% confidence interval.

6.2.9 Image generation and reconstruction

Virtual clinical trial CBCTs were simulated using the Fastcat hybrid Monte Carlo code. Fastcat

uses an angularly independent scatter approximation to speed up the CBCT image simulations in

rotationally symmetric objects. Fastcat simulations consider the physics processes described by the

Topas Penelope physics module as well as the Topas optical module for simulating light transport in

scintillators. Fastcat simulations closely agree with experimental MTF and NPS measurements on

a Truebeam linac for both the Cu-GOS electronic portal imager (EPID) and CsI on-board imager

(OBI) [102]. Fastcat’s full MTF methodology and experimental validation of the MTF calculations

can be found in O’Connell and Bazalova’s previous work [102, 80]. MTF values for the Paxscan

CB4030 and aS1200 detectors agreed within 4.2% and 2.5% of experimental measurements, respec-

tively. All phantom parameters as specified in Fastcat are summarized in table 6.2 and 6.4. To

generate CBCT images, views were acquired at 300, 887, and 493 equally spaced angles between 0◦

and 360◦ for the BCT, kV- and MV-CBCT acquisitions, respectively. Images were reconstructed

using the FDK algorithm [96] with a Ram-Lak filter. All scans were simulated to have noise con-

sistent with a 7 mGy mean dose to the phantom. Doses were calculated in Fastcat. CBCT image

simulations took, on average, 64 to 87 seconds on a Nvidia GeForce RTX 2070 GPU (Nvidia Corp.,

Santa Clara, CA).

CBCT image contrast to noise ratio (CNR) was compared between perovskite and the default

detector using the same ROIs in each image. Contrast was measured against adipose tissue in

reconstructions of the breast phantom and muscle in reconstructions of the head phantom. We

denote the average HU value from this region µbody and the value from the insert µROI . CNR was

measured relative to the same region using the standard deviations σROI and σbody as
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CNR =
µROI − µbody√
σ2
body + σ2

ROI

(6.8)

CNR was bootstrapped to generate a 99% confidence interval.

6.3 Results

6.3.1 Energy deposition efficiency

Mammography

Breast-CT

Breast-CT

KV-CBCT

MV-CBCT

MV-CBCT

MV CBCT

kV CBCT

Breast-CT

Figure 6.2: Plots of the EDE as a function of crystal thickness and photon energy for each detector
material are shown, logarithmic interpolation was used to generate the surfaces shown in this figure
from the discrete energies and thicknesses listed in section 2.1. In the right column the EDE of

perovskite is compared to the other detectors, blue regions indicating superior EDE for perovskite
while red regions indicate regions where perovskite performs poorer as compared to the existing

detector.

The energy deposition efficiency (EDE) as a function of beam energy and detector thickness for

both the perovskite MAPbBr3 material and a variety of other materials is presented in figure 6.2.

The perovskite EDE is also compared individually to current detector materials. The perovskite

material’s high atomic number lead allows for greater EDE than a-Se at all energies and thicknesses,
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with a greater than 60% increase generally above the K-edge of lead and a 20-30% efficiency increase

for low thickness detectors at low energies. As compared to CsI, perovskite EDE is increased for

mammography energies below the K-edges of caesium at 36 keV and iodine at 33 keV while CsI

has 20-30% better EDE in the 30-80 keV range, with 10-20% better efficiency above the K-edges of

thallium and lead at 85 and 88 keV, respectively. CZT has generally higher EDE than perovskite save

in the mammography range below the K-edge of cadmium at 27 keV. GOS is a worse energy absorber

than perovskite for energies below the K-edge of gadolinium at 50 keV. Additionally, perovskite is a

better energy absorber in the range above the lead K-edge of 88 keV to approximately 1 MeV, which

corresponds to the high fluence of an MV x-ray spectrum.

Figure 6.3: The relative DQE results. a) Relative DQE averaged over frequencies up to the Nyquist
frequency of 5 lp/mm for a detector pixel pitch of 100 µm was simulated for the different

experimental setups at a variety of photon incidence angles as a function of detector thickness. b)
The DQE for each of the experimental setups using the average angle of incidence is shown, the

thickness of the maximum relative DQE is shown in red.

6.3.2 Detective quantum efficiency

The DQE as a function of crystal thickness and beam angle of incidence are shown in figure 6.3 a).

As expected according to the work of Que et al. the DQE as a function of thickness was much more

affected by angle at higher energies due to geometric MTF degradation [126]. For the 40 kVp beam

used for the BCT the detector, DQE decreased by less than 5% after the peak DQE but decreased

by a factor of 5 for the MV CBCT at 15 mm thicknesses and an 18 degree angle of incidence. For the

specific machine setups studied (figure 6.3 b)), the optimal DQE thickness for the Koning BCT, and

Truebeam MV and kV CBCT were 0.30, 0.86, and 1.99 mm, respectively. These thicknesses resulted

in improvements in the DQEr seen in figure 6.4.

DQEr was calculated for each of the three imaging systems using the parameters described in
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Figure 6.4: The DQE of the optimal perovskite thickness relative to the default detector for the
three experimental setups.

Varian Truebeam kV-OBI

Skull

Difference

Koning Dedicated Breast CT

Micro-calcification

Differencea) b) c) d)

Figure 6.5: The results of the Koning BCT VCT are shown. a-b) Images of the anthropomorphic
breast phantom using CsI and Perovskite detectors with a microcalcification in the inlay. c) The
difference between CsI and Perovskite CBCTs, blue areas indicating regions where Perovskite has

higher HU values. d) CNR of key breast tissues for both detectors is plotted.

tables 1 and 2 for detector thicknesses of 0.029, 0.1, 0.2, 0.3, 0.5, 1, 2, 5, 10, and 15 mm. DQEr was

then interpolated using radial basis function interpolation to find the crystal thickness corresponding

to the maximum DQEr.
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Varian Truebeam kV-OBI

Skull

Difference

Varian Truebeam MV-CBCT

Silver Filling

Difference

a) b) c) d)

a) b) c) d)

Figure 6.6: The results of the Truebeam kV-CBCT VCT are shown. a-b) Images of the XCAT
phantom’s brain region using CsI and perovskite detectors, respectively, with fine bone features in
the inlay. c) The difference between CsI and perovskite CBCTs, blue areas indicating regions where

perovskite has higher HU values. d) CNR of key head tissues for both CBCTs are plotted.

Varian Truebeam kV-OBI

Skull

Difference

Varian Truebeam MV-CBCT

Silver Filling

Difference

a) b) c) d)

a) b) c) d)

Figure 6.7: The results of the Varian MV-CBCT VCT are shown. a-b) Images of the XCAT
phantom’s mandible region using GOS and Perovskite detectors, respectively, with silver amalgam
fillings in the inlay. c) The difference between GOS and Perovskite CBCTs, blue areas indicating
regions where Perovskite has higher HU values. d) CNR of key head tissues for both CBCTs are

plotted.

6.3.3 Virtual Clinical Trial

Koning Breast CT

In figure 6.5 MC-simulated BCT images of the anthropomorphic breast phantom acquired with the

default CsI detector (0.30 mm thick, 0.194 mm pixel pitch) and a perovskite detector (0.8 mm thick

0.194 mm pixel pitch) are shown. The perovskite detector resulted in a 87% increase in contrast

in the microcalcification of the breast phantom. The contrast to noise ratio (CNR) in inserts of

glandular tissue and bone based showed a 28% decrease and 9.8% increase in CNR, respectively,

demonstrating an improvement in microcalcification detection and DQE using the novel perovskite

detector which can be manufactured at lower cost than CsI.



100

Truebeam kV- and MV-CBCT

VCTs of Varian Truebeam kV- (6.6) and MV-CBCT (6.7) images for 0.336 mm pixel pitch, 0.6 mm

thick CsI and 0.29 mm thick Cu-GOS detectors and 0.86 mm and 1.99 mm thick 0.336 mm pixel

pitch perovskite detectors, respectively, show dramatic image quality improvement for the perovskite

detector in the XCAT head phantom. As shown in figure 6.6 a-b), kV-CBCT spatial resolution in fine

bone features and tissue contrast was improved dramatically using the perovskite direct conversion

detector. At the same time, perovskite detector CNR in brain and skull was increased by 8% and

13%, respectively, as compared to the default CsI detector. In figure 6.7 the high efficiency of the

perovskite detector as compared to the Cu-GOS MV-CBCT resulted in dramatic improvement of

CNR in the XCAT head phantom with silver fillings in two molars. CNR in lung and C4-vertebra

tissues which are commonly imaged when positioning a patient were improved from 0.8 and 1.1 to

10.3 and 12.0, respectively.

