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Abstract

Growing evidence highlights the detrimental effects of underdosing tumours and overdos-
ing organs at risk during high dose radiation therapy, emphasising the need for precision in
treatment delivery. Tumour motion, due to normal physiological processes, is one factor that
compromises accuracy. To address this, real-time motion management technologies have been
developed to continuously monitor the tumour position. These technologies, though effective,
are either prohibitively expensive or require the implantation of fiducial markers. These bar-
riers were highlighted in a recent international survey which revealed that 71% of responding
centres wish to implement real-time motion management for another treatment site but are
limited by resources and capacity.

This thesis presents the first large-scale proof-of-principle for x-ray-based markerless seg-
mentation in globally available radiation therapy systems. It provides an important step to-
wards making real-time motion management treatments accessible for all patients, eliminating
the need for expensive, dedicated equipment or fiducial marker implantation. The proposed
markerless approach relies solely on x-ray images acquired during treatment which in prin-
ciple, covers the majority of linear accelerators, thus overcoming the resource and capacity
barriers to real-time motion management.

The first two studies of this thesis investigate a deep learning framework for prostate
(Chapter 3) and pancreas head (Chapter 4) markerless segmentation. The deep learning frame-
work was found to be highly accurate across a large cohort of patients. The third study inves-
tigates the use of residual contrast agents from liver cancer chemotherapy as a surrogate for
real-time motion monitoring (Chapter 5). The approach was found to successfully track the
contrast agents for a cohort of patients with liver cancer. Chapter 6 describes a software appli-
cation developed as part of this thesis for ground truth data labelling. The thesis concludes by
summarising the key findings and exploring future research directions for deep learning-based

markerless tumour tracking.
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1

Introduction

Cancer is one of the most significant global health challenges of modern society. Responsible
for nearly one in six deaths worldwide in 2022, cancer is projected to result in 35 million new
cases annually by 2050.! The increasing incidence and poor treatment outcomes highlight the
need for improved cancer therapies. This thesis will focus on cancers of the prostate, liver,
and pancreas. Prostate cancer was the fourth most common cancer and eighth leading cause
of cancer-related deaths in 2022, with over 1.4 million new cases and almost 400,000 deaths.!
Although less common, liver and pancreatic cancer are the third and sixth leading causes of
cancer-related deaths, respectively, due to their higher mortality rates.’

Radiation therapy is an effective cancer treatment for curative and palliative purposes,
and can be used in isolation or as part of a multi-modal treatment approach. It is estimated
that one in every two cancer patients could benefit from radiation therapy.”? However, nor-
mal physiological motion during treatment, known as intrafraction motion, poses a challenge
for radiation therapy and will be addressed in this thesis. Motion can compromise tumour
control in radiation therapy, potentially reducing treatment effectiveness and simultaneously

increasing radiation toxicity to healthy tissue.

1.1 Motion During Radiation Therapy

During treatment, the tumour and surrounding anatomy are dynamically moving as a con-

sequence of normal physiological processes. Different treatment sites are affected to varying



degrees of intrafraction motion by factors such as breathing, cardiovascular activity, diges-
tion, bladder filling, and musculoskeletal movement. Intrafraction motion of the prostate is
typically less than 3 mm but can exceed 10 mm.>"® There is an increased likelihood of prostate
displacement with elapsed time.>* Intrafraction motion of the liver and pancreas are consid-
erably larger, up to 40 mm, on account of diaphragm motion from respiration.®” While in-
trafraction motion may seem negligible, it can have a substantial impact on tumour control
and side effects.? 1

For effective treatments, the spatial accuracy of the radiation beam is crucial to ensure that
cancerous cells are killed, while sparing healthy tissue. Figure 1.1 illustrates intrafraction mo-
tion of the prostate caused by bowel gas. Without motion management, the prostate may not
receive the planned dose and the healthy tissue of the rectum may receive excessive dose. The
importance of real-time motion management has led to technological advancements includ-

ing the adaption of conventional linear accelerators (linacs) and the development of specialised

treatment machines, such as magnetic resonance imaging (MRI) and robotic linacs.

Fig. 1.1 | Intrafraction motion of the prostate. Sequential MRI images demonstrating in-
trafraction motion of the prostate due to rectal distention. The prostate position (thin red line)

is compared against the planned treatment position (thick red line). Reprinted from Hegde et
al. M

In radiation therapy, there are three main volumes which are crucial in treatment planning:
the Gross Tumour Volume (GTV), Clinical Target Volume (CTV), and Planning Target Volume
(PTV). The GTV represents the tumour that can seen, palpated, or imaged, while the CTV
encompasses the GTV and accounts for microscopic disease. The PTV contains the CTV with
additional margins to account for setup uncertainties and patient motion. Ideally, the CTV to
PTV margin can be reduced significantly if target motion is managed, leading to more dose

conformity to the target and less radiation dose to healthy tissue.



The clinical motivator of real-time motion management is to ensure dose coverage of the
target. Figure 1.2 illustrates the effect of motion on dose distributions, highlighting the dete-
rioration in dose coverage with no motion management. However, with motion management
there is closer alignment between the planned and delivered dose. Lovelock et al.’* found
that the dose in 10% of prostate patients failed to meet clinical PTV coverage requirements in
the absence of motion management. For liver radiation therapy without motion management,
Nankali et al.”* observed that the dose coverage deteriorated with the magnitude of the geo-
metric error. Karava et al.® showed a significant improvement in tumour coverage and sparing

of organs at risk (OARs) for pancreatic cancer when using tumour tracking.

Treated dose with Treated dose without
motion management motion management
=" . -~ -~ Lk

Planned dose

!105%

100%

95%

Fig. 1.2 | The effect of motion on dose distributions. The planned dose, treated dose with
motion management, and treated dose without motion management for the prostate (red).
Adapted from Colvill et al. ™

An advantage of improved target coverage through motion management is the ability to
reduce treatment margins. A lung cancer clinical trial found that motion tracking enabled a
reduction of the PTV by 26.4% while maintaining coverage to the GTV."!¢ Figure 1.3 shows
the smaller margin that can be achieved when using motion tracking. A pancreatic cancer
study found that MRI-guidance enabled a PTV margin reduction from 3-5 mm to 2-3 mm."’
Similarly, motion guidance demonstrated the ability to reduce prostate cancer PTV margins
to 2 mm.*®

There are two main advantages of reducing treatment margins. First, a reduction in treat-
ment margins enables dose escalation, which has shown improved treatment outcomes. For
lung cancer, high dose treatments demonstrated superior local control of the primary disease.
For liver cancer, the elimination of motion allowed for dose escalation resulting in increased
tumour control probability.’® Due to the increased precision required for dose escalation, a
white paper by the American Society for Radiation Oncology emphasises the necessity of im-

age guidance and motion management for dose escalated treatments.?



The other benefit of reduced treatment margins is a reduction of radiation toxicity. Im-
proved targeting of the cancer means reduced radiation dose to the surrounding healthy OARs,
thereby minimising radiation toxicity. The MIRAGE clinical trial investigated the reduction
of PTV margins from 4 mm using computed tomography (CT) guidance to 2 mm using MRI-
guided radiation therapy.” MRI guidance reduced > grade 2 genitourinary toxicities by 19.0%
and gastrointestinal toxicities by 10.5%.° Moreover, there were no grade 3 genitourinary toxi-

cities, and no gastrointestinal toxicities > 2 in the MRI arm.’

Standard treatment Motion tracking

Fig. 1.3 | Example of reduced margins with motion tracking. Motion tracking allows for
the reduction of margins and a more targeted approach. Adapted from Booth et al.®

1.2 Motivation and Rationale of this Thesis

For standard linacs, the low radiographic contrast of treatment sites such as the prostate, pan-
creas, and liver necessitates the implantation of fiducial markers (Fig. 1.4). Fiducial markers
act as a surrogate of the tumour and can be used for real-time motion monitoring. However,
the invasive implantation procedure can delay treatments, increases costs, and introduces ad-
ditional risks to the patient. Treatment delays result from both the implantation procedure
itself and a waiting period for the markers to stabilise prior to treatment planning.* However,
the position of the markers may not remain stable and can migrate over the course of treat-
ment.?*** Additionally, CT image artefacts from metal markers can interfere with treatment
planning.* Finally, there are risks associated with marker implantation that vary by treatment

site, including infection, haematuria, pneumothorax, bleeding, and discomfort.* %
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Fig. 1.4 | Implanted fiducial markers. Examples of fiducial markers implanted in the
prostate (left) and pancreas (right). The target is not visible in these intrafraction kilovolt-
age images, requiring the implantation of fiducial markers.

Specialised technologies, such as the MRI-linac, can track the tumour and surrounding
organs without fiducial markers. However, MRI-linacs are an expensive treatment option for
patients and are not widely available compared to standard linacs.?® An international survey
found that 71% of radiation therapy centres wish to expand real-time motion management to
additional treatment sites but are limited by resources and capacity.?’ These survey results
highlight the demand for inexpensive motion management solutions that can be integrated
into existing systems and workflows. Ideally, real-time motion monitoring should not re-
quire any additional procedures or hardware. A markerless-based approach implemented on
standard linacs would make real-time motion monitoring accessible to all patients without

additional hardware.

1.3 Thesis Aims

The overarching objective of this thesis is to develop the first real-time markerless tumour
tracking framework for prostate, pancreatic, and liver radiation therapy. It was hypothesised
that deep learning can be used to accurately track the target organ without fiducial markers

on a standard linac. The specific aims of this thesis are:

(i) To conduct the first large-scale proof of principle for x-ray-based markerless prostate

segmentation, suitable for clinical implementation on standard linacs.



(ii) To explore the potential of x-ray-based markerless pancreas head segmentation, focus-

ing on accuracy and identifying technical challenges.

(iii) To investigate the feasibility of using residual contrast agents from chemotherapy for

real-time markerless liver cancer tracking.

1.4 Thesis Structure

Chapter 2 provides an overview of radiation therapy and real-time motion management on
a standard linac. The second part of Chapter 2 presents a literature review of artificial in-
telligence (AI) applications for real-time motion management, as of March 2021. Chapter
3 presents the first study of this thesis, detailing the deep learning framework and its ap-
plication to prostate tracking, using data from the SPARK (NCT02397317%*’) and OPTIMAL
(NCT03386045°%') clinical trials. This approach is extended to pancreatic cancer in Chapter
4 by tracking the pancreas head using data from the Span-C clinical trial (NCT03505229%).
Chapter 5 investigates the use of residual contrast agents from chemotherapy to track the liver
using data from the ROCK-RT clinical trial (NCT05169177°%). Chapter 6 describes a software
application designed for data visualisation and labelling ground truth data for deep learning
models. Finally, Chapter 7 summarises the key findings and discusses future directions of

research for deep learning-based markerless tumour tracking.
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2

Background and Literature Review

This chapter is divided into two parts. Part 1 reviews the fundamental principles
of external beam radiation therapy and its role in cancer treatment. We introduce
the anatomy of a standard linac commonly used in most clinics and the typical
workflow involved in treatment planning and delivery. Given the focus of this
thesis on motion management, we present an overview of motion management
techniques on a standard linac, highlighting current challenges.

Part 2 critically surveys the prior work on Al applications for marker-based and
markerless motion management in radiation therapy. The literature review covers
publications up to March 2021 and was published as “Mylonas, A., Booth, J., &
Nguyen, D. T. A review of artificial intelligence applications for motion tracking
in radiotherapy. journal of Medical Imaging and Radiation Oncology, 65, 596-611
(2021)1

10



2.1 External Beam Radiation Therapy

External beam radiation therapy (EBRT) is the most common form of radiation therapy,? and
it is estimated that half of all patients with cancer could benefit from it.> EBRT aims to control
tumour growth by using a linac to deliver ionising radiation to a localised area to damage
and Kkill cancer cells. As the ionising radiation passes through tissues, it interacts with cells,
depositing energy that causes direct and indirect damage to the deoxyribonucleic acid (DNA).
Damaging the DNA blocks the ability of cells to divide and proliferate further.*

The challenge of radiation therapy is to maximise the radiation dose to cancer cells while
minimising the radiation dose to healthy cells. As the radiation must pass through healthy
tissue to reach the cancer, it is not possible to completely spare the healthy tissue. However,
normal cells can typically repair damage more efficiently than cancer cells due cancer cells
having defective DNA repair mechanisms that more readily result in cell death.?*

Most patients receiving EBRT are treated on a standard clinical linac, as shown in Figure
2.1. Clinical linacs consist of a gantry rotating around the patient on the treatment couch. The
treatment head on the gantry generates megavoltage (MV) radiation, which can be captured by
the electric portable imaging device (EPID) to obtain images from the treatment beam. Within
the treatment head are jaws and a multileaf collimator (MLC) which are used to collimate the
treatment beam. Modern clinical linacs are fitted with an onboard kilovoltage (kV) imaging
system perpendicular to the treatment beam. The kV system consists of a source and detector
which is used for patient positioning and verification on the day of treatment.

Once a patient has been prescribed radiation therapy by their radiation oncologist, they
will receive a planning CT in the same position as for treatment, including any necessary
immobilisation devices. Clinicians will contour the tumour volume, treatment volumes, and
surrounding OARs. The treatment plan will then be created based on the prescription. This
process involves optimising the dose distribution using inverse planning® with parameters that
include the fractionation rate, gantry rotation, dose rate, number of fields, and field shaping
using the MLC.

Once the plan has been approved, the patient will receive the treatment over multiple
daily sessions, known as fractions. Fractionation helps to maximise tumour damage while
minimising healthy tissue damage by providing time for healthy cells to repair DNA damage.’

Additionally, fractionation allows tumour cells to cycle into a more radio-sensitive phase of the
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Fig. 2.1 | A standard clinical linear accelerator. The treatment head, which generates
megavoltage (MV) radiation, is mounted on a gantry that rotates around the patient on the
treatment couch. The gantry includes an onboard kilovoltage (kV) imaging system, and an
electric portable imaging device (EPID) that detects the MV treatment beam which passes
through the patient.

cell cycle® and re-oxygenate, increasing their radio-sensitivity.” For each fraction, the patient
will be positioned on the treatment couch using a combination of lasers, external markers such
as tattoos, surface imaging, and the onboard kV imager. Once the patient has been correctly
positioned, the radiation is delivered as per the plan.

EBRT has evolved over the decades to improve tumour targeting while minimising the dose
to healthy tissues. The introduction of 3D conformal radiation therapy (3D-CRT) improved
dose distributions by conforming the beam to the target geometry using the MLC.? Intensity-
modulated radiation therapy (IMRT) was a major advancement that modulated beam intensi-
ties to reduce the radiation dose to OARs, while increasing the radiation dose to the target. !’
Volumetric modulated arc therapy (VMAT) built on IMRT by delivering radiation in contin-
uous arcs.'! These advancements allowed for the development of stereotactic body radiation
therapy (SBRT), also known as stereotactic ablative radiotherapy (SABR), delivering higher

doses in fewer fractions to improve tumour control. '
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2.2 Motion Management in Radiation Therapy

Motion during treatment is a major challenge for radiation therapy. Motion can lead to under-
dosing of the tumour, reducing tumour control, and overdosing of the healthy tissue, increas-
ing radiation toxicity. To address this, motion management technologies have been developed
such as immobilisation devices, internal and external monitoring, and real-time adaptive ra-
diation therapy. One simple approach to account for motion uncertainties is to increase treat-
ment margins.’*> However, increasing the margins may not fully account for all motion and
also results in a higher radiation dose to healthy tissue.

Patient immobilisation devices have been developed to ensure the patient is in a repro-

ducible position and has restricted mobility during treatment. **

Supports moulded to the pa-
tient’s body can be used to ensure reproducible positioning and stability. In the case of head
and neck cancer, thermoplastic masks are moulded over a patient’s face to reduce head motion.
Abdominal compression is another form of immobilisation used to restrict respiratory motion
for abdominal cancers.!> While these techniques are used to reduce motion, movement can
still occur necessitating daily or real-time image guidance. '®

External motion monitoring involves tracking the external surface of the patient during
treatment as a surrogate for the (internal) target motion and is typically used for lung and
abdominal radiation therapy. Surface-guided radiation therapy uses cameras to create a 3D
surface of the patient and track any changes.'” Alternatively, cameras can track an external
marker block on the patient, known as the real-time position management (RPM) block. While
these methods can monitor motion in real-time, surface motion may not be directly correlated
with internal motion. Implanted fiducial markers and stents were found to be better predictors
for target motion than the RPM block. '®

The ideal solution to motion management is to directly monitor the target pose using
internal monitoring of the anatomy. This can be achieved using equipment on a modern linac
such as the EPID or onboard kV system.' MV imaging uses the treatment beam and EPID to
capture images in the beam’s-eye-view. However, MV imaging has poor soft tissue contrast
and is only possible when the treatment beam is on.'* Alternatively, the kV imaging system has
better imaging contrast compared to MV images, and can monitor the target continuously and
independently of the MV beam state.'® For these approaches, fiducial markers are required for

anatomical sites with poor soft tissue contrast. The markers have numerous disadvantages, as
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discussed in Chapter 1. The tumour and surrounding organs can be tracked without markers
using an MRI-linac, although it is an expensive treatment option and not as widely available
as standard linacs.?

One limitation of using the onboard kV system for motion management is the introduction
of additional imaging dose to the patient. Frequent or continuous kV imaging contributes to
cumulative radiation exposure, which should be carefully managed. Crocker et al. reported
that the total imaging dose for kV prostate monitoring was between 0.1 and 0.5% of the treat-
ment dose.?! Strategies to minimise the dose include optimising exposure settings, reducing
image acquisition frequency, collimating the kV field to the target region, and using predictive
tracking models to decrease the number of required images. These approaches aim to main-
tain accurate target localisation while reducing the additional imaging dose associated with
kV motion management.