6.4 Discussion

In the VCTs, perovskite detectors showed great potential to ameliorate existing CBCT devices. We

show improvements to CNR in a number of tissues. In figure 6.5, a breast calcified lesion that is

poorly defined using a CsI detector, while the increased spatial resolution and CNR of the perovskite

detector led to differentiation of the lesion from the surrounding tissue. This differentiation could lead

to more accurate identification of such anatomical structures in breast cancer screening. Additionally,

there was a 9.8% improvement in bone CNR for the perovskite detector, however, there was also a

decrease in the contrast to noise ratio in glandular tissue. This was likely due to a combination of

the higher spatial resolution and the thinner detector increasing the spatial resolution at the cost of

increased noise as is the general trade-off. To increase the CNR in glandular tissue we recommend

that the detector be made thicker than the 0.3 mm which results in the optimal DQE, for example

up to a 1.1 mm detector would greatly increase CNR and reduce DQE by less than 2%. Likewise,

the improved contrast in the MV-CBCT when perovskite detector is used shows a metal artifact

free image of a human jaw with dental amalgam, an imaging case in which kV-CBCT generally

produces large streaking artifacts covering clinically relevant anatomical features. Additionally, the

MV-CBCT contrast increase for the perovskite detector relative to the default GOS detector could

lead to possible imaging of patients on machines lacking a kV-OBI which is the case for most machines

in low- and middle-income countries.

The EDE results yielded better performance for perovskite than all other detectors tested in the

mammography range of energies (10-40 keV) and only CZT had superior EDE in the MV imaging

energy range (0.5-1.5 MeV). In this work we estimate EDE to be a proxy for DQE(0) or the base

absorption of the detector, assuming that the detectors have similar conversion efficiency between

energy absorbed and readout signal intensity. We assume this equivalence for simplicity as the
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electron hole transport inside direct conversion detectors cannot be simulated easily in MC particle

transport software. The presence of lead in the perovskite material resulted in the highest energy

absorption in the mammography energy range. In the kV energy range, perovskite generally did

not perform as well as other detector materials due to low EDE below the lead K-edge at 88 keV

and poorer Compton absorption due to its relatively low density compared to the other detector

materials. In the 0.5 to 1.5 MeV range which contains the majority of photons for MV imaging,

the photo-electric attenuation of lead, due to its high atomic number led to greater EDE than all

detectors save CZT.

One disadvantage of MAPbBr3 perovskite crystals is the lower density as compared to CZT,

GOS, and a-Se, as can be seen in table 1. When considering the degradation to spatial resolution

incurred due to the detector thickness, a higher density detector is advantageous as photons are

attenuated more quickly in high density materials. The effect of the lower density would not be seen

for mammography and breast CT applications as the x-rays do not travel far in the crystal due to the

high photo-electric attenuation. However, for higher energy kV and MV beams, the more penetrating

beams create geometric MTF degradation. For these cases higher density MAPbI3 crystals would be

advantageous and we estimate these crystals would be equivalent to CZT in terms of EDE in kV and

MV applications, however it is yet to be seen if these crystals can be grown to the same thicknesses as

MAPbBr3 which we can grow to thicknesses of 15 mm in our lab. Another problem encountered with

perovskites is that the lead containing crystals provide risk of toxicity if not encapsulated properly.

Care was taken to model detector physics in this work, however, there remain certain relevant

detector parameters that were not feasible to model in this study. Without a pixelated perovskite

detector we were unable to characterise the electronic noise and conversion efficiency in the detector

and compare it to that of currently available detectors. Additionally, we did not include optimization

of the current GOS and CsI detectors in this manuscript. This was partially based on the assumption

that the crystal thickness was already optimised for their applications by the device manufacturer.

Our goal was to compare this novel perovskite technology to existing detectors used in a clinical set-

ting rather than to hypothetical devices. This does leave the possibility that there exist optimizations

possible for CsI and GOS detectors to achieve similar DQEr values given additional optimization.

Replacing the traditional GOS EPID with a novel-perovskite detector resulted in an improvement

in DQEr of 86.11%. This large improvement is due to a number of factors: GOS absorbs its own

photon emissions, a property that limits the thickness of the GOS crystal. Likewise, GOS is a turbid

phosphor, necessitating thin crystals to produce sharp images. The optimal GOS crystal thickness

for the TrueBeam EPID scintillator is therefore a relatively thin 0.29 mm. Conversely, GOS is a

convenient EPID material due to its radiation hardness that can withstand the therapeutic doses

delivered routinely during linac quality assurance. It remains to be seen whether perovskite materials

can provide sufficient radiation hardness for this application.

To allow for efficient optimization of crystal thickness, DQEr was used as an optimization metric.
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While the use of a summary statistic such as DQEr does not take into account the spatial information

of the DQE, DQEr is less noisy and contains more information than common metrics such as DQE10

or DQE50. An obvious limitation of the DQEr is that DQE at some spatial frequencies may be more

important than others in some applications. For example, in breast microcalcification detection, high

frequency DQE could be prioritised over low frequency DQE.

While detectors with pixel sizes less than 100 µm are used in medical imaging applications, the

pixel size of the detectors discussed in this work was limited to 100 µm, as pixel pitch of less than

100 µm is uncommon in the CBCT applications discussed. In the case of the TrueBeam OBI, even

the 194 µm pixels are regularly 2×2 binned to 388 µm during CBCT acquisition to decrease detector

noise and speed up image reconstruction algorithms. From a manufacturing point of view, direct

conversion detectors like perovskite materials can be manufactured with smaller pixel pitches than

indirect conversion detectors and their application in fields like mammography will be a topic of

future work.

A constraint on perovskite crystal thickness due geometric MTF degradation was introduced in

this work. Specifically, in kV imaging, we find optimal detector thickness for perovskite to be 0.86

mm which is only slightly thicker than the 0.6 mm thickness often seen in CsI detectors. Perovskite

detector’s ability to produces high spatial resolution at large crystal thicknesses has a substantial

12.1% benefits to DQE over conventional detectors in Koning BCT and a 9.5% benefit to DQE in

Truebeam kV-CBCT. Perovskite also provides greatly increased DQE in MV-CBCT imaging with a

87% increase over a GOS detector on a Truebeam machine. This could enable MV-CBCT to be used

more routinely in clinical settings. Additionally, to truly maximise the benefit of thick perovskite

detectors, applications such as PET imaging and CT imaging could be targeted; as the detector

elements form a focused arc around the source reducing the distortion from geometric MTF degrada-

tion. Likewise, variable thickness in the detector or piece-wise focusing of the detector elements as in

the work of Star-Lack et al. [17] could result in optimised DQE especially in MV imaging. Since the

focal spot MTF degradation also effects the achievable DQE for these detectors, we also see potential

for smaller focal spot x-ray tubes to be effective in increasing DQE even more than demonstrated

here when used in combination with perovskite detectors especially for BCT.

6.5 Conclusion

Overall, perovskite-based x-ray detectors have high absorption efficiency and great spatial resolu-

tion at low production costs. Here we demonstrate device-specific systematic detector optimisation

combined with a state-of-the-art VCT to present the impact of this technology in common medical

x-ray imaging devices. We conclude that perovskite detectors perform better than current detectors

in breast-CT and kV-CBCT applications, and are far superior to current MV-CBCT detectors in

terms of contrast to noise ratio and detective quantum efficiency. Future work aims implemented

a prototype perovskite flat-panel detector on these specific devices for experimental verification of
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these VCT.
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Chapter 7

SITKA: kV Isocentric Treatment Device

Lung SABR treatments delivered with a gantry-mounted x-ray tube1

7.1 Introduction

Radiotherapy (RT) research often focuses on state-of-the-art methods to provide small improvements

in the treatment of cancer patients in high-income countries, while less focus is put on providing

low-cost treatments suitable for the majority of people in the world who have little or no access

to radiotherapy. According to a study conducted by Abdel-Wahab et al., optimal access to linear

accelerators in low- and middle- income countries (LMICs) could save a million lives annually by

2035 [132]. Additionally, the conventional model of highly centralized radiotherapy networks, even in

developed countries like Canada, Australia, and the UK, has reduced access to care and utilization

rates due to the geographically dispersed patient populations, which makes the distance from a

treatment center a crucial factor [133, 134, 135]. Thus, there is a potential requirement for more

economical external beam radiation therapy systems in cancer care worldwide. One solution to this

issue could be the implementation of lower energy kilovoltage x-ray technology, which is relatively

inexpensive and requires less shielding and infrastructure.

Grid therapy was one of the earliest attempts to use kilovoltage photons for non-superficial lesion

treatment in the early 1900s [136]. This method involved passing the primary photon beam through

a metal ”grid” to create an array of parallel small photon beams. The purpose was to fractionate the

radiation delivery spatially, thereby reducing skin complications. In recent years, various research

groups have explored the potential of using kilovoltage photons to treat deep-seated lesions. For

example, Loughery et al. aimed to develop and assess the feasibility of a compact kilovoltage intensity

modulated radiotherapy platform for contrast-enhanced radiotherapy, which was found to be clinically

feasible in both simulation and measurement [137]. Rose et al. used a modified CT scanner to treat

brain metastases and reported a reduction in metastasis size while maintaining safe healthy brain

doses [52]. Prionas et al. demonstrated the feasibility of using a dedicated breast CT scanner for the

1This work is under review in Radiation and Oncology



105

treatment of breast lesions [138], while Abbas et al. used a polycapillary optical cable to produce

converging kilovoltage x rays with a focal spot size of 0.2 mm, resulting in a broadening of the

entrance dose and resulting in a skin-sparing effect [139]. Likewise, Breitkreutz et al. developed a

Monte Carlo (MC) model of a simple isocentric treatment kilovoltage arc therapy (kVAT) system

that utilizes a customized collimator to produce a linear array of converging beamlets for treating

deep-seated lesions with minimal damage to skin and organs at risk (OARs) [51, 140].

As we look at opportunities to introduce kV photon beams as a treatment modality for deep

malignant lesions in geographic regions where radiotherapy is currently unavailable, one of the main

challenges is that there is a lack of necessary tools and equipment for planning the treatment, such

as computed tomography (CT) scanners and non-coplanar planning algorithms. The growing use

of machine learning in combination with novel non-coplanar treatment planning strategies has the

potential to address these issues.

Adaptive radiotherapy techniques often focus on using machine-learning augmented cone-beam

CT (CBCT) to plan treatments [141]. By using the same advanced techniques and treatment plan-

ning tools, adaptive radiotherapy workflows can be repurposed to plan treatments in places without

access to planning CTs, which is one of the obstacles to the implementation of low-cost radiotherapy.

Various methods have been utilized to increase the use of CBCT images in RT, including model-

based [142, 143, 86] and deep learning-based techniques [63, 64]. While some methods aim to correct

specific types of CBCT artifacts such as beam hardening or cupping, a recent approach using deep

learning methods generates higher-quality synthetic CT (sCT) directly from CBCT images. Dahiya

et al. utilize a supervised image-to-image translation technique based on conditional generative ad-

versarial networks (cGANs) to translate CBCT images to sCT images while also performing OAR seg-

mentation driven by a novel physics-based artifact/noise-induction data augmentation pipeline [65].

The use of such algorithms has the potential to remove the necessity of a standalone planning CT

from the radiotherapy workflow, lowering radiotherapy costs and thus be more accessible to LMICs.

Another large issue that arises when planning kV treatments is that the equispaced coplanar

angles and trajectories used in clinical intensity modulated radiotherapy (IMRT) and volumetric

modulated arc therapy (VMAT) plans, when used with kV beams, have exceptionally high skin dose.

We address this issue by adopting more intelligent angle sampling schemes in non-coplanar directions.

Some non-coplanar treatment planning algorithms have been developed for MV radiotherapy such

as the station parameter optimized radiation therapy (SPORT) suite of algorithms. This includes

segmentally boosted VMAT, dense angularly sampled and sparse intensity- modulated (DASSIM)

radiation therapy, and an algorithm for fully automated Pareto optimal and clinically acceptable

treatment planning [144, 145, 146]. In the work of Huang et al., the non-coplanar Pareto optimal

projection search (NC-POPS) algorithm is proposed for fully automated non-coplanar treatment

planning to address these limitations [147]. However, to properly plan a kV isocentric treatment at

depth, care must be taken to ensure adequate dose is delivered to the tumour as the source output
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is low compared to that of a linac and the dose calculation methods must be adapted to a kV beam

which delivers dose more heterogeneously due to greater photoelectric interaction. Thus, a novel,

dose-aware, non-coplanar beam optimizer is developed in this work specifically for kV planning.

In our work, we explored novel design parameters for a treatment system using a kV x-ray tube

and an articulating, 4-geometry capable, low-cost gantry. This system leverages the decreased cost

of a kV x-ray tube compared to the cost of an MV linac. Such a system could cost an-order-of-

magnitude less than an MV system, with low operating costs, few specialised components, and low

shielding requirements. The simplified isocentric kilovoltage arc (SITKA) treatment machine would

avoid the estimated $5M USD price of a new linac and $1.5M USD additional cost of constructing

the 2-metre thick cement bunker needed for safe operation of a linac [49].

7.2 Methods and Materials

7.2.1 System Overview

The SITKA machine design simulated in this study, shown in Figure 7.1, incorporated a commercially

available, 14 mA, 320 kVp x-ray tube and an articulating, 4-π geometry capable, low-cost gantry

with a source-axis distance (SAD) of 40 cm. Mounted on a C-arm opposite the source is a CsI kV flat

panel detector, which provided cone-beam CT (CBCT) imaging. The machine is positioned such that

the machine isocenter aligns with the center of mass of the patients planning target volume (PTV)

aligns with the isocenter. A deep learning CBCT to sCT method is employed to provide planning

sCT. Machine learning OAR autosegmentation was used in combination with PTV contours drawn by

remote radiation oncologists. A novel inverse treatment planning approach was employed, which used

GPU backprojection to create a highly non-coplanar treatment plan with circular beams generated

by an iris collimator. MC methods were used to evaluate different aspects of this machine, e.g., to

test the treatment efficacy of the device and workflow, and to check compliance of two lung cancer

patient plans against the Radiation Therapy Oncology Group (RTOG) 0813 protocols [79] for lung

stereotactic ablative radiotherapy (SABR) treatments with a prescribed dose of 50 Gy. An overview

of the system specification are shown in Table 7.1.

Two patients with lung cancer were treated with stereotactic ablative radiotherapy (SABR) using

VMAT on a 6MV Truebeam linear accelerator. The patient’s planning CT images, treatment plans

were anonymized and used to create SITKA plans. No specific selection criteria were used for the

patients in the study other than that they were suitable cases for lung SABR. CT data was composed

of 512×512×163 voxels with dimensions of 0.977×0.977×2.00 mm. Patient 1’s PTV was 49.5 cc

located in the right lung while patient 2’s PTV was 27.7 cc PTV located in the left lung.
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Table 7.1: Design specifications of the SITKA system.

Peak tube voltage [kVp] 320
Tube current at peak voltage [mA] 14
Focal spot size [mm] 3.0
Anode angle [deg] 20
Beam Filtration [Al-Sn-Cu] [mm] [1.5-0.75-0.25]
Detector pixel pitch [mm] 0.194
Detector pixels [x-y] [2,048-1,536]
Detector size [x-y] [cm] [40.64-30.48]
Dose rate at 10 cm depth, 3 cm circular field size, 40 cm SAD [Gy/min] 0.6
Air kerma rates SSD 30 cm [mGy/s] 35
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Figure 7.1: Schematic of the SITKA machine. A sagittal and axial view of a patient on the treatment
couch is shown.

7.2.2 Synthetic CT Generation

The treatment planning optimization used a modification of Dahiya et al.’s sCT and auto-contouring

generative machine learning models [65]. The machine learning model of Dahiya et al. was used to

generate synthetic CT data from the CBCT data. The model was trained on the 95 locally advanced

non-small cell lung cancer patients treated via intensity-modulated RT and concurrent chemotherapy,

the same training as described in Dahiya et al. Due to memory limitations on most commercial GPUs,

only 128 voxel cubes could be converted from CBCT to sCT. Therefore, a novel low-high-resolution

stitching method was developed to convert the large patient volumes in this study. To achieve this,

original dimension (high-resolution) data, down-sampled (low-resolution) data, and a normalization

method were used to ensure consistent model outputs and avoid stitching artifacts.