With the development of real-time motion management, techniques have been developed
for real-time adaption. Gating is one technique where the treatment beam is paused when
the target moves beyond a preset motion threshold.?* More sophisticated approaches involve
moving the patient or adapting the treatment beam in real-time. Couch tracking, which has
only been implemented experimentally, uses the robotic treatment couch to move the patient
and compensate for motion.* Finally, the treatment beam can be adapted to follow the target
using the MLC leaves.?* MLC tracking could be extended to use real-time dose-based optimi-
sation based on the target motion.*

The demand for accurate motion management has driven the development of real-time
image guidance and adaptive technologies. However, these solutions typically rely on fiducial
markers or are prohibitively expensive. Al has shown great potential for motion management
in radiation therapy and will be the focus of this thesis. The remainder of this chapter presents
a literature review of Al applications for motion management in radiation therapy which is

current as of March 2021, when the review was submitted. !
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Introduction

Since the early days, radiotherapy has been driven by
new technological developments. Image-guided radiation
therapy (IGRT) improves the treatment accuracy and
enables the success of highly conformal treatment deliv-
ery techniques such as intensity-modulated arc radiation
therapy and volumetric modulated arc therapy. With
hypofractionated and ultrahypofractionated treatments
becoming more mainstream, particularly with stereotac-
tic body radiation therapy (SBRT) becoming the standard
of care for non-small cell lung cancer and prostate can-
cer, ASTRO recommends not only daily IGRT but also
real-time IGRT as the target positioning method for
patient treatments.!? This is due to a growing apprecia-
tion of intrafraction target motion management by the
radiation oncology community.

Although the prostate was assumed to move negligi-
bly, greater understanding of prostate motion led to

changes in intrafraction motion management. This was a
result of the introduction of kilovoltage (kV) and ultra-
sound imaging during treatment in the early 2000s dri-
ven by the highly sculpted dynamic MLC deliveries. The
range and distribution of intrafraction prostate motion
observed in patients has been reported in several stud-
ies.3> An analysis of prostate intrafraction translational
motion in 427 patients found that displacement larger
than 2 mm occurred in 66% of fractions, while 28% of
fractions had exceeded 3 mm displacement.® Most of the
prostate motion is reported to be in the anterior-poste-
rior and superior-inferior directions.* In some cases,
intrafraction prostate motion can be up to 15 mm, which
typically exceeds the planning target volume (PTV)
expansion for radiotherapy treatment of the prostate. In
addition to translational motion, the prostate motion also
includes rotation. Intrafraction rotation motion is more
commonly seen in the left-right axis, with an average of
2.5° (4+2.3°) reported.® However, in extreme cases, the
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rotational motion can reach beyond 10°.7'® The physio-
logical origins of prostate intrafraction motion are fre-
quently bladder and rectal volume changes due to
bladder filling, rectal gas passing or rectal filling. These
same processes also result in intrafraction motion and
deformation seen during other pelvic cancer treatments,
such as cervical cancer. Using cine MRI images, motion
of the cervical clinical target volume (CTV) was reported
to be as high as 10.6 mm.°

Respiration-induced motion is faster and has greater
variability than the random motion of the prostate and has
been shown to affect treatment accuracy. The motion of
the target within the thorax and abdomen is thus needed
to be monitored in real-time with a high frequency. For
thoracic and upper abdominal targets, intrafraction
motion (translation, rotation and deformation) of several
centimetres has been observed in the liver,*%'! [ung'?*3
and pancreas.* For targets located close to the heart, car-
diac motion is also a concern for motion management for
two reasons. Firstly, the target will exhibit respiratory and
cardiac induced motion. Secondly, the heart and the asso-
ciated large vessels are typically dose-limiting organs due
to high radiation sensitivity. Cardiac motion of the heart
and its substructures was reported to be between 7 mm
and 15 mm in a MRI study.'> However, the cardiac compo-
nent of the motion was found to be within 4-5 mm magni-
tude.® Although inclusion of an internal target volume
during planning to account for motion is a widely used
method, it has been shown to be less optimal than moni-
toring and accounting for motion in real-time both lung
and liver SBRT treatments.!”+18

The evidence for the dosimetric impact of intrafraction
motion is mounting. A study on liver cancer treatment
with radiation therapy showed that the dose to the liver
could be reduced by as much as 20% due to liver
motion.'® Another study on prostate cancer patients
showed that prostate motion could result in 19% tumour
underdose.?® For lung cancer patients, when motion is
compensated for, not only will the tumour receive the full
dosage, but the surrounding organs benefit with a
reported reduction in mean lung dose by 17% and in
heart dose by 56%.'8

A number of different intrafraction real-time guidance
methods have been used during radiotherapy treatments.
The first real-time tracking radiotherapy system, pio-
neered by Shirato et al.,?! uses four orthogonal room-
mounted X-ray systems to track the prostate position
based on segmented positions of implanted markers.2-2¢
Other commercial systems including CyberKnife?” (Accu-
ray, Sunnyvale, CA, USA) and ExacTrac®® (BrainLab,
Munich, Germany) use two room-mounted X-ray imagers
synchronously to monitor the target motion during treat-
ment. Due to gantry occlusion, an image pair can only be
taken at cardinal angles. This limitation is not seen in the
four X-ray system developed by Shirato et al.?*

© 2021 The Royal Australian and New Zealand College of Radiologists
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Non-radiographic methods for target motion monitor-
ing have also been developed in the past two decades.
Calypso (Varian, Palo Alto, CA, USA)* and RayPilot
(Micropos, Gothenburg, Sweden)?® utilise implanted
markers, which also act as electromagnetic transpon-
ders, transmitting positional signals to an external
receiver. Emerging real-time guidance technologies
include ultrasonography3° and integrated magnetic res-
onance imaging (MRI)-radiation therapy systems.31:32
While these technologies are becoming more common,
this review will focus primarily on kV IGRT.

Up to date, we have witnessed artificial intelligence
(AI) lending its power to the ideal goal of monitoring the
target during radiotherapy using a standard linear accel-
erator. Machine learning (ML) and deep learning (DL) are
key Al technologies that are being increasingly used in
radiotherapy applications. These technologies excel at
extracting features from training data and making pre-
dictions on new unseen data. Most of the published
research to date that use these technologies centre
around localising the target locations on 2D kV images
such that the 3D position of the target can be recon-
structed. The target in this context could be a surrogate
such as arbitrary-shaped fiducial markers,>® the gross
tumour volume,3* bony anatomy surrounding the tar-
get3® or the soft tissue target with very low radiological
contrast.3%37

Al-related motion tracking publications have been
predominately produced over the past two decades. In
recent years, there has been a surge of publications
related to this field (Fig. 1). Almost half of all articles
published over the past two decades have been pub-
lished in just the past three years (Fig. 1) and now
focus primarily on DL. Therefore, it is important to eval-
uate the shift in Al-related motion tracking research
from ML to DL over the past two decades. Furthermore,
a review of this field will summarise initial progress
made with AI techniques and provide insight for further
research. In this review, we aim to examine the state of
the art of AI techniques that have been applied to
motion monitoring, starting from marker-based
approaches to full anatomy reconstruction. Marker-
based approaches are typically used for prostate real-
time IGRT since the markers act as a high contrast sur-
rogate for the target. However, the development of
markerless tracking technologies is beneficial to the
patient and the healthcare system by obviating the
need for implanted markers. Full anatomy algorithms
can monitor for intrafraction changes in the full anat-
omy within the field of view. Another important technol-
ogy is motion prediction algorithms which can be used
to account for the latencies due to the time for the sys-
tem to localise, to process and to act. AI algorithms
have helped to advance these key technologies for
motion tracking in radiotherapy.
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Figure 1. Number of publications over the past two decades for Al in intrafraction motion tracking

Al technologies

The research discipline of AI aims to develop intelligent
systems so advanced that they can solve problems to
the same ability or even better than humans. ML is a
branch of AI in which systems can automatically learn
from data and improve from experience without being
programmed to do so. There are a large variety of statis-
tical algorithms used in ML such as artificial neural net-
works (ANN), support vector machines (SVM), decision
trees, decision forests, logistic regression and Bayesian
classifiers.3® DL is a subset of ML which solves problems
using neural networks which have a structure similar to
the human neural system. The name DL comes from the
structure (or architecture) of the networks. These net-
works have multiple layers in which different operations
are applied to train the network, unlike traditional ML
algorithms which only had a small number of layers.

Convolutional neural networks (CNN) are one of the
main DL approaches with a multiple layer architecture.
Traditional CNN architectures are typically used for image
classification problems (Fig. 2a). Traditional CNNs are
designed to receive an input image of a specified size
and output a single-label classification. CNNs can be
adapted for image segmentation using a common
approach known as regions with CNN (R-CNN). R-CNNs
first generate region proposals that potentially contain
the object of interest and then performs classification on
the regions using a CNN. The traditional CNN architec-
ture can be modified to perform detection and semantic
segmentation (Fig. 2b). Semantic segmentation is the
technique of partitioning an image into labelled segments
by classifying each pixel. A common architecture used
for semantic segmentation is the encoder-decoder net-
work (Fig. 2a), which allows for an arbitrarily shaped
input and output of the same size.

Method

The authors conducted a topical literature review using
the online databases PubMed and Web of Science from
February to May 2021. The search criteria initially
restricted the articles to the field of radiotherapy using:

(radiation therapy OR radiotherapy). These search
results were refined towards AI using: (machine learning
OR deep learning OR neural networks OR artificial intelli-
gence). Finally, the articles were further refined to
tracking applications using: (fiducial markers OR marker-
less), or refined to motion prediction applications using:
(motion AND prediction). An additional search was com-
pleted to review applications of AI to motion manage-
ment in MRI-guided radiotherapy. The search criteria
initially restricted the articles to the field of MRI-guided
radiotherapy using: (mr OR mri) AND linac. These search
results were refined towards Al using the aforemen-
tioned AI search terms. In addition, the reference lists of
selected articles were hand searched for other relevant
articles. Articles returned in the search results that were
not related to intrafraction motion tracking were
excluded from the review.

Marker-based approaches

Image-guided radiation therapy for some types of cancer
typically relies on markers to determine the target loca-
tion. For motion tracking in kV images, markers are
implanted into the tumour or surrounding tissue to act
as a surrogate for the target due to a lack of contrast in
the intrafraction images (Fig.3). A range of AI
approaches for marker tracking have been demonstrated
to have high accuracy (Table 1).

Many methods for segmenting markers use traditional
approaches such as template matching.3®**3® Template
matching approaches require prior information of the
marker. Typically for regular shaped markers (Fig. 1a;
e.g. cylindrical gold fiducials), the templates are con-
structed using known marker properties.*?*! Other types
of markers such as coiled markers (Fig. 1b; e.g. Visi-
coil™) may deform into arbitrary shapes upon implanta-
tion resulting in unknown marker properties. In order to
develop a template, an additional learning period is
required to determine the marker properties. 324243
Cone-beam CT (CBCT) projections are commonly used
as learning data for the template generation.** This
learning period has the drawback of subjecting the
patient to additional radiation due to the extra imaging
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Figure 2. The basic architecture of (A) a CNN for image classification and (B) an encoder—decoder network for semantic segmentation. The network layers
include convolutions (Conv), batch normalisation (Batch Norm), rectified linear unit (ReLU), pooling, upsampling and fully connected layers

Figure 3. Example kV projections of (a) regular shaped gold fiducial markers implanted in the prostate and (b) arbitrarily shaped coiled markers implanted
in the lung

dose. DL methods have been successfully used for the Tracking fiducial markers using the megavoltage elec-
automatic detection of markers in X-ray and MRI images tronic portal imaging device (MV-EPID) is ideal as it elim-
to overcome these issues,33:44:45 inates the need for additional imaging equipment and
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Table 1. Summary of the methods to track implanted markers

Study Imaging modality Marker type Method Error Other metrics

Lin et al. 2012 % MV Regular ML RMSE error: 0.5 mm -

Mylonas et al. 2019 33 kv Regular CNN Mean (£SD) error: —0.8 £ 1.3 pixels and Sensitivity (recall): 99.4%
0.3 + 1.2 pixels in the x and Specificity: 99.3%
y directions, respectively

Mylonas et al. 2019 33 kv Arbitrary CNN Mean (+SD) error: —0.9 + 2.8 pixels Sensitivity (recall): 98.5%
and 0.2 £ 2.2 pixels in the x and Specificity: 99.6%
y directions, respectively

Liang et al. 2020 * X-ray Regular U-Net Mean (+SD) error: 0.3 + 0.5 pixels Sensitivity (recall): 95.6%

Precision: 98.6%

Figure 4. Example segmentations of the (a) heart and lung tumour and (b) the prostate

provides target information in the view of the treatment
beam. However, accurate tracking is challenging for
VMAT treatments due to low contrast and MLC leaves
occluding markers. Lin et al.*®> detected the markers
using discriminant analysis for the first frame and mean-
shift feature space analysis for subsequent frames. To
reduce the computation time, the authors exploited the
fact that the markers moved slightly between each
frame. An average root-mean-square error (RMSE) of
0.5 mm was achieved using this approach.

Mylonas et al.>3 implemented a framework that uses a
CNN to automatically detect regular and arbitrarily
shaped markers in intrafraction fluoroscopic images. The
CNN had three convolutional layers with two pooling lay-
ers and one fully connected layer. The CNN was used to
classify whether sub-images of the kV projections con-
tained a marker or background. High classification per-
formances were achieved for both types of markers. For
the regular shaped markers implanted in the prostate, a
sensitivity and specificity of 99.4% and 99.3%, respec-
tively, were achieved. These results improve upon a mar-
ker detection rate of 94.8% for a template matching
approach reported by Fledelius et al.*! For the arbitrarily
shaped markers implanted in the lung, a sensitivity and

specificity of 98.5% and 99.6%, respectively, were
achieved. This improves upon the traditional method
developed by Bertholet et al.,>® which reported a sensi-
tivity and specificity of 67% and 94%, respectively.
While the CNN approach improves upon the current stan-
dard, it should be noted that the systems were tested on
different data sets. The CNN was incorporated into a
tracking system to segment multiple markers for
intrafraction monitoring. The computation time was ade-
quate for real-time applications with a time of 36 ms on
a CPU and 9 ms on a GPU. Sub-millimetre accuracy was
achieved for both regular and arbitrarily shaped marker
tracking.

A study by Liang et a presented an automated
framework that was used to evaluate intrafraction
motion in X-ray images acquired by CyberKnife. The
framework includes a fully convolutional network (FCN)-
based fiducial marker detection module. The authors
utilised the U-Net architecture to perform semantic
segmentation of the markers in full-size X-ray images.
The U-Net architecture is an implementation of the
encoder-decoder network architecture shown in Fig. 2b.
The network has a contracting path to obtain the feature
information and a symmetrical expanding path which
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Table 2. Summary of the markerless-based approaches for fluoroscopic-guided radiotherapy

Study Imaging Method Site Results
modality
Tong et al. 2009 50 X-ray ML Lung Mean error (95% confidence level): 2.1 (4.6) pixels (pixel size is

about 0.5 mm)

Terunuma et al. 2018 °'  Synthetic X-ray ~ Encoder-decoder CNN  Lung Mean error: approximately 1 mm

Edmunds et al. 2019 %2 X-ray Mask R-CNN Diaphragm Mean error: 4.4 mm
Hirai et al. 2019 53 X-ray DNN Liver and lung  Mean (45D) accuracy: 1.6 + 0.7 mm
Mori et al. 2019 >* X-ray ML Chest Accuracy: <0.5 mm

Zhao et al. 2019 ¥/ Synthetic X-ray ~ Faster R-CNN Pancreas MAD: less than 2.6 mm across all directions

Zhao et al. 2019 3¢ Synthetic X-ray  Faster R-CNN Prostate MAD (£SD): 1.6 £ 0.4 mm, 1.6 + 0.4 mm, and 1.7 + 0.4 mm in
anterior-posterior, lateral, and oblique directions, respectively

Roggen et al. 2020 ** X-ray Faster R-CNN Vertebrae Sensitivity of 1.5 mm with a median below 0.5 mm for single
vertebrae

Sakata et al. 2020 *° X-ray ML Lung Mean (4SD) error, Euclidean distance: 1.0 & 0.3 mm

Takahashi et al. 2020 °®  X-ray FCN Lung Mean (+SD) error: mean (£SD): 0.5 £ 0.2 mm and 0.3 £+ 0.2 mm

for 2 cm and 3 cm tumours, respectively

Table 3. Summary of the markerless-based approaches for MRI-guided
radiotherapy

Study Imaging Method Site  Results
modality

Cervino et al. cine MRI ML Lung  Mean tracking error
2011 %° of 1.5 mm

Yun et al. 2015 cine MRI PCNN Lung  Centroid tracking
60,61 accuracy of

1.0-1.4 mm

Bourque et al cine MRI ML Lung RMSE: 1.3 &£ 0.5 mm
2017 2

Fast et al. 2017 cine MRI PCNN Lung Median Dice similarity
3 index: >0.91

Friedrich et al. cine MRI U-net Liver  Average Dice

2021 ¢ coefficient >83%
Mean contour distance

<0.5 pixel

increases the resolution of the encoder feature maps.
The method achieved a precision and recall of 98.6%
and 95.6%, respectively, and the mean (+SD) centroid
error was 0.3 + 0.5 pixels. Their proposed method was
used to retrospectively analyse the intrafraction motion
of markers implanted in the liver. This method could be
further developed for use in real-time tumour tracking
systems. The computation time of this technique would
need to be examined before being implemented in a
real-time tracking system.

Markerless-based approaches

The development of markerless IGRT would be beneficial
to patients and the healthcare system by eliminating the
need for the surgical implantation of markers. A marker-
less approach would avoid extra appointments, costs,
discomfort and potential complications associated with
marker implantation. Percutaneous marker implantation

can have complications such as haemorrhaging.*®*” Fur-
thermore, some patients are not candidates for markers
due to contraindications. This prevents some patients
from being treated with real-time IGRT techniques. Mar-
ker migration is another potential issue that can result in
tracking errors*® and markers produce metal artefacts in
CT images that may result in treatment-planning
errors.*® Therefore, the ability to track tumours without
markers would be beneficial to cancer patients and
enable wide access to real-time IGRT. It is difficult to
develop highly accurate markerless tracking methods for
organs such as the prostate or pancreas due to the low
contrast in intrafraction images (Fig. 4). However, Al
approaches have shown great potential for markerless
tracking (Tables 2 and 3).

Several ML approaches have been employed for mark-
erless lung tumour tracking. A novel method developed
by Lin et al.’® uses principal component analysis (PCA)
to determine the motion patterns of the surrogate
anatomical features. The tumour position is predicted
based on the motion patterns through regression using
ML approaches. The tracking system was tested on the
fluoroscopic images for ten lung cancer patients. Com-
pared to other methods, ANN regression was shown to
perform the best with a mean tracking error of 2.1 pixels
and mean maximum error (95% confidence level) of 4.6
pixels where one pixel is approximately 0.5 mm.

Mori et al.>*>7 and Sakata et al.” used a ML algorithm
to produce a tumour likelihood map using fluoroscopic
images. A binary classifier optimised by the extremely
randomised tree method was trained to classify images
as positive (including tumour) and negative (not includ-
ing tumour). The classifier was trained using digital
reconstructed radiographs (DRR) generated from the
4DCT. During the treatment, sliding window classification
was used to generate the tumour likelihood map. The
tumour position was predicted using the tumour
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likelihood map and prior probability tumour positions.
The system achieved an accuracy of <0.5 mm when
tested on a moving chest phantom.>* When tested on
images from eight patients, the mean (+SD) tumour
position error was 1.0 + 0.3 mm in 3D space based on
paired X-ray images.>®> Furthermore, the ML algorithm
was shown to be accurate when trained with DRRs gen-
erated from a simulated 4DCT.5”

Zhao et al.3® implemented a DL approach for marker-
less tracking for prostate and pancreatic®” cancer. The
faster R-CNN model used in these studies consisted of
two networks that share information: a region-proposed
network (RPN) and a R-CNN. The authors used a RPN to
generate proposals for the R-CNN to reduce the compu-
tation time and enable real-time target detection. The
feature extractor was the VGG16 ConvNet. A model was
trained for three different directions: anteroposterior,
left-right and an oblique. The network input can be either
digitally reconstructed radiography (DRR) or X-ray pro-
jection, and the output is a bounding box of the PTV. The
models were evaluated on simulated kV projection
images. For the pancreatic cancer model, the median
absolute deviation (MAD) between the predicted and
actual position was less than 2.6 mm for all cases and
directions.?” For the prostate cancer model, the MAD
(+SD) between the predicted and actual positions were
1.6 £+ 0.4 mm, 1.6 + 0.4 mm and 1.7 + 0.4 mm in ante-
rior-posterior, lateral and oblique directions, respec-
tively.>® The prostate cancer model was additionally
evaluated on kV images of one prostate cancer patient.
The predicted prostate position was consistent with the
position of the markers for the two kV images shown.3®
These results demonstrated the feasibility of markerless
prostate and pancreas tracking for IGRT. For clinical
implementation, it would be beneficial to expand this
method for tracking through all angles of a radiotherapy
treatment arc. For both methods, the model produced
the prediction in less than 200 ms which makes this
method feasible for real-time monitoring.

A DL method developed by Hirai et al.>® successfully
estimated lung and liver tumour positions for marker-
less tracking. A deep neural network (DNN) was trained
to produce a target probability map (TPM) that esti-
mated the tumour position. The DNN was based on an
encoder and decoder network architecture (Fig. 2b). For
training, DRR images were cropped to produce sub-
images of the target and surrounding anatomy. The
network takes the pattern of sub-images to produce the
TPM. During tracking, the fluoroscopic images are
cropped at the same positions used during the training
process on the DRR images and the target positions
were calculated based on the TPMs. The framework was
implemented on both lung and liver cases. The accuracy
was calculated using the Euclidian distance in the 3D
space between the calculated and reference tumour
position. An overall mean accuracy (+£SD) of
1.6 £ 0.7 mm was achieved for all patients. The
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framework was more accurate on liver cases achieving
a mean accuracy (+SD) of 1.4 + 0.8 mm in comparison
to 1.9 £ 0.7 mm for lung cases. This method was
shown to be feasible for real-time since the computa-
tion time was less than 40 ms.

A study by Roggen et al.3®> evaluated a DL model to
detect vertebra motion in 2D X-ray projection images.
The authors used the Mask R-CNN framework based on
ResNet101 to perform image segmentation. First, the
framework detects several regions of interest and then a
Faster R-CNN is used to process each region to deter-
mine the actual presence of the objects of interest. The
framework was trained and tested using the CBCT pro-
jections acquired using an on-board kV imaging system.
The ground truth was the forward projection of the 3D
contour of the vertebrae. The network takes a 2D kV
projection image as input and outputs a segmentation
mask and bounding box of each vertebrae. This approach
was validated on images from one patient and a patient-
like full-body phantom. When validated on the patient
images, positional changes in the range of 1.5 mm could
be detected, with a median below 0.5 mm. Sub-
millimetre accuracy was achieved when the detection of
several vertebrae was combined. Additionally, this
method can detect spinal rotations larger than 1° based
on the detection of all vertebrae in the image. Further
development is still required to achieve the same level of
accuracy and provided additional advantages compared
to current systems such as the Cyberknife system. For
spinal tracking, the Cyberknife system has an accuracy
of <0.2 mm for translational and <0.3° for rotational
directions.>®

A R-CNN was also used by Edmunds et al.>? to seg-
ment the diaphragm for lung tumour tracking with a
mean diaphragm apex error of 4.4 mm. Terunuma
et al.>! used a encoder-decoder CNN architecture for
lung tumour segmentation in DRRs. When tested on
DRRs, the tracking error was approximately 1 mm with a
processing time of 25 ms/frame for contouring and
tracking. A DL approach for segmenting lung tumours
was also developed by Takahashi et al.>® Their approach
uses a FCN trained on patient-specific DRRs. The system
was tested in a phantom study with tumours of 1, 2 and
3 cm in size. Sub-millimetre accuracy was achieved with
a mean (+SD) error of 0.5 + 0.2 mm and 0.3 + 0.2 mm
for 2 cm and 3 cm tumours, respectively. However, the
mean error increased to over 1 mm for a smaller 1 cm
tumour. The tracking system had an approximate pro-
cessing time of 33 ms/frame.

Currently, MR images can only be acquired in 2D
modality during treatment delivery.®® Therefore, the Al
approaches for motion management during MRI-guided
radiotherapy summarised in Table 3 are designed for 2D
images.>®%* A study by Cervino et al. evaluated two
approaches for tracking lung tumours in cine MRI
images.>® Cervino et al. compared an ANN model and a
template matching approach combined with surrogate
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tracking using the diaphragm. It was observed that the
template matching approach detected the tumour loca-
tion more accurately than the ANN. Yun et al.®° and Fast
et al.®® used a pulse-coupled neural network (PCNN) to
track lung tumours in cine MRI images. Yun et al.®®
reported a centroid tracking accuracy of 1.0-1.4 mm.
However, the PCNN was outperformed by multi-template
matching and deformable image registration in the study
by Fast et al.’3 A recent study compared B-spline
deformable image registration and U-net for segmenta-
tion of liver tumours in cine MRI images.®* The U-net
was found to outperform B-spline and achieved a mean
contour distance of <0.5 pixels. A ML approach that
incorporated motion prediction for tracking lung tumours
was proposed by Bourque et al.’? A RMSE of
1.3+ 0.5 mm and 2.0 +£ 0.8 mm with and without pre-
diction, respectively, shows the benefit of including
motion prediction into the tracking algorithm.

Another approach for motion tracking is to monitor for
shifts in the full anatomy or features of the surrounding
anatomy. It can be useful to monitor for shifts in the
full anatomy during the treatment to ensure that the
target volume and surrounding organs at risk remain in
position. If there are significant shifts, gating can be
performed and the patient can be repositioned. There
are a variety of Al solutions for gating based on the full
anatomy.34:66.67

An approach used in several studies is to use a binary
classifier for online treatment target verification by
determining when to turn the beam ON or OFF.34:67.68
Tang et al.%” proposed using an ANN binary classifier to
classify the lung tumour as inside or outside of the beam
aperture in cine EPID images. The ANN was trained on
DRRs with simulated tumour shifts to represent cine
EPID images. The MLC contour was superimposed on the
DRRs at different locations to simulate different tumour
positions. The CTV defined by the physician was pro-
jected onto the DRRs. The percentage of the CTV in the
beam aperture was calculated for each image. A percent-
age threshold was set to divide the images into the two
classes: inside or outside of the beam aperture. The ANN
was validated retrospectively on five lung patients. The
ANN had a classification accuracy of 98.0%, recall of
97.6% and precision of 99.7%. The proposed method
could be implemented for real-time gating during radio-
therapy when the ANN determines the tumour has
moved outside of the beam aperture.

Similarly, Lin et al.>* developed a solution for gated
radiotherapy using a binary classifier and evaluated the
performance of several types of ML algorithms. The
authors used a combination of dimensionality reduction
technique and ML algorithms. The binary classifier was
developed to classify images as beam ON or beam OFF
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based on the gating window size set during treatment
planning. The method was validated on fluoroscopic
images of nine lung cancer patients. The ANN combined
with PCA was determined to be the best candidate for
real-time gated radiotherapy. The ANN with PCA method
had a mean (£SD) classification accuracy, recall and tar-
get coverage of 96.3 4+ 1.6%, 89.9 +£7.6% and
97.8 + 1.7% respectively. Cui et al.®® investigated the
use of a SVM for the classification problem. However, the
ANN approach was shown to be more accurate than SVM
in the study completed by Lin et al.3*

An approach for volumetric reconstruction using DL
developed Shen et al.®® could be used for image-guided
radiotherapy. An encoder-decoder model was trained to
generate 3D volumetric CTs from 2D X-ray projections.
The model can be trained on the planning CT to make
the approach patient-specific. The training data set of
DRR-CT pairs was generated by producing DRR images
based on the CT. The authors investigated using 1, 2, 5
and 10 projection views as input to obtain the CT. It was
found that the underlying semantic representations of
the 3D scene were similar when different 2D projection
views are utilised. The model was validated on both
abdominal and lung CTs. The mean absolute error
between the predicted and ground truth images for
single-view reconstruction was 0.018 and 0.025 for
abdominal and lung CTs, respectively. This single-view
imaging approach is a potential solution to image-guided
interventional procedures. Another study proposed a
method for producing a volumetric image using a single
X-ray projection using PCA.%°

Similarly for MRI-guided radiotherapy, DL methods
have the potential to reduce the computation time for
image reconstruction from 2D cine MRI images. Real-
time reconstruction would allow for volumetric segmen-
tation of the target and treatment adaption. Terpstra
et al. compared four conventional and DL approaches for
image reconstruction and to estimate the motion of
abdominal cancer.”® The authors used a combination of
methods to achieve a RMSE up to 1 mm, with a process-
ing time of 60 ms.

Ultrasound-guided radiotherapy can be challenging
due to the major changes in the image content due to
motion of the anatomy and the position of the ultrasound
probe. Zhu et al.”* used a pretrained CNN for image reg-
istration of 3D ultrasound prostate images. The registra-
tion errors using the CNN were smaller than 5 mm in
81% of the cases which was an improvement over a
manual approach that had errors smaller than 5 mm in
only 61% of the cases.

There will be a latency in any system from the time to
localise, to process and to act. For any action to be con-
sidered real-time, then the system must predict (esti-
mate) localisation at a time in the future equal to the
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system latency. Common system latencies for say an
MLC tracking system are 100-400 ms. Prediction algo-
rithms are not new, and many have been applied to the
motion of targets in radiotherapy using statistical
approaches. More recently, DL approaches have been
applied to this problem.

Several studies have used ML algorithms for predicting
tumour motion based on past motion,”?®° including in
MRI-guided radiotherapy®®®2 and ultrasound-guided
radiotherapy.®® A comparison study of ML algorithms was
made by Sharp et al. and showed that most ML algo-
rithms have a lower localisation error compared to no
prediction.®* Murphy and Dieterich®> evaluated a linear
adaptive filter and an adaptive nonlinear neural networks
(NN) for the prediction of highly irregular breathing pat-
terns. The ANN was found to be more robust as it suc-
cessfully predicted all respiratory patterns, while the
linear filter failed for several patterns. For the successful
cases, the ANN achieved comparable or better accuracy
compared to the linear filter. As the latency was
increased, the ANN become significantly more accurate
than the linear filter. This indicates the ANN is superior at
predicting the future respiratory signal pattern. Ruan
et al.® showed that a local regression method can out-
perform ANN for predicting motion 1 s in advance. Based
on initial studies, Goodband et al.”® and Murphy et al.®2
proceed to optimise the performance of NNs to further
improve the prediction accuracy. These studies show that
different configurations of parameters should be tested
to optimise the ANN model. A study by Kraus et al.®”
compared the performance of respiratory motion predic-
tors based on NN, linear regression (LR), kernel density
estimation (KDE) and support vector regression (SVR).
The authors developed patient-independent models. The
predictors were validated on various sampling rates and
latencies using 3D lung tumour motion traces and the
errors were averaged over all sampling rates and laten-
cies. The prediction errors were normalised to the errors
using no prediction to give 0.44, 0.46, 0.49 and 0.55 for
NN, SVR, LR and KDE, respectively. This shows that all
the predictors approximately halved the prediction errors
compared to using no prediction. There were only small
differences between the predictors with the ANN
approach being the best predictor.

The majority of the aforementioned studies focus on
predicting respiratory motion for lung cancer treatments.
Dick et al.®®° used an ANN to predict the motion of
abdominal tumours based on the lung-diaphragm border.
The studies demonstrated that it is feasible to predict the
location of liver tumours based on the lung-diaphragm bor-
der. This method shows the potential for markerless track-
ing of abdominal tumours by tracking a surrogate organ.

More recent approaches use DL to predict the motion
trajectories of tumours. These methods commonly use
CNNSs, long short-term memory (LSTM) or fuzzy DL.100-105
Lee et al.'°® showed that a CNN model performs better
than a RNN. Lin et al.l'°® developed a LSTM-based
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generalised model to predict the patient’s respiratory sig-
nal. The neural network was trained and tested using real-
time position management (RPM) data. When tested on
unseen respiratory data with a 500 ms prediction window,
the average relative mean absolute error was 0.112 and
the root-mean-square error was 0.139. Wang et al.l®®
compared the use of LSTM networks and SVR to predict
external respiratory motion and internal liver motion. It
was found that the LSTM network performed better than
SVR. These results demonstrate the potential of LSTM net-
works for respiratory signal prediction. Romaguera
et al.'®3 incorporated convolutional LSTMs into an recur-
rent encoder-decoder model. The model proposed by
Romaguera et al. finds the deformation between input
images and then predicts the future motion. This method
has shown the potential to predict motion on MRI, ultra-
sound and CT data sets.

In the study of Park et al.,'°? a fuzzy DL model was
used to predict intra- and inter-fractional variation of
lung tumours. The fuzzy DL model combines fuzzy logic
and an ANN component. The ANN component gives the
model the ability to self-learn features and set network
parameters during training. The fuzzy logic component
improves the reasoning ability for uncertainty. This fea-
ture is useful for predicting inconsistent inter-fractional
variation. Using 192.3 ms prediction, the fuzzy method
had an RMSE of 0.5 & 0.8 mm, representing an improve-
ment of 30.0% over a CNN and hybrid motion estimation
based on extended Kalman filter. The average computa-
tion time for the model was 1.5 ms. Torshabi et al.1%*
also successfully used an adaptive neuro-fuzzy model to
predict the tumour motion based of external surrogate.
Therefore, these studies show the potential for combin-
ing fuzzy logic and NNs to achieve real-time prediction.

A unique method developed by Kim et al.1°® involved
using a CNN to predict motion of the patient in advance
based on their facial expressions. A camera was installed
in the treatment room to monitor the patient’s facial
expressions. The system had an accuracy of 85.6% for
detecting uncomfortable expressions which can be used
to provide warning about potential sudden movements.
A limitation of this approach is that only movements
associated with an uncomfortable expression will be
detected.

In the past 5 years, the world has undergone a dramatic
change with the advances of Al. Self-driving vehicles are
becoming a reality and Al defeated a world champion at
the last traditional board game that had been uncon-
quered by computers.1%7:198 Medicine, too, has started
to feel the impact of AlL. In particular, AI has been used
for a range of medical imaging applications including
organ segmentation and localisation, lesion detection
and segmentation, image registration and predicting clin-
ical outcomes.'®® DL approaches are now commonly
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used for medical image analysis due to their success in
recent years.!°%110 There is a gap for intrafraction
motion management that had the potential to be filled
by Al-based approaches. In radiotherapy, intrafraction
motion is still without a satisfactory commercial solution
on a standard linear accelerator. The requirement of
accuracy and precision in real time for a variety of tar-
gets is often a barrier for in-house developed solutions
to become mainstream: it is far easier to ensure a solu-
tion work 90% of the time in a controlled clinical trial
single-centre environment compared to a commercial
solution where it needs to be accurate 99.5% for every
centre and every patient. As discussed in the introduc-
tion, the clinical benefit of real-time intrafraction motion
monitoring is clear with mounting evidence. In the past
5 years, we have witnessed the growing application of Al
for target segmentation on kV images to address the gap
in intrafraction monitoring solutions. With AI, more
robust solutions for implanted marker tracking was
developed with claimed sensitivity up to 99.4%.33 More
excitingly, the power of Al was harnessed for markerless
tracking of the target without markers despite the low
soft tissue contrast on kV images, typically acquired on a
standard linear accelerator. Our literature search also
shows innovations of AI methods to monitor for changes
in the full anatomy. Motion of a target with some period-
icity can also be predicted ahead of time such that the
frequency of measurements can be reduced with no
decrease in tumour detection accuracy.