First, overlapping low-resolution images were stitched together, with images cropped to a volume

of interest of 256×400×128. This resulting image was downsampled by half in the x and y directions

to create an image of 128×200×128. A uniform kernel with strides of 10 voxels in the y direction was

used to create images for stitching, and these images were saved and used as input for the model.

The output of the model was normalized by ensuring that the overlap between consecutive windows

had the same mean and standard deviation. The mean of all outputs for a given region of the images

was taken to yield a low-resolution image.
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Second, images were stitched together at the CBCT image resolution. Again, the volume of

interest was cropped to 256×400×128, and a uniform kernel with strides of 16 in the x and y

directions was used to create images for stitching. The images were stitched by matching the mean

and standard deviation of each high-resolution image to the same region of the low-resolution image.

This resulted in a high-resolution 512×512×128 image.

7.2.3 Non-coplanar Treatment Planning

RO Contouring

PTV Dose 
by Angle

Beam Angle 
Selection

PTV 
Backprojection

OAR Dose 
by Angle

Additional 
Collimation

MC Dose Calc.

Cost by Angle

Underdosed 
PTV Regions

DVH Dose 
Weighting

Treatment 
Plan

CBCT 
Acquisition

CBCT 
Autocontouring

CBCT → CT

Delivery

Figure 7.2: Overview of the treatment planning workflow starting with a CBCT acquisition and
ending in beam delivery.

A high-speed GPU-based non-coplanar treatment planning algorithm, described in Figure 7.2

was employed to generate optimized SITKA treatment plans. Firstly, the tumor volume was con-

verted into a point cloud and then fitted with a Gaussian mixture model (GMM) to determine the

isocenter and dimensions of the treatment beam circular collimation. Since there are many possible

arrangements of multiple fields in a tumour, the GMM finds the optimal position probabilistically

for a given number of isocenters and defines the collimation at each isocenter, in this way automating

the process of isocenter selection. In order to measure the radiation dose accurately in the tumor and

OARs, the CT volume was adjusted from 100 kVp attenuation coefficients to 320 kVp attenuation

coefficients using the Fastcat Python package [80]. A fifth-order polynomial curve was then generated

from the reconstructed image values, which allowed the original 100 kVp CT’s attenuation values to

be converted to the 320 kVp attenuation values relevant for treatment beam dose calculations.



110

This conversion step could be done through material assignment in the sCT and assignment of

an orthovoltage attenuation coefficient based on the material. In this case fastcat proved an elegant

method for conversion as the attenuation coefficient for a given material according to the spectrum

of the different polyenergetic beams is not easy to calculate. With the benefit being that once the

calibration curve is created in fastcat, it can be reused without recalculation.

Next, attenuation through the modified CT volume was ray-traced using the TIGRE Python

package [95] at equally spaced angles around a sphere centered at the isocenter. For each beam the

attenuation before the tumour, in the tumour, as well as in OARs was calculated for 256x256 equally

spaced rays originating in the source and ending in the plane of the tumour over a region 1.1 times

the maximum projected size of the tumour. Three thousand angles were calculated using the method

described in Appendix A, angles that entered on the boundary of the CT volume rejected. A 320 kVp

x-ray beam was then ray-traced through in both the tumor and the OARs to determine the beam

attenuation, using cylindrical collimation determined from the GMM dimensions. To obtain the dose

in the tumor, the attenuation was divided by the relative electron density, which was acquired using

the HU to relative electron density conversion tables of Bazalova-Carter et al. [148].

Angles were then selected based on a cost function that rewarded dose in the tumor and penalized

dose in each OAR according to an individual weight. An initial cost is associated with each of the

beams and the n beam with the lowest cost (n selected by user) are used in the further optimization.

These beam angles were further weighted by the inverse of their dose to the tumor to produce uniform

dose in the PTV from all angles. However, to spread out the skin dose, a minimum weighting of one

third was given to the highest dose angles. The weighting was determined as follows

Wi = 1− 2Di

3Dmax

(7.1)

Where Wi is the weighting for beam i, Di is the dose estimate for beam i and Dmax is the

maximum dose estimate.

The selected beam angles were then used to backproject and reconstruct doses using the FDK

algorithm [96], providing an initial estimate of radiation dose in the PTV. Subsequently, areas that

received insufficient dose were identified in the reconstruction. To rectify these underdosed areas,

extra GMMs were fitted. Additional projection images are then generated with new collimation

settings and isocenter positions derived from the GMM representing the underdosed region. Col-

limation adjustments aimed at delivering extra dose to these regions were computed based on the

boundary shapes of each region in each projection image. The additional projected images through

each underdosed region were added to the original projected images with a preliminary weighting of

Wr

Wr =
µPTV − µr

µPTV

(7.2)
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where µPTV is the mean of the PTV and µr is the mean of the region. This process was continued

iteratively until the plan was deemed to be sufficiently conformal in the back projection by the

treatment planner.

On a Linux workstation equipped with an Nvidia RTX 2070 GPU, treatment plans were completed

in 28 and 26 seconds, for the patient 1 and 2, respectively. Patients 1 and 2 required 6 and 5 iterations,

respectively, to achieve sufficient PTV uniformity.

7.2.4 Monte Carlo Dose Calculations

The dose calculations on the planning CT images were subsequently performed using the TOPAS

MC [69] code. A total of 2 × 109 total particles were simulated for each collimation iteration

recommended by the backprojection-based dose calculation algorithm, using the angles, weightings,

and collimation provided by the treatment planning algorithm. This amounted to 6 and 5 times 2

× 109 particles for the first and second patient, respectively. The kV Fastcat simulation utilized an

analytical x-ray source generated in Spekpy with an anode angle of 20◦ and a tube voltage of 320 kVp.

The source was subject to additional analytical filtration of 1.5 mm aluminum, 0.75 mm tin, and 0.25

mm copper. The simulations used the Geant4 Penelope physics list with a particle range cutoff of

0.5 mm and were run on a Linux desktop computer equipped with 8 Intel Skylake CPUs, no variance

reduction techniques were used. One isocenter position took four hours to simulate over all of the

selected treatment beams. Dose was scored in the CT volume and compared to the doses calculated

in the Eclipse treatment planning system for the VMAT plans for each patient, respectively.

Each patient was converted from HU values to materials using the method of Schneider et al. [74]

using the default settings in Topas for this method. All materials were defined using cross section

from the NIST database.

7.2.5 Collimation Setting Weighting

In order to ensure proper coverage of the PTV and conformality to the prescribed dose, as outlined

in RTOG 0813 section 6.4 (as reproduced in table 1), a novel cost function was developed to weight

MC for each collimation setting. To reduce noise in the MC dose distributions for each collimation

setting, a Gaussian filter with a standard deviation of 0.6 was applied. The initial cost function was

based on the coefficient of variation, which is a measure of the standard deviation relative to the

mean of the PTV.

DPTV = ΣixiDPTV,i (7.3)

CVPTV =
σDPTV

µDPTV

(7.4)
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where xi are the weights for each collimation setting, DPTV,i is the part of the dose distribution

inside the PTV for each collimation setting, andDPTV is the weighted dose distribution. The parame-

ters σDPTV
and µDPTV

represent the mean and standard deviation of the dose in the weighted PTV, re-

spectively. This metric was selected because its minimization corresponds to achieving homogeneous

coverage of the PTV. To minimize the cost, a limited-memory Broyden–Fletcher–Goldfarb–Shanno

(L-BFGS) algorithm was utilized in Python, with initial weights set at 1 and bounds between 0.5 and

10 inclusive. These initial weights were then employed as the basis for an additional cost function

centered around the RTOG 0813 constraints. Specifically, according to RTOG 0813, 90% of the pre-

scribed dose must be delivered to 99% of the PTV volume, while 95% of the prescribed dose must be

administered to 100% of the PTV. To ensure that the isodose surface selected satisfied these criteria,

the dose (D) was scaled such that neither of the criteria were violated:

Ds = min{percentile(DPTV , 5),
1

0.9
percentile(DPTV , 1)} (7.5)

D′ = 50Gy
D

Ds

(7.6)

Where Ds is the dose scaling factor, 50 Gy is the prescribed dose, and D′ is the scaled dose.