The use of Al for marker-based tracking approaches
has been demonstrated to be highly accurate through
several studies. All of the marker-based tracking
approaches discussed achieved sub-millimetre accu-
racy.334%45 Mylonas et al.>® and Liang et al.** use differ-
ent DL approaches due to the differences in the image
acquisition methods. The tracking window approach pro-
posed by Mylonas et al.33 is effective for continuous fluo-
roscopic imaging where the markers stay within the
tracking window in subsequent image acquisitions. How-
ever, this approach is not suitable for the discrete X-ray
image acquisition method used by CyberKnife. To over-
come this, Liang et al.** utilised the U-Net architecture
to perform semantic segmentation of the markers in full-
size X-ray images. The method developed by Mylonas
et al.>® was successfully applied to both regular and arbi-
trarily shaped markers. The performance of these sys-
tems is approaching the upper limit for accuracy
compared to the ground truth. Due to the previously dis-
cussed disadvantages of marker-based tracking, future
work would more likely be focused on implementing
markerless-based approaches.

To date, several studies have demonstrated the poten-
tial to eliminate the use of markers altogether through
markerless tracking.3°37:50-5557,59-64 Tha jmplementa-
tion of markerless tracking is considered the ideal tech-
nique for the patient and the healthcare system due to
its non-invasiveness. Markerless-based approaches for
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radiotherapy using Al have been developed for the pan-
creas, prostate, liver, lungs and vertebrae thus far. The
ML approaches were only applied to lung tumour track-
ing,>0-54:55:59,62 while DL approaches were used for other
sites. This may indicate that ML is outperformed by DL at
sites that have a lower contrast. Several studies applied
an R-CNN approach for tracking the target.3>37:52 The R-
CNN approach helps to reduce the computation time by
producing region proposals. This is ideal for real-time
applications since it is important to have minimal latency.
The majority of markerless tracking approaches in cine
MRI images focused on lung tumour. Other low-contrast
sites such as the pancreas and prostate stand to benefit
from MRI-guided radiotherapy due to improved tissue
contrast. The markerless approaches do not achieve the
same level of accuracy in comparison to marker-based
approaches. Therefore, there is still the opportunity to
further improve the performance of these systems.

Another approach for IGRT is the monitoring of
changes based on the full surrounding anatomy. The
majority of these methods do not produce a geometric
measurement that can allow for real-time motion com-
pensation. These approaches are ideal for performing
gating during the treatment. Several studies used binary
classifiers to determine whether the target is within view
for gating purposes.3#67:58 Novel single-view reconstruc-
tion methods show potential for use during IGRT ©6:5°,
Single projections acquired during the radiotherapy frac-
tion could be used for 3D reconstruction during the treat-
ment. The reconstructed volumes could be compared to
the pre-treatment CBCT to determine whether intrafrac-
tion shifts have occurred. However, the typical time for
the 3D reconstruction method developed by Shen et al.
is around 0.5s.°° Therefore, further refinement is
required to improve the efficiency of this method to allow
for real-time implementation. For ultrasound-guided
radiotherapy, a CNN can perform image registration of
3D ultrasound prostate images for motion manage-
ment.”! Proton therapy could benefit from the implemen-
tation of the aforementioned algorithms. Clinical results
of proton therapy to date have not met the original high
expectations. A commonly cited reason for this discrep-
ancy is the lack of effective image guidance for proton
therapy.t**113 One prospective randomised trial for lung
cancer estimated a threefold reduction in lung toxicity
with proton therapy compared with X-ray therapy from
15% to 5%. The actual results in practice were the oppo-
site, with 11% lung toxicity (radiation pneumonitis grade
>3) in the proton therapy arm and 7% in the X-ray
arm.1* To this end, using Al to reconstruct real-time 3D
volumes could be useful in both target localisation and
3D range uncertainty quantification during proton ther-
apy treatments of internal targets.

For motion adaptation, a latency typically exists from
the time the motion was observed and when the radio-
therapy system can adapt it. The latency of the motion
management system needs to be minimised to enable
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real-time adaption. Real-time is defined by the AAPM
Task Group 264 as a system latency below 500 ms.!*> To
achieve real-time motion adaption, there is a prolific
body of work that looks at motion prediction using ML
and DL methods. Al-based predictors have demonstrated
high accuracy in predicting the motion of tumours in the
lung and abdomen. While there were mixed results in
earlier studies comparing various ML algorithms, ANNs
were close to or were the best performing methods. DL
approaches have further improved the accuracy of
motion prediction more recent studies.

Finally, the use of Al in motion tracking is in its early
days. At the time of this review, the number of AI papers
for intrafraction motion monitoring is modest compared
with other areas of radiotherapy such as automatic con-
touring. Yet, the change was dramatic and hinted at
unprecedented potential. Solutions such as markerless
tracking of the liver, pancreas or prostate, which were
often cited as the reason for MRI-linac use are no longer
far-fetched ideas for standard linear accelerators. How-
ever, most of the featured studies are initial tests con-
ducted with often off-the-shelf algorithms, adopted from
other areas of medicine and computer vision and small
data sets. Furthermore, there is a range of potential pit-
falls. Similar to other areas of medicine where quality
assurance is key to ensure patient safety, there is cur-
rently a lack of standardisation in data sets and reporting
metrics. Many studies use DRRs due to a lack of large,
annotated data sets. The development of publicly avail-
able data sets and the standardisation of clinically rele-
vant evaluation metrics would enable the growth and
benchmarking of AI solutions. A major concern is the
robustness of algorithms since the performance of the
algorithms may be correlated to the particular data set
used for training.''® For example, if an organisation
upgraded the hardware or software in their imaging sys-
tem, the imaging data may change in some form. This
data set shift could potentially affect the performance of
the AI algorithm that was developed using data prior to
the change. Large publicly available data sets have the
potential to solve this and improve the robustness of the
algorithms, reducing the effects of data set shifts. Ethical
and legal concerns are another key issue that may pre-
vent clinical implementation. Data privacy is one chal-
lenge that organisations will have to deal with in order to
create large, annotated data sets for the development of
Al solutions. Patients may have concerns about who has
access to their data, whether their data are being used
for subsequent projects or being commercialised, and
the risk of privacy breaches.!!” There is also the poten-
tial for bias to occur if the models are trained and then
deployed on different patient demographics, leading to
specific patient populations receiving improved treat-
ments over others.'®

While there are several concerns associated with Al
that make clinical implementation difficult, ML and DL
are becoming increasingly explored for motion tracking
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due to the apparent strengths of these approaches. With
the surge of AI publications in other research fields
including medical imaging, there are many well-
established algorithms.1%%*10 Therefore, it is relatively
easy to choose and implement an already established
algorithm depending on the specific application. Another
advantage is that many of the discussed Al approaches
have low latency during inference which meet require-
ments outlined by the AAPM Task Group 264.11° As dis-
cussed above, the crucial next steps to translate Al
solutions for intrafraction motion monitoring are (i) the
development of large annotated database and (ii) stan-
dardisation of the reporting metrics. This will help to
ensure that the Al algorithms are robust to different sys-
tems and populations, achieving similar impact of the
ImageNet data set on the development of deep learn-
ing.''® Furthermore, the development of consensus reg-
ulations and guidelines regarding the use of Al would be
beneficial and help enable clinical implementation. At the
time of writing, the authors believe that we are at the
inflection point for real-time intrafraction motion moni-
toring and the use of Al for motion tracking will continue
to develop and increase.

The growth of Al in the field of medicine and image pro-
cessing has led to its implementation in motion monitor-
ing during radiotherapy. AI approaches have shown great
success in tracking markers with improved accuracy
compared to traditional methods. Furthermore, AI meth-
ods have demonstrated the potential to eliminate the
use of markers altogether through markerless tracking.
The algorithms for monitoring intrafraction changes in
the full anatomy demonstrate the potential for monitor-
ing the full anatomy in the field of view. There is a
latency associated with these AI approaches and other
traditional methods due to the time for computation and
motion compensation. However, Al has also been
demonstrated to solve this problem by accurately pre-
dicting future motion. With the continued improvement
of Al techniques, we can expect to see further refine-
ment of monitoring the target during radiotherapy using
a standard linear accelerator.
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3

Patient-Specific Prostate Segmentation in
Kilovoltage Images for Intrafraction Mon-
itoring via Deep Learning

This chapter introduces the deep learning framework utilised throughout this the-
sis for real-time, markerless tracking on a standard linac. A conditional Generative
Adversarial Network was applied to markerless prostate segmentation and was
validated on multi-centre data from two clinical trials. Aim 1 is addressed by con-
ducting the first large-scale proof of principle for x-ray-based markerless prostate
segmentation on a standard linac. The framework demonstrated accuracy within
several millimetres and no correlation between the observed motion and error, in-
dicating its ability to detect cases of large motion. This chapter is under review
in Communication Medicine as “Mylonas, A., Li, Z., Mueller, M., Booth, J., Brown,
R., Gardner, M., Kneebone, A., Eade, E., Keall, P., & Nguyen, D. T. Patient-specific
prostate segmentation in kilovoltage images for radiation therapy intrafraction

monitoring via deep learning.”
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3.1 Abstract

During radiation therapy, the natural movement of organs can lead to cancer underdose and
healthy tissue overdose, compromising treatment efficacy. Real-time image-guided adaptive
radiation therapy (IGART) can track the tumour and account for the motion. Typically, fiducial
markers are implanted as a surrogate for the tumour position due to the low radiographic con-
trast of soft tissues in kilovoltage (kV) images. A segmentation approach that does not require
markers would eliminate the costs, time delays, and risks inherent to marker implantation.
In this study, we take an important step towards clinical implementation through the first
large scale proof-of-principle of x-ray-based prostate markerless segmentation for globally
available cancer therapy systems. We demonstrate the feasibility of a deep learning approach
with kV images across an entire radiation therapy delivery arc from 30 prostate cancer patient
treatments. Markerless segmentation via deep learning will allow for IGART on conventional
cancer therapy systems without requiring additional hardware, leading to more efficient radi-

ation therapy for more patients.

3.2 Introduction

Image guidance is vital for interventional procedures such as radiation therapy, needle biopsy
and surgery. During radiation treatments, the tumour and surrounding anatomy are dynami-
cally moving, in accordance with normal physiological processes. This makes image guidance
a necessity throughout the duration of treatment to monitor tumour motion and, therefore,
ensure adequate dose coverage of the tumour. Motion monitoring is essential for high dose
treatments, such as stereotactic body radiation therapy (SBRT), where high radiation dose per
treatment fraction is prescribed with small geometric margins, ultimately demanding high pre-
cision.'? For prostate cancer, the effect of motion can result in up to 19% less radiation dose
delivered to the prostate in one fraction compared to the prescribed dose per fraction.® Hewson
et al.' found that SBRT prostate cancer patients treated without real-time motion adaptation
resulted in underdosing to the clinical treatment volume (CTV) of up to -5.6% and overdosing
to the rectum and bladder of up to 1.2% and 8.5% respectively. With mounting evidence on
the detrimental effects of underdosing tumours and overdosing organs at risk during treat-

ment, the American Society for Radiation Oncology recommended imaging during treatment
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to continuously monitor the tumour motion for high dose radiation treatments.*

Real-time image-guided adaptive radiation therapy (IGART) can be used to estimate the
tumour location during radiation therapy to improve dose coverage and reduce the radiation
dose to healthy tissue.” IGART can be performed by acquiring kilovoltage (kV) images dur-
ing treatment using the on-board imager that is routinely installed on conventional radiation
therapy treatment systems. A robust segmentation method can be used to accurately deter-
mine the tumour position. For conventional therapy systems, real-time motion monitoring
methods typically track implanted fiducial markers as surrogates to the tumour, especially for
organs and tumours with low radiographic contrast, such as the prostate.® ! Fiducial markers
and the implantation procedure adds time delays, additional costs, and risks. The treatment
delays are a result of surgery wait time and the time for the markers to stabilise.'* Some
risks associated with the implantation of markers include infection, haematuria, rectal bleed-
ing, and patient discomfort from the surgery.'*!* Furthermore, marker migration can result
in tracking errors,’® and the metal artefacts produced from markers in computed tomography
(CT) images may result in treatment image matching errors.'® Currently, patients who are not
candidates for marker implantation due to contraindications cannot receive real-time IGART.
A worldwide survey relating to respiratory motion management found that 71% of radiation
therapy centres wish to implement targeted radiation therapy but are limited by resources and
capacity.'’ Ideally, real-time motion monitoring should not require any additional procedures
or hardware. A markerless-based approach using a conventional therapy system would help
make real-time IGART accessible to all patients without additional hardware.

In this study, we perform markerless prostate segmentation in kV images with a patient-
specific model by leveraging deep learning. During treatment, the treatment beam rotates
around the patient delivering radiation from multiple angles. It is important to track the
prostate continuously to account for motion that may result in suboptimal tumour control
and increased toxicities. Although random motion within the planning treatment volume
(PTV) is accounted for in the prescribed dose, large motion can have significant dosimetric

1 demonstrated reduced toxicities

impact. For prostate radiation therapy, the MIRAGE tria
when using magnetic resonance imaging (MRI) guidance while the SPARK trial'® achieved
dose improvements using x-ray guidance. In the SPARK trial, the prostate CTV received a
dose 5% less than the planned dose in 11% of treatments without real-time tracking, compared

to 0% with real-time tracking.'” In a Memorial Sloan Kettering trial, the prostate CTV received
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a dose 5% less than the planned dose in 6% of patients without real-time tracking, compared
to 0% with real-time tracking.? Furthermore, motion management is critical for the coverage
of smaller targets or organs at risk (such as focal boosting? or urethral sparing), which are
more susceptible to motion.

Recently, artificial intelligence (AI) for fluoroscopic and MRI guided radiation therapy has
shown great potential.” Markerless-based approaches have been developed for lung,** di-

2728 prostate,?’ and head and neck.** We take an important step

aphragm,?® liver,?* pancreas,
towards clinical implementation through the first large scale proof-of-principle of x-ray-based
markerless tracking for globally available cancer therapy systems (Fig. 3.1). Our method uses
a deep learning model trained on synthetic two-dimensional (2D) images derived from the
three-dimensional (3D) planning CT and prostate contour. Our study presents the full offline
method development that can be incorporated into the treatment workflow, as shown in Fig.
3.2. Here we use a patient-specific conditional Generative Adversarial Network (cGAN) to
segment the prostate in 2D kV images. A patient-specific model is advantageous as it requires
less data than training a generalised model. Furthermore, it allows the model to learn features
most relevant to the specific patient under treatment and can be applicable to patients imaged
using different imaging systems. This patient-specific approach can eliminate potential biases
that may be present in generalised models.?! Our approach leverages the patient’s own imag-
ing and planning data that are available prior to the commencement of their treatment. The
cGAN model was evaluated on two datasets using imaging data with and without markers
from four different clinical sites in Australia. The datasets each have different uncertainties
related to the ground truth creation. As such, we assessed the model’s performance on both
datasets to gauge its effectiveness considering these varying uncertainties. Our results indi-

cate that the prostate can be segmented without markers in x-ray images with a high degree

of accuracy.

3.3 Results

Fig. 3.1 provides a detailed overview of our deep learning study. For our study, two sepa-
rate datasets were used to evaluate the performance of the cGAN segmentation: the masked
dataset (Fig. 3.1a) and the markerless dataset (Fig. 3.1b). Ground truth annotation by clinicians

in each kV image was not feasible due to the low soft tissue contrast of the images. There-
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Fig. 3.1 | Study Overview. (a) The masked dataset was generated from imaging data of
prostate cancer patients with implanted fiducial markers. The markers were used to align the
ground truth contour and were masked out to avoid biasing the model. (b) The markerless
dataset was generated from imaging data of prostate cancer patients with no implanted fidu-
cial markers. The kilovoltage images were shifted based on the soft tissue registration for each
fraction. (c) The data were used to train a conditional Generative Adversarial Network (cGAN)
for each patient consisting of a UNet generator network, G, and a PatchGAN discriminator net-
work, D. (d) The cGAN model was evaluated using the testing data and the performance was
quantified using the centroid tracking error, Dice similarity coefficient (DSC), mean surface
distance (MSD), and average Hausdorft distance (HD,yg).
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Fig. 3.2 | Simulated real-time clinical study of the deep learning method. The workflow
for automatic prostate tracking is comprised of two key components: before treatment and
during treatment. A patient-specific conditional Generative Adversarial Network (cGAN) is
trained prior to the patient’s treatment using 36,000 synthetic 2D images derived from the
3D planning CT and prostate contour data. The cGAN generator network is used during the
treatment to segment the prostate. The location of the segmented prostate can be used for
motion management.

fore, the ground truth was generated using a different approach for each dataset. The masked
dataset was generated from imaging data of 16 prostate cancer patients with implanted fidu-
cial markers. The markers were used to annotate the real-time location of the prostate in the
kV images. During testing of the model, the real-time prediction of the prostate location could
be compared with the ground-truth prostate location, using the implanted markers as surro-
gates. The fiducial markers were removed in the training and testing data to avoid biasing the
deep learning model. Marker removal was achieved by smoothly interpolating inwards from
the pixel values surrounding the marker with Poisson noise subsequently applied to the kV
images. Manual visual inspection of each kV image was performed to ensure that the markers
were masked and no longer visible.

The markerless dataset included imaging data of 14 prostate cancer patients with no im-
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planted fiducial markers. A rigid shift of the kV images was applied based on an expert’s
registration performed between the planning CT and reconstructed cone beam computed to-
mography (CBCT). Therefore, the ground truth in the markerless dataset was defined by the
average location of the prostate rather than the real-time location. The markerless dataset
does not provide a gold standard for intrafraction motion as the ground truth is based on the
average location. The observed motion may be a result of the prostate not being at the average
location rather than the detection of intrafraction motion.

For this approach to be clinically feasible, the patient-specific model must be trained using
data available prior to the patient’s first treatment. In the conventional clinical workflow, a
patient will receive a planning CT several days or weeks prior to the first treatment which is
used by clinicians to contour the relevant volumes and plan the treatment. Therefore, we can
use this available data to train the model with sufficient time prior to the patient’s first treat-
ment. The inputs to the model were the planning CT and prostate contour 3D volumes (Fig.
3.1c). The volumes were forward projected to produce 36,000 synthetic 2D images simulating
kV images from different projections angles. The images produced from the planning CT were
each paired with the respective image produced from the prostate contour. To segment the
prostate in the 2D kV images, we used a cGAN with a UNet for the generator architecture
and a PatchGAN for the discriminator architecture. Details about the network architecture
are included in Methods and Extended Data Fig. 3.1. The mean (+ standard deviation) training
time including data generation and augmentation was 9.7 + 0.7 hours with a maximum time of
10.7 hours when trained on a desktop computer with an Intel® Xeon® Gold 6248R processor
(3.0 GHz) with 256 GB RAM and a NVIDIA® RTX A6000 Graphics Processing Unit (GPU).

We evaluated the models using kV images from two fractions of each patient’s treatment
(Fig. 3.1d). The kV images were acquired during patient setup to reconstruct the CBCT.
The centroid errors of the cGAN segmentations for all patients are represented in Fig. 3.3
and Extended Data Tables 3.1 and 3.2. The centroid errors are presented in the anterior-
posterior/lateral (AP/LAT) and superior-inferior (SI) directions with a pixel size of 0.26 mm.
The AP and LAT directions are combined due to the rotational geometry of the treatment
beam. For the masked dataset, the mean (+ standard deviation) error across all patients was
0.7 £ 1.9 mm and -0.2 + 1.9 mm in the AP/LAT and SI directions, respectively (Extended Data
Table 3.1). The mean absolute deviation (MAD) was 1.4 mm and 1.5 mm in the AP/LAT and

SI directions, respectively. The 5% and 95™ percentiles were -2.4 and 4.0 mm in the AP/LAT
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direction, and -3.4 and 3.5 mm in the SI direction (Extended Data Table 3.1). Similar perfor-
mance was observed for the markerless dataset. The mean error for all patients was 0.1 + 1.8
mm and -0.6 + 1.9 mm in the AP/LAT and SI directions, respectively (Extended Data Table 3.2).
The MAD was 1.4 mm and 1.6 mm in the AP/LAT and SI directions, respectively. The 5" and
95% percentiles were -2.8 and 3.1 mm in the AP/LAT direction, and -4.0 and 2.6 mm in the SI
direction (Extended Data Table 3.2).
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Fig. 3.3 | Violin plots of the centroid error results. The errors in the centroid location of the
cGAN segmentation versus the ground truth for each patient in the anterior-posterior/lateral
(AP/LAT) directions (red) and superior-inferior (SI) directions (yellow) for the (a) masked
dataset and (b) markerless dataset. The bars represent the median (thick) and quartiles (thin).

The correlation between the magnitude of motion and the absolute errors for all patients
in the masked dataset is shown in Fig. 3.4. The error was found to be independent of the
observed motion with low Pearson correlation coefficients of 0.113 and -0.073 in the AP/LAT
and SI directions, respectively. Fig. 3.4 shows a Bland-Altman plot of the observed motion
versus the centroid error. The mean is low in both directions suggesting minimal bias between
the measurements. The difference between the measurements does not tend to get larger as
the average increases.

The performance of the cGAN in terms of the Dice similarity coefficient (DSC), mean sur-
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Fig. 3.4 | Comparisons between the observed motion and centroid error for the
masked dataset. Scatter plots (left) comparing the observed motion and the error for each
direction. The Pearson correlation coefficient is displayed on each scatter plot. Bland-Altman
plots (right) comparing the observed motion and the error for each direction.

face distance (MSD), and average Hausdorff distance (HD,y;) is presented in Fig. 3.5 and Ex-
tended Data Tables 3.3 and 3.4. For the masked dataset, the predicted and ground truth seg-
mentations have high agreement, with a mean (+ standard deviation) DSC across all patients
of 0.91 % 0.04. The 5" and 95 percentiles of the DSC were 0.84 and 0.95. The mean MSD and
HD,,, were 1.73 + 0.67 mm and 1.83 + 0.71 mm respectively (Extended Data Table 3.3). Similar
performance was observed for the markerless dataset with a mean DSC for all patients of 0.91
+0.04 and 5™ and 95" percentiles of 0.84 and 0.95. The mean MSD and HD,,, were 1.77 + 0.70
mm and 1.86 + 0.72 mm respectively (Extended Data Table 3.4).

The mean centroid error and DSC results at each imager angle are presented in Fig. 3.6. For
the masked dataset, the mean error in the SI direction was consistent across all angles while
the error in the AP/LAT direction has a positive offset for the first 180 degrees (Fig. 3.6a). For
the masked dataset, the mean error in the AP/LAT and SI direction was consistent across all

angles (Fig. 3.6b). The DSC results show consistently worse performance for each dataset at
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the post-oblique angles (Fig. 3.6a,b). At these angles, the x-ray path length is towards the
maximum as it beams through the pelvis. The difference in the model performance in the
range of 270-330° for the masked dataset and 290-90° for the markerless dataset is a result of
the variable number of samples at each angle. The kV images were obtained through a sub-arc
acquisition method. Consequently, there are fewer samples available for angles within the

aforementioned ranges compared to other segments of the arc.
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Fig. 3.5 | Violin plots of the geometric assessment metrics. The DSC (red), MSD (yellow),
and HD,,, (purple) between the cGAN segmentation and ground truth for each patient. The
bars represent the median (thick) and quartiles (thin). DSC, Dice similarity coefficient; MSD,
mean surface distance; HD,,,, average Hausdorff distance.

The time taken for the trained network to generate the segmentation was approximately
10 milliseconds per image using the desktop computer described earlier. An example of the
c¢GAN and ground truth segmentations at different image angles of four patients are shown in
Fig. 3.7. This figure demonstrates the best and worst performing patient in each dataset based
on the mean DSC (Fig. 3.7). It can be observed that for all patients, there is strong agreement

in the shape of the segmentation. While there is strong agreement in shape, there is an offset
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in the centroid positions for the worse performing segmentations.

The results presented in Fig. 3.8 show example tracking results for the average performing
patient in each dataset based on the mean DSC. One fraction each with 500 kV images are
shown. The tracking system was able to maintain tracking throughout both fractions. The
error in the SI direction is typically lower compared to the AP/LAT direction (Fig 3.8c). The
predicted and ground truth segmentations agree well with each other with a DSC around 0.9

across both patients (Fig. 3.8d).
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Fig. 3.6 | Centroid error and Dice similarity coefficient (DSC) results based on imager
angle. The mean (red) with the 5* and 95% percentiles (yellow) of the centroid error and DSC
across the entire radiation therapy treatment arc for the (a) masked dataset and (b) markerless
dataset. AP/LAT, anterior-posterior/lateral; SI, superior-inferior.

3.4 Discussion

Our results demonstrate that a patient-specific deep learning model can be used to detect cases
of high motion using real-time markerless prostate segmentation. We accomplished this using
data acquired from a conventional radiation therapy system at four different cancer treatment

centres. The tracking accuracy was 0.7 + 1.9 mm and -0.2 + 1.9 mm in the AP/LAT and SI direc-
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Fig. 3.7 | Example ground truth and prediction segmentations for four patients. Com-
parison of the ground truth (red) versus conditional Generative Adversarial Network segmen-
tation (yellow) at imager angles of 90, 120, 150, and 180 degrees. The best and worst performing
patient in each dataset based on the mean Dice similarity coefficient (DSC) are shown. The
DSC is reported for each image. AP/LAT, anterior-posterior/lateral; SI, superior-inferior.

tions for the masked dataset. A similar performance was observed for the markerless dataset
with 0.1 + 1.8 mm and -0.6 + 1.9 mm in the AP/LAT and SI directions, respectively. The masked
dataset results indicate that the method maintains consistent accuracy across varying magni-
tudes of motion, as the errors are uncorrelated with the observed motion (Pearson correlation
coefficients: 0.113 and -0.073 for AP/LAT and SI directions, respectively). The Bland-Altman

analysis further supports this, showing minimal bias between the measurements and no trend
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Fig. 3.8 | Tracking and Dice similarity coefficient (DSC) results for two patients. The
prostate centroid position in the (a) anterior-posterior/lateral (AP/LAT) and (b) superior-
inferior (SI) directions of the conditional Generative Adversarial Network (cGAN) segmenta-
tion in comparison to the ground truth. (c) The centroid error between the cGAN segmentation
and the ground truth. (d) DSC between the cGAN segmentation and ground truth.

of larger errors with increasing averages.

From a study of 17 patients, Langen et al. reported the 3D prostate displacement was >3
mm and >5 mm approximately 14% and 3% of the time, respectively.** These prostate motion
measurements are similar to those reported by Su et al. indicating 17% and 5% of time for the
corresponding displacements.* Both studies highlighted the increased likelihood of displace-
ment of the prostate with elapsed time.**** Therefore, real-time motion monitoring is essential
for treatment regimens where the treatment time is increased, such as with hypofractionated
SBRT. For radiation therapy treatments, a PTV margin is applied around the prostate to ac-
count for treatment setup errors and intrafraction motion. For prostate radiation therapy, a
PTV of 10 mm is used when using skin marks or bony anatomy for set up and 5-8 mm when
using soft tissue registration or implanted markers.** These margins were further reduced for
motion management treatments. In the SPARK trial, which used x-ray guidance, margins of 3
mm posteriorly and 5 mm in other directions were used." In the MIRAGE trial, which used
MRI guidance, 2 mm isotropic margins were used.'® Our model successfully tracks within the
acceptable margins for standard and x-ray guidance treatments.

Our results are insensitive for motion in the plane perpendicular to the detector plane as
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model estimates the position in the 2D kV image frame of reference. For clinical use, there
will need to be implementation of an algorithm to infer the 3D target coordinates from the 2D
kV images. For marker-based tumour tracking, a method for 3D target estimation using the
marker positions in 2D images has been clinically implemented.* Other successful approaches

3738 or a Kalman filter.?® These estima-

include using a 3D Gaussian PDF,*® Bayesian inference,
tion methods could be adapted using the segmentation boundary or centroid for our approach.
While our accuracy is reported in 2D, making direct comparisons with other studies difficult,
we can expect that the model would be useful for detecting high motion cases. Given the high
mean DSC achieved on both datasets (masked: 0.91 + 0.04; markerless: 0.91 + 0.04), gating
could be performed when a defined percentage of prostate moves outside of a set treatment
boundary.

Current x-ray-based methods for tracking the prostate during radiation therapy rely on
implanted fiducial markers.¢™'! Further refinement of the method is required to reach the sub-
millimetre accuracy offered by marker-based methods, which remain the clinical benchmark.

There is minimal literature on tracking the prostate without markers. Zhao et al.*

developed
a deep learning model to identify the rectangular bounding box containing the prostate in
simulated images for ten patients at three specific angles: anterior-posterior, left-lateral and
oblique.? Zhao et al. achieved a MAD of 1.58-1.67 mm across the three angles when tested
on simulated images. Our large multi-centre study demonstrated comparable performance
on treatment-acquired kV images with a MAD of 1.4-1.6 mm across all angles and datasets.
However, a larger error distribution was observed in our study. The larger error distribution
may be attributed to the more challenging evaluation on treatment-acquired kV images with
scatter presence, compared to evaluation on simulated images at defined angles. Zhao et al.
reported an increase in the MAD to 2.29 mm when evaluating the models on kV images for a
subset of patients demonstrating the increased difficulty.

Deep learning approaches have been developed for other sites including lung,** di-

2128 prostate,” and head and neck.*® Our method performs with

aphragm,? liver,?* pancreas,
a similar accuracy when compared to the markerless approaches for other anatomical sites.
However, it should be noted that markerless tracking of the prostate and pancreas is more
difficult than the other sites due to the lower soft tissue contrast. MRI linear accelerators

(linacs) are an alternative for IGART due to improved soft tissue contrast compared to kV im-

ages.'? However, MRI-linacs are an expensive treatment option for patients and are not widely
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available compared to standard linacs.*® Deep learning approaches for markerless MRI-guided

4142 and liver*®® tracking.

radiation therapy have typically focussed only on lung

Our model has several features that make it an ideal candidate for clinical implementa-
tion. First, the model takes 9.7 + 0.7 hours on average to train including data generation and
augmentation, making it feasible for patient-specific training in between the patient’s plan-
ning session and the first treatment. Multiple models can be trained simultaneously, and the
training time could be further optimised through computer enhancements. Second, the in-
ference time of the model was 10 ms on average per image. This makes the model suitable
for real-time applications as the AAPM Task Group 264 defines real-time as a system latency
below 500 ms.** A single model approach for tracking at all angles across the entire treatment
arc is less computationally intensive and more clinically relevant than using several models
for discrete angles. Third, the model produces a segmentation of the prostate which when
combined with 3D target estimation can be beneficial for other applications such as real-time
dose optimisation.* Finally, the model is patient-specific, allowing it to learn features relevant
to the specific patient and imaging system. The robustness of health Al algorithms is a major
concern. *® Often the performance of an algorithm can be correlated to the particular data used
for training. However, this is not a concern for our study as the patient specific model has been
tested across four different cancer treatment centres, achieving a similar performance across
all patients. As the model is agnostic to the prostate characteristics, it could be easily adapted
to include other treatment targets such as the pelvic lymph nodes or organs at risk.

However, there are risks associated with tumour tracking algorithms. If the algorithm pro-
duces inaccurate results, it could potentially disrupt a treatment that is proceeding as expected.
One strategy to address this would be to incorporate a confidence metric so that low confi-
dence results do not disrupt the treatment. Additionally, the beam delivery could be paused
only when the tumour motion exceeds a pre-set tolerance for a pre-defined time to negate
random errors. Other risks can include failure to detect clinically significant motion. One
potential solution would be to incorporate redundancy through multiple tracking algorithms.
The additional algorithms tracking the surrounding organs at risk may assist with detecting
all significant motion.

Our study is not without limitations. The first limitation are the uncertainties related to
the ground truth of the prostate in the kV images. Due to the low soft tissue contrast in the

kV images, it is not possible to manually contour or label the prostate. Therefore, other solu-
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tions were required to generate the ground truth. We developed two methods of producing
the ground truth. The aim was that results together, from both methods, would reduce the
uncertainties related to the results. The masked dataset was generated from imaging data of
prostate cancer patients with implanted fiducial markers. The markers were used to annotate
the real-time location of the prostate in the kV images and were then masked out. The method
for localisation of the markers has shown sub-millimetre accuracy.’® However, fiducial mark-

47749 and may therefore limit the accuracy of the

ers are subject to 1-2 mm surrogacy errors
ground truth prostate segmentation.

The markerless dataset was generated from imaging data with no implanted fiducial mark-
ers. Since it is not possible to annotate the real-time location, the kV images were rigidly shifted
based on image registration performed between the planning CT and treatment CBCT giving
an average location. The uncertainties related to soft-tissue registration between the CBCT
and planning CT are typically between 1-3 mm.>*°! The results from these two ground truths
combined provide increased certainty of the model performance for markerless tracking. The
two approaches rely on the planning CT prostate contour which can have uncertainties relat-
ing to intraobserver and interobserver variability. Additionally, utilising the planning CT con-
tour for training does not account for potential deformation of the prostate between planning
and treatment. Prostate deformation has been reported to have a mean and standard devia-
tion of 0.6 mm and 1.7 mm, respectively.’* Furthermore, it was found that anterior-posterior
displacement of the prostate centre of gravity is highly correlated with deformation in the
middle-anterior and posterior segments.> Therefore, the prostate deformation and resulting
shift in the centre of gravity may affect the model performance.

The augmentation applied to the training dataset only accounted for the motion of the en-
tire patient, excluding anatomical motion. In previous work, we used realistic deformations to
train a deep learning model for head and neck tumour segmentation, demonstrating that this
approach enhanced robustness to patient motion.** However, head and neck tumours exhibit
different motion and deformation characteristics compared to the prostate. Initial experiments
using a similar augmentation approach to shift the prostate and deform surrounding soft tis-
sue did not improve performance and significantly increased training time due deformation
computations. Therefore, we focused on optimising performance and training time by using
rigid shifts alone.

The second limitation is that the model was evaluated using kV images acquired during
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patient setup rather than intrafraction kV images. For the masked dataset, the intrafraction
kV images were collimated. As a result, the surrounding anatomy is not visible making the
images unsuitable for segmentation. Additionally, for the markerless dataset we prioritised the
quality of our ground truth and hence used kV images from patient setup for this study. To
generate the ground truth for the markerless dataset, image registration was required between
the treatment 3D CBCT and planning CT to determine the average location. Therefore, we
could not generate the ground truth for the intrafraction kV images in the markerless dataset.
While kV images from patient setup provide superior quality to intrafraction kV images, state-
of-the-art clinical systems provide solutions to minimise the effect of megavoltage (MV) scatter
from the treatment beam and provide an improved kV image quality. One such solution is
trigged imaging that is incorporated into Varian systems.’® Triggered imaging improves kV
image quality by placing the treatment beam on hold prior to acquisition of each triggered
image in order to eliminate the effect of MV scatter. The simple solution of frame averaging
has been previously used to reduce noise in the images.** As our model is trained on a case-

by-case basis, it can benefit from future research that improves kV image quality.