The next step involved maximizing dose conformity by minimizing the number of voxels above

the prescription dose in the region 2 cm outside the PTV, which is referred to as the ”z ring”. This

was achieved by using Powell’s method [149] to generate an isodose surface that conforms to the PTV

and meets the prescribed dose criteria. The cost function for this optimization process was defined

as follows:

Dhigh = percentile(DPTV , 95) (7.7)

Cost = Σ[Dzring ∪DPTV ] > 50 Gy + Σ[Dzring ∪DPTV ] > Dhigh (7.8)

An additional term was incorporated to penalize the voxels outside the PTV that exceeded the

95th percentile of the PTV dose (Dhigh). This was deemed necessary to address cases where bony

structures surrounding the PTV received high doses from the 320 kVp x-ray beam.

7.2.6 Treatment Time Calculation

In order to calculate the treatment time for the SITKA machine the x-ray tube model was simulated

with the BEAMnrc package of EGSnrc [150]. The x-ray tube was modelled after a commercially

available Comet x-ray tube. The x-ray anode, a tungsten block at an angle of 20◦, received incident

fluence of a 320 keV, 3 mm electron beam. Below the anode was the beam filtration of 4 modules

made of 0.8 mm beryllium for the exit window and 1.5, 0.75, and 0.25 mm of aluminum, tin, and
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copper filtration, respectively. The beam was then collimated to a diameter of 3 cm at isocenter

through a 2 mm thick circular lead collimator and a phase space was captured at the SAD of 40

cm. The conversion factor between the number of original electrons to the number of photons in the

phase space, combined with the absolute dose calculated in Topas for a given treatment was used to

calculate the treatment time needed to deliver one 10 Gy fraction from the 14 mA, 320 kVp x-ray

tube.

7.3 Results and Discussion

7.3.1 Synthetic CT Generation

The sCT generation and auto-contouring (Figure 7.3) simultaneously lessened artifacts, improved

contrast, and corrected CT numbers of the CBCT data, providing a step toward CBCT-based treat-

ment planning. Pronounced CBCT motion artifacts that can be seen in the heart and diaphragm

of Figure 7.3 a) were removed in the sCT allowing accurate dose calculation in these regions. Ad-

ditionally, in Figure 7.3 b) the autocontouring correctly identifies the OARs in the volume, while

Figure 7.3 c) shows the correction of the HU values from CBCT to sCT, a property essential for

CBCT-based treatment planning and Figure 7.4 shows a profile through the planning CT and sCT,

respectively. Although it is important to acknowledge that planning CTs may still contain motion

and movement artifacts, they are conventionally preferred over CBCT for planning purposes due to

their reduced motion artifact occurrence and greater tissue contrast. While this approach helps to

minimize artifacts in CBCT scans, it is recognized that certain artifacts may still persist despite

these efforts due to the fundamentals of CT acquisition.

Although the workflow in Figure 7.2 shows planning based on sCT, CT images instead were chosen

for the dose calculation in this work to enable direct comparison to the VMAT plan. This approach

was taken as DVH calculations based on the sCT would still contain artifacts from motion and

the imperfect registration process that would introduce uncertainty in the results. Moving forward

with the prototype machine, planning with the sCT images will need to be evaluated directly using

dosimetry in phantoms.

7.3.2 Non-coplanar Treatment Planning

The novel treatment planning algorithm executed quickly to produce highly non-coplanar treatment

plans, which avoided OARs, maximized tumour dose and only took 28 and 26 seconds to complete

on an RTX 2070 GPU, for the two plans respectively. Optimal angles were seen to be two opposing

bands of helical angles in both lung patients (Appendix A) which curve with the shape of the spine

while avoiding the trachea, esophagus, and bronchial tree.

This optimization method resulted in 1204 beam positions for the first patient and 1020 beam

positions were simulated in MC for the dose calculation each with a unique gantry angle and beam
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Figure 7.3: a) A planning CT is compared to a registered CBCT and the stitched, full-volume sCT.
b) The auto-contouring capability of the model is demonstrated. c) The conversion from CBCT HU
values to sCT HU values is seen.

weighting. Each beam position had a unique collimation setting to spare normal tissue. More

information on the beam weighting can be found in Appendix A.

7.3.3 Treatment Plan evaluation

SITKA treatment plans, shown in Figure 7.5 showed conformal dose distributions and on average

6.7 and 4.9 Gy reduction of the maximum dose in soft tissue OARs for patients 1 and 2 respectively.

This was accompanied by a small increase in mean dose of 0.17 and 0.30 Gy in soft tissue OARs

for patients 1 and 2, respectively. This is reflected in the SITKA plan DVHs (Figure 7.6, Table 7.2)

which showed an increase in the lower dose volume in most OARs, but a reduction of the maximum

dose to the aorta, spinal cord, and esophagus due to the use of non-coplanar beams. A larger increase

to mean rib dose (4.2 and 2.1 Gy, respectively) as compared to soft-tissue dose was observed due to

the high photoelectric absorption of the 320 kVp beam in bone. However, the absolute mean doses to

ribs were still modest at 9.15 and 4.5 Gy for the SITKA plans. The SITKA dose falloff according to

the 50% and 20% isodose lines (Figure 7.5) were of similar conformality to the VMAT plan. Overall,

the plan was deemed acceptable for clinical use by a radiation oncologist.
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Table 7.2: RTOG 0813 table

Structure
RTOG 0813 Limit [Gy]

Patient 1
Dmean-Dmax [Gy]

Patient 2
Dmean-Dmax [Gy]

Dose [Gy] Volume SITKA VMAT SITKA VMAT
Cord 13.5 (<0.5 cc) 2.26-8.38 1.60-11.8 1.92-11.6 1.71-16.3
Trachea 18 (<4 cc) 4.21-11.4 5.45-15.2 5.11-9.02 4.83-15.5
Heart 32 (<15 cc) 2.56-8.49 3.66-18.9 0.64-3.23 0.07-0.38
Aorta 47 (<10 cc) 4.49-22.6 3.11-25.2 1.73-7.87 2.07-16.5
Esophagus 27.5 (<5 cc) 3.51-8.11 3.36-13.1 2.82-9.34 2.56-16.2
Ribs N/A N/A 9.15-58.6 4.94-56.6 4.47-53.1 2.22-49.3
Skin 30 Gy (<10 cc) 3.21-16.21 2.00-21.2 2.16-16.6 1.40-22.7
PTV 50 (Prescribed) 59.2.0-70.1 58.2-63.8 54.3-60.3 58.1-62.3

Criteria
RTOG 0813 Limit Patient 1 Patient 2
Patient 1 Patient 2 SITKA VMAT SITKA VMAT

Ratio of prescription
isodose volume to
PTV volume, (R100%)

<1.2 <1.2
1.16
(PASS)

1.02
(PASS)

1.16
(PASS)

1.05
(PASS)

Ratio of 50%
prescription isodose
volume to PTV volume
(R50%)

<4.0 <4.4
3.99
(PASS)

3.74
(PASS)

4.24
(PASS)

4.11
(PASS)

Maximum dose at 2
cm from PTV in any
direction (D2cm)

<31.5 Gy <28 Gy
25.74
(PASS)

25.55
(PASS)

27.34
(PASS)

25.38
(PASS)

Percent of lung
receiving 20 Gy
or more V20 (%)

<10% <10%
7.06
(PASS)

6.32
(PASS)

3.52
(PASS)

3.37
(PASS)

Table 7.3: Treatment times for different dose regimes

Cumulative Dose [Gy] Fractions Dose per Fraction [cGy]
Treatment time per Fraction
[min:sec]
Patient 1 Patient 2

60
5 1200 26:42 32:54
8 750 16:41 20:56
30 200 4:27 5:29

50
5 1000 22:15 27:25
8 625 13:54 17:08
25 200 4:27 5:29

48
4 1200 26:42 32:54
8 600 13:21 6:27
30 200 4:27 5:29
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Figure 7.4: A profile through the lungs of the sCT and CT

Regarding RTOG 0813, both treatment plans met the dosimetric constraints for the PTV and

the OARs without any violations (refer to Table 7.2). The most demanding constraints in both

plans were achieving the ratio of 100% and 50% of the prescription isodose volume to the PTV

volume (R100% and R50%, respectively). This was challenging due to the Iris collimator’s inability

to provide arbitrary beam shapes, unlike the higher cost, multi-leaf collimator (MLC). With the

limitation of using only cylindrical collimation produced by shifting a circular beam shape, SITKA

isodose surfaces were characterized as more spherical than the arbitrary shapes provided by the

MLC equipped VMAT plan. Consequently, these more spherical SITKA isodose surfaces provided

less conformal coverage of the PTV than the VMAT surfaces. This was particularly evident in patient

1, where more homogenous PTV DVHs tended to include the rib bones in the prescription isodose and

violate the R50% constraint, as discussed in Appendix B, forcing the PTV DVH to be inhomogenous

as seen in Figure 7.6. The non-coplanar method used differs significantly from previous methods

such as the SPORT suite or DASSIM method. This was done as the device dose rate and beam

constraints (high bone absorption) are different from those stipulated for MV beams.