3.5 Outlook

Our study is the first large scale proof-of-principle of x-ray-based markerless tracking for
globally available cancer therapy systems, providing an important step towards clinical im-
plementation. The results demonstrate the potential of our method to be expanded to other
soft tissue organs such as the pancreas, liver, and kidneys. Our approach only requires x-
ray images during treatment which in principle, covers all linear accelerators from Elekta,
Varian, and other manufacturers. Our markerless method will help make IGART treatments
accessible for all patients, eliminating the time delays, costs and risk associated with marker
implantation. Future work will look at the development of a single software solution with the
model for clinical implementation. The software solution can then be experimentally tested
on a conventional radiation therapy system using a phantom and prospectively with a quality

assurance procedure.
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3.6 Methods

Masked dataset. The masked dataset was generated using imaging data of patients with
implanted fiducial markers which were masked-out for training and analysis (Fig. 3.1a). The
dataset was constructed using the imaging data of 16 prostate cancer patients undergoing radi-
ation therapy in the TROG 15.01 SPARK trial.>® The patients that were used in this study were
treated on the TrueBeam (Varian Medical Systems, Palo Alto) Linac across three different sites
(Calvary Mater Newcastle, Australia; Westmead Hospital, Australia; Peter MacCallum Cancer
Centre, Australia). We collected the planning CT, physician contours, and kV images from two
fractions of each patient associated with this cohort. The kV images were acquired during pa-
tient setup to reconstruct the CBCT. We utilised 500 kV images from each fraction, giving a
total of 16,000 kV images. Each patient had three cylindrical gold fiducial markers implanted
in their prostate. The training data were the 3D planning CT and 3D prostate contour. The test
data were generated using the kV images from two fractions. The prostate contour volume was
projected as a 2D digitally reconstructed radiograph (DRR) for each kV image angle. The DRRs
were generated using the Reconstruction Toolkit®” and the Insight Toolkit.’® We employed the
traditional DRR algorithm as derived by Madden et al.>® The ground truth was generated by
aligning the prostate only DRR with the kV images based on the implanted fiducial markers.
The marker positions were labelled using a previously developed deep learning framework '
with manual verification. Following alignment, the fiducial markers were masked out in all
volumes, DRRs, and kV images to avoid biasing the model. The masking algorithm uses the
regionfill function in MATLAB (The MathWorks, Inc.) to smoothly interpolate inwards from
the pixel values surrounding the marker by calculating the discrete Laplacian and solving the
Dirichlet boundary value problem. Poisson noise was applied to the kV images following in-
terpolation.

Markerless dataset. The markerless dataset was generated using imaging data of pa-
tients with no implanted fiducial markers (Fig. 3.1b). The dataset was constructed using the
imaging data of 14 prostate cancer patients undergoing radiation therapy in the OPTIMAL
trial (NCT03386045).%° This trial treated patients on the TrueBeam STx (Varian Medical Sys-
tems, Palo Alto) Linac at Royal North Shore Hospital, Australia. We collected the planning CT,
physician contours, and kV images from two fractions associated with this cohort. As with the

masked dataset, the kV images were acquired during patient setup to reconstruct the CBCT.
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We utilised 500 kV images from each fraction, giving a total of 14,000 kV images. The training
data were generated in the same way as the masked dataset. Since these patients did not have
implanted fiducial markers, the ground truth was generated using shifts based on image reg-
istration performed between the planning CT and treatment CBCT. The 2D kV images were

shifted based on the 3D couch shift using equation:

SI1D X-sinf —7-cosf
~ SAD — (%X -cosf + 2 - sinf)

o
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<>

where SID is the linac source-isocentre distance, SAD is the linac source-aperture distance,
(Z,9, 2) are the 3D shifts, and (u, 0) are the resulting 2D shifts.
After shifting the kV images, prostate only DRRs were generated for each kV image angle.
Therefore, the ground truth in the markerless dataset is defined by the average location of the
prostate instead of the real-time location.

c¢GAN framework. The tracking system uses a cGAN model for segmentation of the
prostate. The training of the model involves adversarial learning between the generator net-
work, G, and the discriminator network, D. The cGAN model is trained to replicate a prostate
segmentation given a pelvis kV image as input. The generator, G, takes the input kV image,
x, and creates a segmentation image G(x). The discriminator, D, classifies whether the paired
image, xy, comes from the training set or the generator network as shown in Fig. 3.1c. The

cGAN was initialised with a normal distribution and trained to minimise the loss function:
G* =arg m(}n max Lan(G, D) + A1 (G) (3.2)
where A is a constant (set to 100 for this implementation) and:
Lean(G, D) = E(g 4 [log D(z,y)] + E,[log(1 — D(z, G(x)))] (3.3)

L1y =Epy lly — G@)l|, (3.4)

The cGAN implementation used for this study was based on the Pix2pix model.®* A UNet was
used for the generator architecture and a PatchGAN for the discriminator architecture. The
detailed network architectures are shown in Extended Data Fig. 3.1. A patient-specific model

was trained for each patient using 36,000 DRRs per patient. The DRRs were produced using
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two volumetric images: the planning CT and prostate contour volume. The volumes were
forward projected to produce one DRR each degree over 360 degrees, generating 360 images.
Prior to training, data augmentation for each patient was performed 100 times by randomly
shifting the CT geometry up to 10 mm and rotating up to 10 degrees and then computing a
new set of DRRs to replicate possible treatment setup error and anatomical motion.® In total
36,000 DRRs were created for each patient with a size of 512 x 512 pixels. The images produced
from the planning CT were each paired with the respective image produced from the prostate
contour. Each model was trained for 20 epochs with a batch size of four and a learning rate
of 0.0002 using the Adam optimiser. The models were trained on a desktop computer with an
Intel® Xeon® Gold 6248R processor (3.0 GHz) with 256 GB RAM and a NVIDIA® RTX A6000
GPU.

Clinical application. The cGAN model can be incorporated into the treatment workflow
for intrafraction monitoring of the prostate in kV images (Fig. 3.2). For clinical implementa-
tion, the central component of the workflow is the deep learning model for prostate segmenta-
tion. The generator network of the cGAN produces a prediction image (prostate segmentation)
based on a kV input image. The prediction image is binarised using a set threshold value to
give the final segmentation, and the centroid of the segmentation is calculated. If multiple un-
connected regions are detected, the centroid of the most significant region is calculated. The
calculated centroid location can be exported to the positioning systems to allow for real-time
motion adjustments during the treatment.

Analysis. The models were tested on the unseen kV images to evaluate the accuracy of the
prostate segmentation and the tracking system. The models were tested using the kV images
from two fractions of each patient, giving 1,000 test images per patient (500 per fraction). For
the masked dataset, ground truth generation involved manual verification of 48,000 marker
positions to ensure high-quality data. Due to the time-consuming nature, we prioritised eval-
uating variability between patients and limited the analysis to two fractions per patient to
include more patients. For the markerless dataset, only two fractions of data were available
for each patient. The cGAN segmentation was binarised based on a 0.1 threshold and was
compared to the ground truth segmentation for the analysis. The generator’s ability to pro-
duce accurate prostate segmentations was evaluated for each patient model. The performance
was quantified by calculating the DSC, MSD, and HD,,. If multiple unconnected regions were

present in the cGAN segmentation, the metrics were calculated using the largest region. Fi-
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nally, the generator’s ability to be used in an automated tracking system was evaluated by
comparing the centroid of the segmentations. If multiple unconnected regions were present
in the cGAN segmentation, the centroid was calculated using the largest region. The tracking
system error was defined as the cGAN segmentation centroid minus the ground truth segmen-
tation centroid. The errors were calculated in the AP/LAT and SI directions. The errors were
reported at the patient coordinate system using the source-isocentre distance/source-detector
distance ratio (=1.5) as the correction factor giving a pixel size of 0.26 mm. The overall errors
were quantified by calculating the mean error, MAD, and the 5" and 95" percentiles of the er-
rors. The correlation between the observed motion and centroid error for the masked dataset

was evaluated using the Pearson correlation coefficient and Bland-Altman analysis.
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3.8 Extended Data
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Extended Data Fig. 3.1 | UNet (Generator) and PatchGAN (Discriminator) network
architectures. The UNet takes a kilovoltage image as input and produces the prostate seg-
mentation. The PatchGAN takes 70 x 70 patches of the input image to determine if the seg-
mentations are real or fake. Conv, convolution; ReLU, rectified linear unit; BatchNorm, batch
normalisation; UpConv, upconvolution.
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Extended Data Table 3.1 | Individual patient centroid errors for the masked dataset.

AP/LAT Centroid Error (mm) SI Centroid Error (mm)
Patient Mean 5% percentile 95 percentile Mean 5™ percentile 95™ percentile
1 0.2+19 -3.2 3.1 09£05 0.3 1.7
2 0.7x1.1 -1.1 2.4 0.0 +1.0 -1.3 1.3
3 03+23 -3.4 4.6 -09+09 -2.1 1.2
4 -0.1+0.8 -1.7 1.1 -1.5+1.0 -2.9 -0.2
5 09+1.6 -2.1 3.0 2417 0.1 44
6 -0.3+1.1 -2.0 1.5 -0.7 £ 0.6 -1.6 0.5
7 0.1+24 -4.2 3.7 2509 1.0 3.8
8 1.0 £ 1.2 -1.3 2.8 0.6 0.7 -0.5 1.8
9 2.1+£21 -1.5 5.1 -1.1+£0.6 -2.3 -0.1
10 1.8+ 1.6 -0.5 4.4 -04+1.0 -1.8 1.0
11 -03+1.3 -2.8 1.5 -24+14 -4.0 0.5
12 1.1+£24 -3.0 4.1 14+15 -0.3 3.9
13 2424 -2.5 5.3 1.5+15 -1.2 3.8
14 0.4+0.8 -0.7 2.1 -1.2+£0.6 -2.2 -0.2
15 0.7 £1.2 -1.3 2.8 -1.6 £ 0.7 -2.7 -0.4
16 03+1.1 -1.2 2.5 -30+14 -4.6 -0.8
Overall 0.7 +£1.9 -2.4 4.0 -0.2+19 -3.4 3.5

The mean, 5% percentiles, and 95th percentiles of the errors in the centroid location of the
cGAN segmentation versus the ground truth for each patient in the masked dataset. The errors
are calculated in the anterior-posterior/lateral (AP/LAT) directions and superior-inferior (SI)

directions. Data shown as mean + standard deviations.
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Extended Data Table 3.2 | Individual patient centroid errors for the markerless
dataset.

AP/LAT Centroid Error (mm) SI Centroid Error (mm)
Patient Mean 5™ percentile 95™ percentile Mean 5™ percentile 95™ percentile
1 0.6 £25 -3.7 4.6 07+13 -0.8 3.4
2 03+14 -1.8 2.7 -39+1.0 -5.2 -2.0
3 0.0+11 -1.8 1.9 -0.4 £ 0.8 -1.8 0.9
4 -0.5+1.8 -2.6 3.5 -1.3+£ 2.7 -4.6 2.5
5 0.8+ 1.6 -1.8 3.7 -0.1 £0.8 -1.5 1.3
6 0.2+1.2 -1.6 2.3 -03+14 -2.4 2.1
7 0.1+£1.6 -2.9 2.3 0.6 £0.6 -0.5 1.4
8 -0.2+20 -3.4 2.8 1.0+ 1.2 -0.9 3.0
9 08+23 -2.7 4.5 25%0.6 1.5 34
10 0.1+1.6 -2.6 2.6 0.1 +0.7 -0.9 1.5
11 0.2+15 -2.2 2.9 -1.6 £ 0.8 -3.0 -0.5
12 0.1£13 -2.3 2.3 -2.2%05 -3.1 -14
13 -1.0+£23 -4.3 3.2 -2.8 £ 0.6 -3.9 -1.8
14 0.4+09 -1.6 1.6 -0.8 £ 0.5 -1.7 0.0
Overall 0.1 +1.8 -2.8 3.1 -0.6 19 -4.0 2.6
The mean, 5% percentiles, and 95th percentiles of the errors in the centroid location of the cGAN

segmentation versus the ground truth for each patient in the markerless dataset. The errors
are calculated in the anterior-posterior/lateral (AP/LAT) directions and superior-inferior (SI)

directions. Data shown as mean + standard deviations.
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Extended Data Table 3.3 | Individual patient geometric assessment metrics for the
masked dataset.

Patient DSC MSD (mm) HD,y; (mm)
1 0.92 £ 0.02 1.52 £ 0.44 1.62 £ 0.47
2 0.93 £ 0.01 1.17 £ 0.23 1.24 £ 0.24
3 0.91 £ 0.03 1.71 £ 0.61 1.79 £ 0.66
4 0.93 + 0.02 1.37 £ 0.49 1.42 £ 0.49
5 0.90 £ 0.04 1.96 £ 0.71 2.05 +£0.72
6 0.93 + 0.02 1.14 £ 0.29 1.20 £ 0.30
7 0.87 + 0.03 2.40 £ 0.56 2.53 £ 0.58
8 0.94 + 0.01 1.32£0.34 1.40 £ 0.35
9 0.91 £ 0.03 1.80 + 0.47 1.99 £ 0.55
10 0.91 £ 0.03 1.69 £ 0.56 1.81 £0.61
11 0.88 £ 0.05 2.24 £0.79 2.33 £ 0.80
12 0.88 + 0.05 2.07 £ 0.92 2.27 £0.99
13 0.86 = 0.04 2.31 £ 0.61 2.43 + 0.64
14 0.93 £ 0.01 1.33 £0.24 141 £0.24
15 0.92 + 0.01 1.62 £ 0.25 1.74 £ 0.29
16 0.90 £ 0.03 2.03 £ 0.57 2.12 £ 0.59

Overall 0.91 £ 0.04 1.73 £ 0.67 1.83£0.71

The mean + standard deviations of the Dice similarity coefficient (DSC), mean surface distance

(MSD), and average Hausdorff distance (HD,y,) for each patient in the masked dataset.

63



Extended Data Table 3.4 | Individual patient geometric assessment metrics for the
markerless dataset.

Patient DSC MSD (mm) HD,y; (mm)
1 0.92 £ 0.02 1.97 £ 0.59 2.07 £ 0.62
2 0.88 £ 0.02 2.80 £ 0.56 2.90 £ 0.58
3 0.94 + 0.01 1.12 £0.29 1.19 £0.29
4 0.85 + 0.06 2.29 + 0.94 2.39 + 0.96
5 0.94 £ 0.02 1.36 £ 0.43 1.46 £ 0.46
6 0.92 + 0.02 1.54 £ 0.32 1.61 £0.34
7 0.93 + 0.02 1.30 £ 0.38 1.35 £ 0.40
8 0.91 + 0.03 1.69 £ 0.47 1.81 £ 0.50
9 0.89 £ 0.03 2.27 £ 0.55 2.39 £ 0.60
10 0.92 + 0.02 1.20 £ 0.37 1.28 £ 0.41
11 0.93 £ 0.02 1.71 £ 0.40 1.81 + 0.42
12 0.93 + 0.01 1.83 £ 0.31 1.92 £ 0.31
13 0.87 £ 0.03 2.41 +0.61 2.52 £ 0.64
14 0.94 + 0.01 1.31 £0.24 1.38 £ 0.24

Overall 0.91 £ 0.04 1.77 £ 0.70 1.86 £ 0.72

The mean + standard deviations of the Dice similarity coefficient (DSC), mean surface distance

(MSD), and average Hausdorff distance (HD,y,) for each patient in the markerless dataset.
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4

Pancreas Head Segmentation Using Deep
Learning for Real-Time Targeting During
Radiation Therapy

This chapter extends the deep learning framework introduced in Chapter 3 to pan-
creatic cancer. Aim 2 is addressed by implementing markerless pancreas head seg-
mentation and identifying the technical challenges of larger motion and deforma-
tion compared to the prostate. The pancreas head was selected for this study as it is
the most common site of pancreatic cancer. The larger motion of the pancreas head
necessitated enhancements to the deep learning framework through deformable
data augmentation, achieving a tracking accuracy within several millimetres. This
chapter has been prepared for submission to Medical Physics as “Mylonas, A.,
Nguyen, D. T., Stewart, M., Booth, J., Kyme, A., Gardner, M., Mueller, M., & Keall,
P. Deep learning segmentation of the pancreas head for real-time targeting during

radiation therapy”
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4.1 Abstract

Dose escalation has demonstrated promising results for pancreatic cancer radiation therapy.
However, the movement of the tumour and surrounding organs can compromise treatment
efficacy and increase radiation toxicity. Real-time image-guided adaptive radiation therapy
can overcome this challenge by accounting for the motion in real-time to improve dose cov-
erage. The poor soft tissue contrast of the pancreas in kilovoltage images necessitates the
implantation of fiducial markers to act as a surrogate. However, the invasive marker implan-
tation procedure carries risks and not all patients are eligible. Therefore, we present a method
for pancreas head segmentation in x-ray images for real-time motion management during
radiation therapy. We achieved a centroid accuracy of -0.2 + 3.9 mm and 0.6 + 3.4 mm in
the anterior-posterior/lateral and superior-inferior directions, respectively. The deep learning
method can be implemented on a standard linear accelerator eliminating the need for costly,

real-time systems and fiducial markers.

4.2 Introduction

Pancreatic cancer has one of the poorest prognoses among cancers with a 5-year survival rate
of 10%.! Although it was the twelfth most common cancer globally, it ranks as the sixth lead-
ing cause of cancer mortality.2 In 2022, there were an estimated 511,000 new cases and 467,000
deaths globally.? Countries with a higher Human Development Index have rates four times
greater than those in lower index countries.? While incidence rates are the highest in Europe,
North America, and Australia/New Zealand, mortality rates are relatively stable.?® The poor
treatment outcomes highlight the need for improved cancer therapies such as radiation ther-
apy.

Dose escalation in radiation therapy has shown promising results for improved survival
and tumour control for pancreatic cancer.*® A clinical trial investigating hypofractionated
ablative radiation therapy demonstrated a 2-year survival rate of 38%.> These findings are
reinforced by another study, which reported a 2-year survival rate of 36% for dose escalation
versus 19% for conventional radiation therapy.® However, dose escalated treatments require
greater certainty in the radiation hitting the target. This remains a key challenge due to the

large motion of the pancreas resulting from respiration. The greatest motion of the pancreas
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is found in the superior-inferior direction with an average motion of 15 mm.”®

Motion management strategies for pancreatic radiation therapy include abdominal com-
pression, breath hold, free breathing gating, external guidance, and internal guidance.’ Meth-
ods such as abdominal compression, breath hold, and free breathing gating vary in effective-
ness on a per-patient basis.!*!! External monitoring methods include surface monitoring and
the real-time position management (RPM) external marker block. While these methods can
monitor motion in real-time, surface motion may not be directly correlated with internal mo-
tion. Huguet et al. found that implanted fiducial markers and stents are better predictors of
target motion than the RPM block.'* Internal monitoring can be achieved using the onboard
kilovoltage (kV) or megavoltage (MV) imager on standard linear accelerators (linacs) to di-
rectly measure the motion. "

The low soft tissue contrast of the pancreas necessitates fiducial markers for existing kV
real-time motion management systems.'*!* However, the implantation of fiducial markers is
invasive and associated with complications including patient discomfort, infection, bleeding,
and reactions to anaesthesia.'>'® Furthermore, marker migration can result in tracking er-
rors,'” and CT metal artefacts produced from markers may result in treatment image matching
errors.'® Magnetic resonance imaging (MRI) guidance can be used to visualise the target and
surrounding anatomy. However, MRI-linacs are an expensive treatment option for patients
and are not widely available compared to standard linacs." This limitation is highlighted in
an international survey that found that 71% of radiation therapy centres wish to implement
targeted radiation therapy but are limited by resources and capacity.?