To meet the R100% and R50% constraints in both plans, the dose allowances of 99% of the PTV

volume receiving only 90% of the dose and 100% of the PTV receiving only 95% of the prescribed

dose were used to compensate for areas of the PTV with irregular shapes that were challenging to

cover with a spherical prescription isodose volume. It is important to note that the areas receiving
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Figure 7.5: Lung dose distributions for bose patients are shown for a lung SABR patient using
either SITKA or VMAT treatments, the PTV is denoted as the red dotted line, 100, 50, and 20%
prescription isodose lines are shown in red, green, and blue.

less than 100% of the prescribed dose in the SITKA plan were strictly in the PTV margin and not

in the gross tumor volume (GTV).

The machine specifications of the simulated device are unique and do not correspond to any

existing radiotherapy device. However, it is worth noting that a device with similar specifications

is currently being constructed by Sirius Medicine LLC (Halfmoon Bay, CA). Furthermore, all the

design parameters used in this study are based on commercially available components. Some modifi-

cations have been made to the device specifications in order to maintain the confidentiality of Sirius

Medicine’s designs.

Additionally, while a prototype machine is under development, it is important to note that many

of the design parameters have not yet been finalised. In order to assess the feasibility and potential of

the device, this simulation study was conducted. During this study, various design parameters such as

beam filtration, kVp, and detector model were set as proof of concept to showcase the attainable dose

distributions. However, these parameters do not necessarily reflect the actual design characteristics of

the prototype. They were selected solely for the purpose of demonstrating the potential capabilities

of the device. Finalising the design parameters will require further research, rigorous testing, and

expert analysis to ensure the device meets all necessary standards and safety requirements.
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a) b)

Figure 7.6: DVH curves computed for the SITKA and VMAT plans. are shown for both patient 1
(a) and patient 2 (b).

Lung patients were used in this study as the cancer has high prevalence in LMICs and in previous

studies [140] it was shown to be a suitable site for treatment. Although there are other sites that

have higher prevalence in LMICs, many of them, such as ovarian and head and neck cancers, prove

hard to treat with non-coplanar beams due to the many organs at risk involved.

This conversion step could be done through material assignment in the sCT and assignment of

an orthovoltage attenuation coefficient based on the material. In this case fastcat proved an elegant

method for conversion as the attenuation coefficient for a given material according to the spectrum

of the different polyenergetic beams is not easy to calculate. With the benefit being that once the

calibration curve is created in fastcat, it can be reused without recalculation.

7.3.4 Limitations

A more sophisticated approach to treatment planning, involving optimized beam weighting by angle

and beamlet-based inverse dose calculations, has the potential to create SITKA radiation treatment

plans of greater conformality and target homogeneity than those discussed herein. Due to the fact

that constraints on maximum and mean doses were well below RTOG 0813 limits in SITKA OARs

we can see some latitude for such an optimization strategy to improve tumor doses conformity while

still being in compliance with RTOG dose limits. This study employed MC treatment planning,

recognized as the standard of excellence for dose calculations, as a step in the optimization in the

absence of established, open-source analytical treatment planning tools. However, a key drawback

of MC treatment planning is its speed, as demonstrated by the fact that a single simulation in this

case took 8 hours to complete using 8 Intel Broadwell cores. Additionally, the backprojection-based
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algorithm employed in this study was inadequate in accounting for the inhomogeneities present in

the lung, which is challenging to simulate through simple ray tracing techniques. Further work seeks

to employ analytical inverse treatment planning, using beamlet methods or GPU MC techniques, to

enable more sophisticated beam weighting.

Additional cost functions were chosen due to their direct relevance to DVHs, a crucial aspect for

complying with RTOG guidelines. While the same approach could have been applied to the first

cost function, the extensive parameters (hundreds of beams) would have hindered convergence of

the optimization function. Additionally, the initial costs stem from swift 2D raytracing, while the

subsequent cost functions derive from volumetric data. In summary, the first function minimizes

variables, while the second produces an optimal dose distribution. Ideally, a rapid dose calculation

algorithm with per-beam dose distribution would be ideal, but lacking this, MC-based calculation for

each beam was too slow. Despite the complexity posed by numerous cost functions, this approach

was necessary for satisfying DVH constraints in RTOG 0813. Future work should aim to streamline

this process by consolidating cost functions.

An SAD of 40 cm is used in this study to increase the dose rate of the x-ray tube, however, this

generates an increased risk of collision. While all source positions in this study were well away from

the patient the exact dimensions of the treatment head including shielding are not known. During the

development and testing stages of the device, extensive simulations and physical measurements will

be conducted to assess and optimize the clearance around the patient so as to remove the possibility

of collision. The goal is to provide adequate space while maintaining the necessary precision and

accuracy required for effective radiotherapy treatments. Safety protocols and guidelines will be

followed to ensure that patient collision issues are mitigated and that the treatment environment is

optimized for patient comfort and safety.

One challenge associated with the extended duration of SITKA treatments is the need for pa-

tient immobilisation over an extended period. However, given that detector material employed has

radioresistance properties to withstand treatment doses, the SITKA system offers the possibility

of mid-treatment imaging, leveraging the suitability of the kilovoltage beam for imaging purposes.

By incorporating mid-treatment imaging, it becomes feasible to verify and maintain accurate tar-

get positioning throughout the prolonged SITKA treatment sessions, thereby enhancing treatment

precision.

The SITKA treatments for patients 1 and 2 were observed to have an estimated duration of 22

minutes and 15 seconds, and 27 minutes and 25 seconds, respectively, for each 10 Gy fraction based

on the BEAMnrc models. While not as fast as conventional radiotherapy, this study aimed to show

that adequate treatment plans could be achieved using a simple gantry mounted x-ray tube setup.

It is important to note that the parameters employed in this work, such as beam weighting and

beam filtration, included some trade-offs that reduced the treatment dose rates. To increase the dose

rates, one may replace the inverse dose weighting approach used in this study, which assigned lower
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weights to high dose beam angles, with a more sophisticated beamlet inverse planning technique that

could perhaps yield both conformal PTVs and high dose rates. A complete set of treatment times

for different dose regimes can be seen in Table 7.3.

In the context of lung stereotactic ablative radiotherapy (SABR) treatments using a medical linear

accelerator, the typical beam on time with a flattening filter is generally less than 4 minutes, while

without the flattening filter it is approximately half that time for a 6 MV beam [151]. These treatment

durations are associated with maximum dose rates of 4.0 Gy/min and 9.0 Gy/min, respectively, at a

depth of 10 cm [151]. In contrast, the SITKA system has a maximum dose rate of 0.6 Gy/min at 10

cm depth, indicating longer treatment times. However, when comparing treatment times, it is worth

noting that the SABR treatments using a medical linear accelerator still demonstrate more favourable

durations than the cyberknife system, which typically requires between 60-90 minutes to treat a lung

SABR patient [152]. Given this comparison, it would be valuable to explore additional techniques for

increasing the dose rate on the SITKA system. This could potentially involve incorporating additional

sources mounted on the gantry or utilising higher powered x-ray tubes to enhance treatment efficiency.

However, a conventional fraction of 2 Gy could be delivered by the SITKA system in 5 minutes.

So, while the stringent dosimetric criteria for lung SABR have been followed here, as the fewer patient

visits and commonality of lung lesions in LMICs make it an impactful treatment in the LMIC setting,

the machine could also be used for more conventional treatments.