One solution to overcome the resources and capacity barrier is to use the existing equip-
ment on modern clinical linacs without fiducial markers. A markerless-based would be a step
towards making real-time motion management accessible to all patients without additional
hardware. The demand for markerless solutions has led to the use of artificial intelligence (AI)

for fluoroscopic- and MRI-guided radiation therapy.?' Markerless-based approaches have been

22-24 26,27

developed for lung, diaphragm,?® liver,” pancreas,?*?’ prostate,?® and head and neck.?
Therefore, the goal of this work was to implement a deep learning-based pancreas head seg-
mentation framework for real-time pancreatic cancer targeting during radiation therapy. This
study focuses on the pancreas head as it is the most common site of pancreatic cancer.* Fur-
thermore, the length of the pancreas means the entire organ is not always within the field of

view.
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4.3 Methods and Materials

4.3.1 Data

The analysis was conducted using imaging data from the Stereotactic Body Radiotherapy
(SBRT) for High Risk Localised Pancreatic Cancer (Span-C; NCT03505229°!) clinical trial. The
Span-C clinical trial is investigating the safety, efficacy, and feasibility of SBRT for pancre-
atic cancer, with a target accrual of 40 patients. Patients with pancreatic cancer who received
neoadjuvant chemotherapy and had successful implantation of fiducial markers are eligible.
Patients were treated at Royal North Shore Hospital, Australia, and to date, data has been
received for 24 patients.

The planning CT, structure set, and kV images from two fractions of each patient associated
with this cohort were collected (Fig. 4.1a). The kV images were acquired during patient setup
to reconstruct the cone-beam CT (CBCT) under breath-hold conditions. Patients imaged with
half-fan geometry were excluded from this study, as the target area was not fully captured
within the field of view. Consequently, the first 17 patients in the trial were excluded, while
the remaining patients, imaged using full-fan geometry, were included. The training datasets
were the 3D planning CT and pancreas head contour from the structure set (Fig. 4.1a).

The test datasets were generated using 1,000 kV images from two fractions (500 images
per fraction), except for Patient 1 who had 499 images in one fraction. The ground truth
segmentation was created by forward projecting the pancreas head contour to create a 2D
digitally reconstructed radiograph (DRR) at each kV image angle. The DRRs were generated
using the Reconstruction Toolkit*? and the Insight Toolkit* employing the DRR algorithm de-
rived by Madden et al.** The ground truth segmentation was aligned in the kV images based
on the implanted fiducial markers (Figure 4.1a). The markers were manually labelled using
the open-source Contour Alignment Tool v1.6.3 (www. github.com/Image-X-Institute/
contour-alignment-tool). Following alignment, the fiducial markers were masked out in
all images to avoid biasing the model. The masking algorithm uses the regionfill function in
MATLAB (The MathWorks, Inc.) to smoothly interpolate inwards from the pixel values sur-
rounding the marker by calculating the discrete Laplacian and solving the Dirichlet boundary

value problem. Poisson noise was applied to the kV images following interpolation.
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Fig. 4.1 | Study overview. (a) The datasets were generated from imaging data of seven pa-
tients with pancreatic cancer and implanted fiducial markers. The markers were used to align
the ground truth contour and were masked out. The marker positions were manually labelled
using the Contour Alignment Tool v1.6.3. (b) A conditional Generative Adversarial Network
(cGAN) was trained for each patient consisting of a UNet generator network, G, and a Patch-
GAN discriminator network, D. (c) The cGAN model performance was quantified using the
centroid tracking error, Dice similarity coefficient (DSC), mean surface distance (MSD), and
average Hausdorff distance (HD,y,).

4.3.2 Deep Learning Model

A patient-specific conditional Generative Adversarial Network (cGAN) model was used to
segment the pancreas head in 2D kV images based on the Pix2pix model.* The cGAN model
consists of a UNet generator and a PatchGAN discriminator. The generator, G, takes the input
kV image, x, and creates a segmentation image, G(x), of the pancreas head. The discrimina-
tor, D, classifies whether the paired image, xy, comes from the training set or the generator
network as shown in Figure 4.1b.

The framework leverages the patient’s pretreatment imaging and planning data, which are
available prior to the commencement of their treatment. A patient-specific model was trained

for each patient using DRRs produced from the 3D planning CT and pancreas head contour.
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For each patient, three models were trained over 120 degree intervals (1-120, 121-240, and
241-360). Initial testing demonstrated poor performance when a single network for the full
treatment arc. During training, the 3D volumes were forward projected to produce one 512 x
512 DRR each degree over 120 degrees, generating 120 images.

Data augmentation was performed by applying random rigid shifts (up to 5 mm) and ro-
tations (up to 10 deg) of the CT geometry in all directions. Additionally, deformable augmen-
tation was performed by applying a random shift of the pancreas head contour (up to 10 mm)

in all directions. Deformation strength was modelled using a Gaussian function according to:

S(x) = exp (—u) (4.1)

202

where c is the centroid of the pancreas head and o controls the decay rate of the deformation
(set to 20 in this implementation).

Data augmentation was applied ten times prior to each epoch, giving a total training set
of 1,200 images for each epoch. The cGAN model was trained for 20 epochs with a batch size
of four and a learning rate of 0.0002 using the Adam optimiser. The models were trained on a
desktop computer with an Intel® Xeon® Gold 6248R processor (3.0 GHz) with 256 GB RAM
and a NVIDIA® RTX A6000 GPU. The cGAN was initialised with a normal distribution and

trained to minimise the loss function:
G* =arg mGin max Lecan(G, D) + AL (G) (4.2)
where A is a constant (set to 100 for this implementation) and:
Lean(G, D) = E(gy) [log D(z,y)] + E,[log(1 — D(z, G(x)))] (4.3)

L = IEj(x,y) Hy - G<$>H1 (4.4)

4.3.3 Analysis

The models were tested using the kV images acquired as part of radiation therapy to evaluate
the accuracy of the pancreas head segmentation and the tracking system (Fig. 4.1c). Each
patient-specific model was tested on 500 kV images from two fractions of each patient, giving

1000 test images per patient. To refine the segmentation, template matching was performed
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using normalised 2D cross-correlation with the known DRR at each angle.*® The performance
of the generator was quantified by calculating the Dice similarity coefficient (DSC), mean
surface distance (MSD), and average Hausdorff distance (HD,y;).

In real-time tracking applications, the centroid of the segmentation is crucial and fre-
quently utilised. The segmentation centroids were used to evaluate the generator’s perfor-
mance in an automated tracking system. The tracking system error was defined as the cGAN
segmentation centroid minus the ground truth segmentation centroid. The ground truth for
this study was defined as the pancreas head DRR contour, shifted by the vector difference be-
tween the mean position of the implanted markers in the kV image and the mean position of
the markers in the corresponding DRR. The marker positions were manually labelled in each
kV image.

The centroid errors were calculated in the anterior-posterior/lateral (AP/LAT) and superior-
inferior (SI) directions, and were reported at the patient coordinate system using the source-
isocentre distance/source-detector distance ratio as the correction factor. The centroid errors
were quantified by calculating the mean error, mean absolute deviation (MAD), and the 5%
and 95" percentiles of the errors. Segmentations that were not within 5 cm of the expected

plan location were classed as an unsuccessful detection and were excluded from the analysis.

4.4 Results

4.4.1 Tracking Accuracy

The pancreas head was detected in 97% of images for Patients 1 and 5 and 100% of images for
all remaining patients (Fig. 4.2a). The cGAN output for these unsuccessful cases typically had
a large amount of noise with no discernible segmentation. The centroid errors of the cGAN
segmentations are represented in Figure 4.2b. The mean (+ standard deviation) centroid error
was -0.2 + 3.9 mm and 0.6 + 3.4 mm in the AP/LAT and SI directions, respectively (Fig. 4.2b).
The MAD was 3.1 mm in the AP/LAT direction and 2.7 mm in the SI direction. Additionally,
the 5™ and 95 percentiles were -5.9 and 7.2 mm in the AP/LAT direction, and -4.7 and 7.0 mm
in the SI direction. There is a similar distribution of errors in the AP/LAT direction with some

outliers for patient 6. For some patients, there was an observable offset in the SI direction.

71



o

a  100-

— BB 201 E AP/LAT
> = S|

©
o
1

Target detected
(% of images)
[0}
o
1

N
o
]

Centroid Error (mm)
o o
1 1
>
<[>
gy
<D
<

)
o

1 2 3 4 5 6 7 1 2 3 4 5 6 7
Patient Patient

Fig. 4.2 | Pancreas head detection and centroid error results. (a) The percentage of im-
ages where the conditional Generative Adversarial Network detected the pancreas head. (b)
Violin plots of the centroid error results in the anterior-posterior/lateral (AP/LAT) directions
(red) and superior-inferior (SI) directions (yellow). The bars represent the median (thick) and
quartiles (thin).

4.4.2 Segmentation Performance

The segmentation accuracy was assessed using DSC, MSD and HD,, (Fig. 4.3). The agreement
between the ground truth and cGAN predictions was characterised by a mean (+ standard
deviation) DSC across all patients of 0.85 + 0.09. The 5" and 95™ percentiles of the DSC were
0.69 and 0.96. The mean (+ standard deviation) MSD and HD,,, were 2.6 + 1.5 mm and 2.7 +
1.5 mm respectively. The 5" and 95" percentiles were 0.7 and 5.3 mm for MSD, and 0.7 and
5.3 mm for HD,,,. As observed for the centroid errors, there were some outliers in all metrics

for Patient 6.

(2]

a b
12-

ATt : -
it

€
£
. =
0.4- %)4_
0.2+ i
O-OIIIIIII T 1" 1" 7T 1T 1 0 L]

123 456 7 12 3 456 7 234567

Patient Patient

DSC

Fig. 4.3 | Violin plots of the geometric assessment metrics. The (a) DSC (red), (b) MSD
(vyellow), and (c) HD,y, (purple) between the conditional Generative Adversarial Network seg-
mentation and ground truth for each patient. The bars represent the median (thick) and quar-
tiles (thin). DSC, Dice similarity coefficient; MSD, mean surface distance; HD,,,, average Haus-
dorff distance.
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The mean centroid errors and DSC results versus the imager angles are presented in Fig-
ure 4.4. The mean centroid errors were consistent across all angles with the exception at 240
degrees, which is the transition angle between two of the cGAN models. The shift was signif-
icant in the AP/LAT direction, while it was less noticeable in the SI direction. Similarly, there
was a small decrease in the DSC at 240 degrees. However, there was no noticeable difference
at the other two transition angles of 0 and 120 degrees. It should be noted that the kV images
were obtained through a sub-arc acquisition method. Consequently, the angular range of 250
to 290 has approximately double the number of samples compared to other angles.

The mean training time inclusive of data generation and augmentation was 55 minutes
per network, giving a total time of approximately 165 minutes to train all three networks per
patient. The time taken for the trained network to generate the segmentation was approxi-
mately 10 milliseconds per image using the desktop computer described earlier. Examples of
the cGAN and ground truth segmentations at different imager angles are shown in Figure 4.5.
This figure demonstrates the results for the average performing patients based on the mean

DSC.

AP/LAT centroid error (mm) Sl centroid error (mm) Dice Similarity Coefficient
0° 0° 0°
1
315° 10 45° 315° 10 45° 315° 45°
0.8
0.6
270° 90° 270° 90° 270° 0:4 90°
225° 135° 225° 135° 225° 135°
180° 180° 180°
=  mean 5" and 95" percentiles

Fig. 4.4 | Centroid error and Dice similarity coefficient (DSC) results based on imager
angle. The mean (red) with the 5th and 95th percentiles (yellow) of the centroid error and
DSC across the entire radiation therapy treatment arc. AP/LAT, anterior-posterior/lateral; SI,
superior-inferior.
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Fig. 4.5 | Example prediction and ground truth segmentations for each patient. Com-
parison of the ground truth (red) versus conditional Generative Adversarial Network segmen-
tation (yellow) at imager angles of approximately 0, 30, 60, and 90 degrees. The Dice similarity
coefficient (DSC) is reported for each image. AP/LAT, anterior-posterior/lateral; SI, superior-
inferior.

4.5 Discussion

A framework for pancreas head segmentation for real-time motion management in pancre-
atic cancer radiation therapy was developed. This was achieved using a patient-specific deep
learning model trained on planning data and implemented using data from a conventional ra-

diation therapy system. The pancreas head was chosen for this study for two reasons: first, the
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pancreas head is the most common site of pancreatic cancer; and second, due to the length
of the pancreas, the entire organ is not always within the field of view. The tracking accuracy
was -0.2 + 3.9 mm and 0.6 = 3.4 mm in the AP/LAT and SI directions, respectively. The motion
of the pancreas is heavily influenced by breathing motion resulting in an average motion of
15 mm in the SI direction.”® Pancreas motion is reduced to within 5 mm with breath-hold but
can reach 10 mm for some patients.*”*®, The accuracy of our deep learning approach is within
the expected motion amplitudes for the pancreas during breath hold. However, further im-
provements are needed to reach the localisation accuracy achievable with implanted fiducial
markers, which remain the clinical gold standard for motion monitoring.

Zhao et al.?’ developed a deep learning model to identify the rectangular bounding box
containing the planning treatment volume for patients with pancreatic cancer. The model
was evaluated on simulated images of two patients for three specific angles: anterior-posterior,
left-right, and oblique. Zhao et al. achieved MADs of less than 2.6 mm across all cases and in
all directions compared to our MADs of 3.1 mm in the AP/LAT direction and 2.7 mm in the SI
direction. The larger errors in our study may be attributed to the more challenging evaluation
on treatment-acquired kV images with scatter presence, compared to evaluation on simulated
images at defined angles. Additionally, our model has been validated on a larger patient cohort,
which may include a wider range of challenging scenarios. Zhou et al.?® developed a patient-
specific, deep learning model for markerless pancreatic tumour contouring, achieving a mean
DSC of 0.98. Similarly to Zhao et al. the system was trained and tested on DRR images and
the performance on treatment-acquired kV images may vary.

There are several advantages to our approach. First, the model takes less than 3 hours
to train all three networks per patient, including data generation and augmentation. This
training time frame is feasible for training between the simulation session and first treatment
fraction. Furthermore, the training could be optimised by training each network concurrently.
Second, the model inference time was 10 ms on average. The AAPM Task Group 264 defines
real-time as a system latency below 500 ms*’. While target segmentation is one component
of real-time adaptive treatments, the model’s current inference time makes it suitable for real-
time applications. Third, as the model is trained on a case-by-case basis, future improvements
to kV imaging are likely to improve the model’s performance. Fourth, our model produces a

L 27

segmentation in comparison to the bounding box approach by Zhao et al.*’ The segmentation

could be used for other applications such as real-time dose optimisation.*
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There are some limitations with our pancreas head segmentation method. First, the model
was evaluated using kV images acquired during patient setup rather than intrafraction kV
images. The kV images acquired during patient setup are of higher quality than intrafraction
images. We required images where the fiducial markers were visible for manual labelling of the
ground truth. However, this approach could be used in conjunction with triggered imaging*!
or frame averaging*’ to improve kV image quality.

Second, there are uncertainties related to the ground truth of the pancreas head in the kV
images. It is not possible to manually contour the pancreas head in kV images due to the poor
soft tissue contrast. Therefore, implanted fiducial markers were used to annotate the real-time
location of the pancreas and were subsequently masked out. However, the fiducial markers
may move over the course of treatment due to tissue deformation*® or migration*. In our
study, some fiducial markers were external to the pancreas head. These factors may reduce
the accuracy of the ground truth generation method.

Finally, for our framework, the ground truth is based on the planning CT contour which
can have uncertainties relating to intraobserver and interobserver variability and does not
account for pancreas deformation. Liu et al.* quantified interfractional pancreatic head de-
formation by the maximum overlap ratio between the volume in the planning CT and daily
CBCT. The average maximum overlap ratio was 80.2% for the pancreas head, highlighting the
large interfractional deformation.* While the model may detect deformation in the kV im-
ages, the ground truth does not account for the deformation, potentially impacting the model

evaluation.

4.6 Conclusions

A framework for markerless pancreas head segmentation during radiation therapy was devel-
oped and tested on patient kV images. Our method requires only a brief training period using
the patient’s planning data and relies on kV image acquisition during treatment. Therefore,
the framework has the potential to be implemented as a software only solution on existing,
standard linacs. Centroid accuracy within several millimetres was achieved with a mean DSC
of 0.85. Future work will look at further evaluation in scenarios with MV scatter and experi-

mental studies on a physical phantom using patient motion traces.
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5

Deep Learning-Based Contrast Agent Seg-
mentation for Liver Cancer Targeting Dur-
ing Radiation Therapy

Chemotherapy is often delivered via transarterial chemoemobilisation for patients
with liver cancer, leaving residual radiopaque contrast agents. The contrast agents
remain visible in treatment imaging for patients who subsequently receive radia-
tion therapy. Therefore, this chapter addresses Aim 3 by identifying a cohort of pa-
tients where real-time markerless tracking can be successfully achieved using the
contrast agents. This chapter has been prepared for submission to the International
Journal of Radiation Oncology - Biology - Physics as “Mylonas, A., Nguyen, DT,
Seshadri, V., Ramachandran, R., Lye, J., Khor, R, Dipuglia, A., Greer, P., Kyme, A.,
Booth, J., Gardner, M., Sengupta, C., Mueller, M., & Keall, P. Deep learning-based
contrast agent segmentation for liver cancer targeting during radiation therapy.”