Additionally, the beam utilized in this study was hard for a kV beam, having been filtered by

0.75 mm tin. Employing a beam with less filtration would increase the dose rate while likely still

maintaining the skin dose within the prescribed RTOG 0813 limit, as neither patient’s skin dose was

near the limit. In addition, higher current x-ray tubes are available than the 14 mA model employed

in this study, which could further reduce the treatment times.

Overall, we present a straightforward design that can effectively deliver targeted doses to lung

lesions while ensuring sufficient avoidance of OARs. The focus of our future work will be to build

and characterize a prototype SITKA system for the delivery of veterinary treatments.

7.3.5 Further Treatments

The focus of this study has been on lung lesions in close proximity to the chest wall, which present

challenges for kilovoltage treatments. Achieving uniform dose distributions becomes difficult due to

tissue heterogeneity within the planning target volume (PTV), and the proximity of the tumour to

the skin leads to the formation of hotspots near the skin in the dose distribution. Moreover, the

presence of rib bones, which readily absorb kilovoltage dose, poses challenges in lung treatment.

However, the small size of the PTVs proves advantageous for kilovoltage treatments. Iris col-

limation and the short source-to-axis distance (SAD) of 40 cm are well-suited for treating smaller

volumes. It should be noted that the current envisioned SITKA system is unlikely to be suitable

for treating large irregular tumours due to the long treatment times required. Additionally, obese
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patients pose challenges due to the limited penetration of the kilovoltage beam.

Prostate patients may be suitable candidates for treatment using the SITKA system, given the

central location of the tumour, which reduces the possibility of collision. However, it remains to

be determined whether the non-coplanar planning can effectively accommodate constraints on all

the OARs in that region. Breast cancer treatment would likely be feasible, as previous studies have

demonstrated successful plans using kilovoltage beams [153]. Brain lesions are also expected to be

amenable to treatment, considering the reasonable tissue depth and minimal risk of collision. The

main drawback in brain treatments would be the absorption of kilovoltage dose by the bony skull,

resulting in hotspots.

In summary, while lung lesions adjacent to the chest wall present challenges for kilovoltage treat-

ments, the small PTV size and suitability for certain tumour sites like the prostate, breast, and

brain indicate potential feasibility. However, limitations exist, such as the inability to treat large

irregular tumours, challenges with obese patients, and considerations regarding OAR constraints in

non-coplanar planning for certain treatment sites. Further research is necessary to explore these

aspects and refine the application of low-cost radiotherapy treatment planning in diverse clinical

scenarios.

7.4 Conclusion

The novel, low-cost, SITKA system in combination with adaptive machine learning methods and

novel planning was demonstrated to provide RTOG 0813 compliant lung treatments to meet the

urgent and increasing demand for radiotherapy treatment in LMICs.



122

Chapter 8

Conclusions

The approach undertaken in this PhD may appear unconventional by traditional standards. Taking

a contrarian stance; MV beams have been employed for imaging and kilovoltage beams for treatment.

This has been a deliberate departure from the long-standing convention followed by generations of

physicists, who dedicated significant effort to produce MV beams in order to avoid using kilovoltage

beams for treatment. Likewise, despite the substantial advancements achieved with kilovoltage on-

board imagers in the realm of image guided radiotherapy, we have intentionally overlooked their

remarkable progress.

The objective of this PhD is to reimagine radiotherapy development, retracing its path back 100

years on the treatment side, to an era when kilovoltage was the preferred modality, while simulta-

neously incorporating the advancements made in computation. Consequently, it can be argued that

this PhD work opposes the technical feats of previous generations, a stance that can be justified

in some circumstances. From this perspective, our cancer centers currently house unnecessarily ex-

pensive, burdensome RT machines akin to Ferraris—costly, challenging to maintain, and with many

features unnecessary for the average user. However, perhaps there is an opportunity to introduce a

radiotherapy solution equivalent to a Toyota Corolla: simple, efficient, and equally suitable for urban

Mumbai as to urban America.

This research herein presents advancements towards this alternative radiotherapy solution. It

introduces Fastcat (Chapter 3), a highly efficient CBCT simulator that significantly reduces sim-

ulation time by utilizing pre-calculated MC CBCT scatter and detector response functions. This

technological improvement enables faster and more efficient CBCT simulations for both MV and kV

imaging, while maintaining a high level of accuracy in comparison to measurements and traditional

MC simulations. Furthermore, extensive validation of the Fastcat simulations demonstrates their

ability to accurately reproduce key metrics such as MTF curves, HU values, and CNR, comparable

to conventional MC simulations. Experimental validation against kV and MV CBCT images acquired

with a Varian Truebeam linac further confirms the accuracy and reliability of the Fastcat simulator.

A simulator on which much of the work in this thesis is based on.

The research also focuses on optimizing CBCT image quality by exploring innovative combi-
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nations of kV and MV beams and detector materials (Chapter 5 and 6) in an effort to employ

lower cost imaging methods in radiotherapy. By comparing semiconductor methylammonium lead

bromide perovskite crystals with four common detector materials, the study identifies Koning’s dedi-

cated breast CT and Varian’s Truebeam kV- and MV-cone beam CT systems as suitable applications

for perovskite detectors. Leveraging the system-specific Fastcat hybrid MC cone beam CT image

simulation, the perovskite detector design is refined, resulting in device-specific optimal crystal thick-

nesses. Replacing current detectors with cost-effective perovskite crystal detectors has the potential

to significantly enhance detective quantum efficiency and contrast-to-noise ratio in brain, lung, and

bone tissues.

Likewise, the research introduces the SITKA system (Chapter 7), a low-cost treatment solution

proposed for SABR lung patients in LMICs. The SITKA system incorporates a cost-effective gantry-

mounted x-ray tube and integrates deep learning CBCT to sCT methods, along with a novel inverse

treatment planning approach. This approach enables the generation of effective treatment plans that

adhere to dosimetric criteria while minimizing maximum doses in OARs.

In summary, this research contributes to the ongoing development of CBCT simulation techniques,

image quality optimization, integration of novel detector materials, and the development of a low-cost

treatment machines . These achievements have the potential to improve the efficiency, accuracy, and

accessibility of radiotherapy, with the goal of making an impact on the lives of the many people in

the world who are burdened with cancer but lack access to treatment.

8.1 Future Direction

A recommendation for a new direction in low cost radiotherapy treatment would be a workflow

that combines many of the aspects of this thesis; integrating the SITKA treatment system with

a perovskite detector, CBCT to sCT machine learning methods and utilizing GPU Monte Carlo

simulations in conjunction with the Fastcat simulation method for treatment planning an idealized

system could be constructed. This treatment paradigm could have the potential to significantly

improve radiotherapy efficiency, and accessibility, particularly in LMICs.

The SITKA system offers a cost-effective treatment solution for treatments in LMICs, thanks to

its affordable gantry-mounted x-ray tube and integration of deep learning CBCT to synthetic CT

methods to avoid the added cost of a planning CT, along with a novel inverse treatment planning

approach. By incorporating the SITKA non-coplanar geometries, it enables the generation of effective

treatment plans that adhere to dosimetric criteria while minimizing maximum doses in OARs. This

would greatly enhance the quality and precision of radiotherapy treatments for patients in resource-

constrained settings where more penetrating MV machines are infeasible.

Additionally, integrating a perovskite detector into the treatment machine would capitalize on

the superior image quality predicted to be attainable by these low-cost detectors. By replacing

existing detectors with cost-effective perovskite crystal detectors, the machine could enhance detective
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quantum efficiency and contrast-to-noise ratio in tissues enabling high quality CBCT imaging and in

turn higher quality sCT. This improvement in image quality could result in more accurate treatment

guidance and improved patient outcomes. To further enhance the capabilities of the treatment

machine, the incorporation of GPU MC simulations alongside the Fastcat simulation method in

terms of treatment planning. This integration would significantly reduce simulation time and improve

overall efficiency. By harnessing the computational power of GPUs, the machine would achieve faster

and more efficient dose calculations for treatments, while maintaining a high level of accuracy. These

advancement would enable quicker treatment planning and delivery, ultimately facilitating timely

access to radiotherapy for more patients.

Another future direction of this work involves integrating photon counting capabilities into the

perovskite detector and introducing high-Z adjuvants, such as gold nanoparticles (GNPs) or injected

iodine, into kV treatments [53, 154, 155]. High-Z adjuvants have a large cross section for the pho-

toelectric effect and can selectively accumulate in tumors, enabling targeted tumor treatments. kV

photons, in turn, interact more readily through the photoelectric effect, making the benefits of these

adjuvants particularly pronounced in kV treatments as compared to MV treatments. Likewise, per-

ovskite detectors, being direct conversion detectors, have the advantage of photon counting, allowing

for the detection of incident particle quantity and energy [156, 157, 158]. Incorporating this capabil-

ity into a prospective treatment system would allow the eliminate of much of the low-energy scatter

incident on the detector and mitigate beam hardening effects caused by preferential weighting of

higher-energy radiation, an effect seen in energy integrating detectors. The integration of these two

technologies into a prospective kV treatment system could improve both treatment planning and

treatment efficacy by enhancing image quality and enabling targeted tumor treatment, ultimately

enhancing the overall performance of the low-cost system.

In summary, by combining the SITKA treatment system with a perovskite detector and GPU

Monte Carlo simulations combined with Fastcat based treatment planning, a future treatment ma-

chine would provide a not only adequate but perhaps state-of-the-art solution for radiotherapy in

LMICs as well as perhaps applications in high-income countries. This integrated approach could

enhance treatment accuracy, optimize image quality, and offer a cost-effective means of delivering

precise radiotherapy.
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Appendix A

Additional Information

A.1 Fastcat Validation

A.1.1 Fastcat Experimental Validation Simulations

Here is a brief description of the kV and MV Fastcat models used for experimental validation. The kV

Fastcat simulation used as input an analytical x-ray source generated in xpecgen [87] with an anode

angle of 14◦ and a tube voltage of 100 kVp. The source was subject to additional analytical filtration

of 2.7 mm of aluminum and a 0.89 mm titanium beam hardening filter. The detector modelled in

the simulation was a columnar CsI detector with optical properties based on the work of Freed et al.

[92]. The columnar CsI was 0.6 mm thick with a fill factor of 70% and a pixel pitch of 384 µm.

The MV Fastcat simulation source was a 6 MV Truebeam phase-space file provided by Varian.

Although considered preferable by the authors, an analytical simulation of the MV beam was not

used as a suitable model could not be found. This phasespace was binned by photon energy to

provide a photon spectra for input into Fastcat. The detector used in the simulation was modelled

as a Varian as1200 detector using the optical properties from Shi et al [90]. This detector is the same

as described in previous work [80]. The GOS scintillator was 0.29 mm thick with a pixel pitch of 392

µm.

A.1.2 Dose Comparison

A validation of dose linearity was performed. Four CBCTs at increasing doses were acquired exper-

imentally for both the kV and the MV setups. Doses were measured using machine CTDI for the

kV CBCTs with CTDIs of 5.27, 7.03, 10.55, and 21.1 with a 16 cm diameter CTDI phantom. Four

MV CBCTs were acquired with machine MU values which were 75, 100, 150, and 300 MU. The dose

in Fastcat was adjusted such that the average CNR over all inserts in the Catphan phantom agreed

with that of the experimental CBCT with the lowest dose averaged. This Fastcat dose was then

multiplied by factors of 1.5, 2, and 4. Agreement between average CNR was then compared between

these Fastcat simulations and the experimental CBCTs.

An MC validation of the Mean phantom dose for a single projection was performed. Mean
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phantom dose for a single projection was calculated in Topas [69] using an MC model of the Catphan

phantom with 2×108 initial photons. This dose was compared to the dose calculated in Fastcat for

the same number of photons. These simulations used the Geant4 Penelope physics list and a particle

range cutoff of 5µm. Simulations were run on a linux desktop computer with 8 Intel Skylake CPUs.

No variance reduction techniques were used. Two simulations were run in total, one with the 6 MV

Varian phasespace file and one with an analytical 100 kVp x-ray spectrum filtered by 2.7 mm of

aluminum, 0.89 mm titanium, and an aluminum bowtie filter. Both simulations measured the mean

phantom dose to virtual Catphan 504 phantom.

The mean dose values from the MC simulations were used to perform a back of the envelope

calculation to check that values were consistent between Fastcat kV and MV mean phantom doses

and linac values reported as CTDI and in MUs, respectively. A conversion factor between the number

of Fastcat photons to Fastcat mean phantom dose was estimated using the ratio of the dose scored in

the MC simulations to the number of MC-simulated photons. The conversion factors were multiplied

by the number of photons in the kV and MV experimental Fastcat simulations to get the mean

phantom dose per projection and finally by the number of experimental projections to get the mean

phantom dose for the total simulation.

A.2 kV Radiotherapy

A.2.1 Non-coplanar Angles

Non-coplanar angle were spaced equally about a unit sphere around the isocenter. For a number of

angles n these angles were then assigned a non-coplanar angle ν and helical angle ϕ calculated using

the following pseudocode algorithm:

α = 4.0 ∗ π/n
d =

√
α

mν = round(π/d)

dν = π/mν

dϕ = α/dν

for m in range(0, mν):

ν = π ∗ (m+ 0.5)/mν

mϕ = round(2 ∗ π ∗ sin(ν)/dϕ)
for n in range(0, mϕ):

ϕ = 2 ∗ π ∗ n/mϕ

end

end
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Figure A.1: Patient 1 dose distribution that violates the R50% but passes all other RTOG dosimetric
checks.

A.2.2 Planning Trade Off

There existed a planning trade-off in meeting RTOG 0813 guidelines for the first patient in the study.

The trade-off arose as part of patient 1’s PTV margin included an area of rib bone. While it was

possible to administer more conformal dose to the PTV than is shown in Figure 7.6 as demonstrated

in Figure A.1, this pushed the PTV to encompass the ribs due to the high dose deposition of the kV

beam in bony tissues. This expansion of the PTV isodose surface would then cause a minor violation

in the R50% which was generally the limiting factor in optimization. The R50% being 4.3 which is

higher than the 4.0 limit for this volume of PTV.

A.2.3 Cost Function Figures

A.2.4 Data Analysis

Data was analyzed using Python 3.8. The DICOM data was analyzed using the dicompyler [159]

Python package to compute cumulative dose-volume histograms (DVHs) in Gy from a DICOM RT

structure set for both the SITKA and VMAT plans. Additionally, mean doses, maximum doses, and

doses delivered to specific volumes of a structure, such as the percentage of lung receiving 20 Gy or

more (V20), as outlined in RTOG 0813, were also computed using dicompyler.
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a) b)

c)

Dose in OARsDose in PTV

Cost

Figure A.1: a) The raytraced dose in the tumour and dose in the OARs is shown sampled at 6000
equally spaced angles around a sphere, a hammer projection was used to map the sphere to a two
dimensional plot. b) An example of the cost function as a function of helical and non-coplanar angle,
darkened areas denoting the angles selected.

A.2.5 Idealised Collimation

While the collimation in our simulations was idealised, this decision was made because it was consid-

ered a conservative parameter. One challenge encountered during the optimization process was that

the beam’s falloff was too sharp, resulting in certain areas of the tumor receiving doses below the

prescription isodose line. The inclusion of a penumbra, which was not directly addressed in our sim-

ulations, would have helped in the optimization process by providing a smoother dose distribution.

However, we used Gaussian filtration of the beam to remove noise, which had a similar smoothing

effect as a penumbra. The omission of real collimation from the simulation was done to maintain

computational efficiency.

To demonstrate the impact of the penumbra on arc kV beams, we modelled two arcs: one with lead

collimation of 2 mm placed 10 cm away from the source, and another with the idealised collimation

as used in our work. Both beams were collimated to 3 cm at the isocenter, and the dose for 5 × 107

photons was measured in a 10 cm diameter water cylinder for a single angle. The dose distribution

was then radially convolved around the cylinder to create an arc. Figure A.1 presents the dose
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distributions for the two beams. It can be observed that while the realistic collimation results in a

slightly smoother dose falloff, the deviation from the idealised dose distribution does not exceed 4%.

Figure A.1: Two MC dose profiles through the central axis of a 10 cm diameter cylinder are shown.
One using idealised collimation and the second using 2 mm of lead collimation. Red lines denote the
boundary of the collimation inside the phantom.
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