The clinical trial protocol and initial results discussed in this chapter are pre-
sented in Appendix A and have been published as “Plant, N., Mylonas, A., Sen-
gupta, C., Nguyen, D. T, Silvester, S., Pryor, D., Greer, P., Lee, Y. Y. D., Ramachan-
dran, P., Seshadri, V., Trada, Y., Khor, R., Wang, T., Hardcastle, N., & Keall, P.
Radio-opaque contrast agents for liver cancer targeting with KIM during radiation
therapy (ROCK-RT): An observational feasibility study. Radiation Oncology, 19,
139 (2024)”
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5.1 Abstract

Liver cancer is associated with increasing incidence and poor treatment outcomes in many
countries. The motion of the tumour and surrounding organs limits the effectiveness of ra-
diation therapy in this context. To overcome this challenge, real-time image-guided adaptive
radiation therapy can improve dose coverage by accounting for the motion in real-time. How-
ever, implanted fiducial markers are typically required for motion tracking due to poor soft tis-
sue contrast in kilovoltage images. Patients with hepatocellular carcinoma, the most common
form of primary liver cancer, often receive chemotherapy via transcatheter arterial chemoe-
mobilisation. The radiopaque chemoemobilisation agents can remain visible in imaging for
months afterwards making it a potential surrogate to aid tracking. Therefore, we present the
first method for using the chemoemobilisation agents as a method for real-time guidance dur-
ing radiation therapy. The mean tracking accuracy was -1.0 + 4.7 mm and 1.4 + 3.1 mm in the
AP/LAT and SI directions, respectively, with a mean Dice similarity coefficient of 0.78 + 0.19.
Our deep learning approach has the potential to increase targeting accuracy without the need

for an additional invasive procedure to implant fiducial markers.

5.2 Introduction

Liver cancer is the sixth most common cancer globally and the third leading cause of can-
cer related deaths, with an estimated 865,000 new cases and 757,000 deaths in 2022.! While
incidence rates have been decreasing in high-risk countries, there has been an increase or sta-
bilisation in most countries across Europe, North America, Australia/New Zealand, and South
America.! The increasing incidence and poor outcomes highlight the need for improved liver
cancer therapy. Radiation therapy is a widely used liver cancer treatment that is recommended
for one in two patients with cancer.?

One of the challenges of radiation therapy is the significant movement of tumours and
surrounding anatomy that can occur during treatment, particularly for tumours in the liver.
Respiration is the main contributor to liver motion, which predominates in the superior-
inferior and anterior-posterior directions. While liver stereotactic ablative body radiotherapy
(SABR) is associated with improved control rates for primary liver tumours and metastases,?

the higher SABR radiation dose to the normal liver tissue carries a significant risk of radia-
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tion induced liver damage.* In this context, motion management is crucial for improving dose
coverage and reducing the radiation dose to healthy tissue.>®

The most commonly used respiratory motion management methods for thoracic and ab-
dominal cancers include internal target volume (ITV), breath hold, abdominal compression,
and free breathing gating.” Common to these methods is the lack of internal anatomical imag-
ing that could enable more accurate targeting and smaller margins.”® In the case of breath hold,
the technique may not be well correlated with the internal motion,”!° and does not account
for non-breathing associated motion of liver tumours. Furthermore, it may not be suitable for
all patients. Eccles et al.'' demonstrated that only 62% of patients were suitable for exhale
breath hold with the active breathing coordinator, while Hardcastle et al.'? found that 68% of
patients achieved reproducible voluntary exhale breath hold.

Real-time image-guided adaptive radiation therapy (IGART) can enable the visualisation
of internal anatomy during treatment, addressing the limitations of other motion management
methods. IGART can be performed by acquiring kilovoltage (kV) images during treatment us-
ing the on-board imager that is on modern radiation therapy treatment systems. The desire
for real-time tumour tracking has led to the use of implanted markers as surrogates of the
tumour, especially for organs and tumours with low radiographic contrast such as the liver.’
However, the invasive marker implantation procedure adds time delays, additional costs, and
risks. Complications associated with marker implantation include patient discomfort, infec-
tion, bleeding, and reactions to anaesthesia.'*!* Some patients with cirrhosis, underlying por-
tal hypertension and associated thrombocytopaenia may pose a higher bleeding risk. Fur-
thermore, marker migration can result in tracking errors,” and the metal artefacts produced
from markers in computed tomography (CT) images may result in treatment image matching
errors. '

An international survey found that 71% of radiation therapy centres wish to implement tar-
geted radiation therapy but are limited by resources and capacity.'” An ideal solution, and the
premise underpinning this research, is to achieve the real-time tracking benefits of implanted
markers without the need for the invasive implantation procedure. A markerless-based ap-
proach using a conventional therapy system would help make real-time IGART accessible to
all patients without additional hardware. The concept of this study is to leverage the contrast
agents typical of hepatocellular carcinoma (HCC) treatment protocols instead of implanted

fiducials, and the benefits of deep learning for image-based tracking, to enable robust mark-
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erless targeted radiation therapy on conventional treatment hardware.

HCC accounts for 75%-85% of primary liver cancer cases.! For HCC patients, chemother-
apy is often delivered via transcatheter arterial chemoemobilisation (TACE). The procedure
involves injecting chemotherapy drugs into the artery supplying the tumour combined with
embolic particles to restrict blood supply and keep the drug from washing away, and a ra-
diopaque contrast agent. The contrast agent allows direct visualisation of the treated tumour
at the time of TACE and remains visible on imaging for months afterwards (Figure 5.1). The
most common radiopaque agent used in this setting is ethiodised oil, also known as Lipiodol.
For patients undergoing chemoradiation treatment, the retained radiopaque contrast agent
can be used as a surrogate tumour marker to aid target verification before and during radi-
ation therapy.'®* Therefore, the contrast agent could be used as a non-invasive method for

real-time tumour tracking.

Fig. 5.1 | Lipiodol mass in the liver. Axial, coronal, and sagittal views (left to right) showing
a lipiodol contrast agent mass (red) in the liver. The current study aims to use this contrast for
real-time image guidance during liver radiation therapy.

Artificial intelligence has shown great potential for fluoroscopic and magnetic resonance

imaging guided radiation therapy.?! Markerless approaches have been developed for lung# %,

2627 prostate®, and head and neck®. We hypothesise that deep

diaphragm®, liver®, pancreas
learning can be used to accurately segment the contrast agents. Therefore, the goal of this
work was to develop and investigate deep learning-based contrast agent segmentation for

real-time liver cancer targeting during radiation therapy.
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5.3 Methods and Materials

5.3.1 Data

The analysis was conducted using imaging data from the ethics-approved Radio-opaque Con-
trast Agents for Liver Cancer Targeting With KIM During Radiation Therapy (ROCK-RT;
NCT05169177) study.** ROCK-RT is an observational study to investigate whether radiopaque
contrast agents can be detected by tumour-tracking software. Patients with liver cancer who
received SABR after TACE are eligible, with a target accrual of 50 patients.* To date, 15 pa-
tients have been recruited with data received for seven patients. One patient has been excluded
from this study as the contrast agent was not fully contained within the kV imager field of view.

The patients were treated across two different sites in Australia (Princess Alexandra Hos-
pital, Australia; and Olivia Newton John Cancer Wellness & Research Centre, Australia). We
collected the planning CT, structure set, and kV images from two fractions of each patient
associated with this cohort (Fig. 5.2a). The kV images were acquired during patient setup to
reconstruct the CBCT. The training datasets consisted of the 3D planning CT and contrast
agent contour.

Test datasets were generated using 50 kV images per fraction, resulting in 100 test images
per patient, evenly spaced across the imaging arc. The ground truth was manually labelled
in each kV image by performing a rigid shift of the 2D contour using the Contour Alignment
Tool v1.6.3 (www.github.com/Image-X-Institute/contour-alignment-tool). The
Contour Alignment Tool generates the ground truth by forward projecting the 3D contrast
agent contour to give a 2D digitally reconstructed radiograph (DRR) at each kV image angle.

DRRs were generated using the Reconstruction Toolkit*' and the Insight Toolkit>

using the
DRR algorithm as derived by Madden et al.**. The confidence in the ground truth labelling
was scored on a 5-point Likert scale in the Contour Alignment Tool with the following levels:

not at all confident, not very confident, neither, fairly confident, and very confident.

5.3.2 Deep Learning Model

The central component of the system was a conditional Generative Adversarial Network (cGAN)
model for segmentation of the contrast agent in 2D kV images. The cGAN implementation

used for this study was based on the Pix2pix model.** The model uses two convolutional neu-
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ral networks called the generator and discriminator. The generator, G, takes the input kV
image, x, and creates a segmentation image, G(x), of the contrast agent. The discriminator, D,
classifies whether the paired image, xy, comes from the training set or the generator network
as shown in Figure 5.2b. Through adversarial learning, the generator learns to create realistic
outputs while the discriminator learns to distinguish them from real data, driving both net-
works to improve iteratively. A UNet was used for the generator architecture and a PatchGAN

for the discriminator architecture.

'A [ DATASET GENERATION

6 patients with manually labelled ground truth

Contoured Planning CT Volumes

Lipiodol

forward CT Volume Ground Truth
project
Testing Data
100 images/patient
label images

using Contour
Alignment Tool

Image  Ground Truth

EVALUATION Evi';;ciﬂ%g e

-DS
' . . - MSD
forward project \ Testing Data oo
every epoch
CT Volume Ground Truth
Discriminator, D
Generator, G :H_H_D_D—D
UNet
) PatchGAN Generator, G
UNet
x G(x)
G = argmin max L.y (G D) +L,6) | 00 L=t
[4 D G(x)

Fig. 5.2 | Study overview. (a) The datasets were generated from imaging data of six patients
with liver cancer with retained chemoemobilisation agents. The ground truth was manually
labelled using the Contour Alignment Tool v1.6.3. (b) A conditional Generative Adversarial
Network (cGAN) was trained for each patient consisting of a UNet generator network, G, and a
PatchGAN discriminator network, D. (c) The cGAN model performance was quantified using
the centroid tracking error, Dice similarity coefficient (DSC), mean surface distance (MSD),
and average Hausdorff distance (HD,y;).

The model is trained using the patient’s pretreatment imaging and planning data, which
are available prior to the commencement of their treatment. A patient-specific model was
trained for each patient using DRRs produced from the 3D planning CT and contrast agent

contour. For each patient, three models were trained over 120 degree intervals (1-120, 121-
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240, and 241-360). The sub-interval approach was adopted because initial testing revealed
poor performance when using a single model for the full-range. Specifically, for angles sepa-
rated by 180 degrees, the model may be unable to distinguish between opposite sides resulting
in segmentation errors where the target was mirrored. The volumes were forward-projected
to produce one 512 x 512 DRR each degree over 120 degrees, generating 120 images. Subse-
quently, noise was applied to each image by sampling from a Poisson distribution, where the
mean of the distribution (A) for each element is determined by the corresponding value in the
image.

During training, data augmentation was performed by applying random rigid shifts (up
to 5 mm) and rotations (up to 10 deg) of the CT geometry in all directions. Additionally,
deformable augmentation was performed by applying a random shift of the contrast agent
mass (up to 10 mm) in all directions. Deformation strength was modelled using a Gaussian

function according to:

S(x) = exp (—u) (5.1)

202
where c is the centroid of the contrast volume and o, which controls the decay rate of the
deformation, was set to 20.

Data augmentation was applied ten times prior to each epoch, giving a total training set of
1,200 images. Each model was trained for 20 epochs with a batch size of four and a learning rate
of 0.0002 using the Adam optimiser. The models were trained on a desktop computer with an
Intel® Xeon® Gold 6248R processor (3.0 GHz) with 256 GB RAM and a NVIDIA® RTX A6000
GPU. The cGAN was initialised with a normal distribution and trained to minimise the loss

function:

G* = argminmax Lan(G, D) + Mora (G) (5.2)

where A is a constant (set to 100 for this implementation) and:
Lecan(G, D) = Eay) [log D(z, y)] + Eg[log(1 — D(z, G(x)))] (5.3)

L1y =K@y lly — G|, (5.4)
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5.3.3 Analysis

The contrast agent may consist in a single mass or multiple smaller masses. The volume and
mean intensity of each mass was analysed. Since some masses may be too small or diluted to
track, a subset was selected for tracking in cases with multiple masses. The masses were fil-
tered using criteria based on each patient’s specific data: only contrast volumes with a volume
greater than the patient’s mean contrast volume and intensity above the patient’s mean con-
trast Hounsfield units (HU) were retained. These thresholds were based on observed tracking
performance, ensuring that only the most reliably trackable volumes were included for each
patient.

The models were tested using the kV images acquired as part of radiation therapy to eval-
uate the accuracy of the contrast agent segmentation and the tracking system (Fig. 5.2c). Each
patient-specific model was tested on kV images from two fractions of each patient, giving 100
test images per patient (50 per fraction). To refine the network-derived segmentation, template
matching was performed using normalised 2D cross-correlation,* with the known contrast
agent DRR at each angle used as the template. The performance of the generator was quan-
tified by calculating the Dice similarity coefficient (DSC), mean surface distance (MSD), and
average Hausdorff distance (HD,y,).

The tracking system error was quantified as the distance between the cGAN and ground
truth segmentation centroids. The errors were calculated in the anterior-posterior/lateral
(AP/LAT) and superior-inferior (SI) directions, and were reported in the patient coordinate
system using the source-isocentre distance/source-detector distance ratio as the correction
factor. The centroid errors were quantified by calculating the mean error, mean absolute de-
viation (MAD), and the 5% and 95" percentiles of the errors. Segmentations that were not
within 5 cm of the expected plan location were classed as an unsuccessful detection and were

excluded from the analysis.

5.4 Results

5.4.1 Contrast Agent Analysis

Variable distributions of contrast agent masses were observed across the six patients as shown

in Figure 5.3. Three patients had a single mass (Patients 3, 5, and 6) and three had a discon-
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tinuous mass (Patients 1, 2, and 4) with up to 11 discrete regions (Fig. 5.3c). An example of a
discontinuous mass is shown in Figure 5.3d. For Patients 1 and 2, there was a clear distinction
between a grouping of larger and smaller masses (Fig. 5.3a). However, Patient 4 was charac-
terised by nine very small (<0.36 cm®) volumes. The mean intensity of the volumes ranged
from 90 to 795 HU (Fig. 5.3b). The filtering criteria was applied to reduce the number of small
and dilute contrast agent masses, resulting in one to three suitable masses to track per patient

(Fig. 5.3c and Extended Data Tables 5.1-5.6).
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Fig. 5.3 | Analysis of contrast agent masses. (a) Volume and (b) mean intensity of each con-
trast agent mass, with horizontal bars indicating the mean. (c) Total number of volumes before
and after applying the filter criteria. (d) Example of a discontinuous volume from Patient 2.

The confidence in the ground truth labels is shown in Figure 5.4. Labels for Patients 3 and
5 had the lowest overall confidence with none receiving a score >3 (neither). Labels for Patient
6 had the highest confidence with all labels receiving a score of 5 (very confident). Overall, the
majority of labels (55%) across all patients were scored with a confidence > 4. There were no

observable trends between the mass volume or intensity and the confidence of the label.
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Fig. 5.4 | Confidence of ground truth labels. The distribution of label confidences on a
5-point Likert scale from not at all confident to very confident.

5.4.2 Tracking Accuracy

In some images, the cGAN model was unable to detect any contrast agent. Segmentations that
were not within 5 cm of the expected plan location were excluded from the analysis (Fig. 5.5a).
The contrast agent was detected in 100% of images for four patients (2, 3, 5 and 6). Whereas
there was a 93% and 0% detection rate for Patients 1 and 4, respectively. Therefore, Patient 4
was excluded from the remaining analysis as the contrast was not detected in any kV images.
The largest tracked mass for Patient 4 was 0.29 cm® which was substantially smaller than the
next largest tracked mass for any other patient (2.26 cm?).

The centroid errors of the cGAN segmentations for all patients are represented in Figure
5.5b. The mean (+ standard deviation) centroid error was -1.0 + 4.7 mm and 1.4 + 3.1 mm in
the AP/LAT and SI directions, respectively (Fig. 5.5b). The MAD was 3.3 mm in the AP/LAT
direction and 1.9 mm in the SI direction. Additionally, the 5" and 95" percentiles were -10.7
and 5.2 mm in the AP/LAT direction, and -2.1 and 4.7 mm in the SI direction. The violin plots
demonstrate a non-normal nature of the distributions. Notably, some outliers from Patient 1

contributed to larger errors, increasing the overall variance.

5.4.3 Segmentation Performance

The performance of the cGAN in terms of the DSC, MSD, and HD,,, is presented in Figure
5.6. The agreement between the ground truth and cGAN predictions was characterised by a
mean (+ standard deviation) DSC across all patients of 0.78 + 0.19. The 5® and 95" percentiles

of the DSC were 0.32 and 0.96. The mean MSD and HD,, were 2.29 + 2.07 mm and 2.25 + 1.76
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mm respectively. The 5™ and 95" percentiles were 0.46 and 5.41 mm for MSD, and 0.46 and
5.57 mm for HD,,.
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Fig. 5.5 | Mass detection and centroid error results. (a) The percentage of images where
the conditional Generative Adversarial Network detected the contrast agent mass. (b) Violin
plots of the centroid error results in the anterior-posterior/lateral (AP/LAT) directions (red)
and superior-inferior (SI) directions (yellow). The bars represent the median (thick) and quar-
tiles (thin).

As observed with the centroid error, large outliers were present in the segmentation met-
rics for Patient 1. Additionally, Patient 5 showed a noticeable decrease in DSC performance,
which can be attributed to the sensitivity of DSC in small volumes. Examples of the cGAN
and ground truth segmentations at different imager angles for all patients are shown in Figure
5.7. At these angles it can be observed that there is good agreement in the segmentations with

a DSC greater than 0.8 for most images.

5.5 Discussion

We present a segmentation system which uses chemoemobilisation agents for real-time mo-
tion tracking in liver cancer radiation therapy. This was achieved using a patient-specific deep
learning model trained on data from a conventional radiation therapy system at two different
treatment centres. The tracking accuracy was -1.0 + 4.7 mm and 1.4 + 3.1 mm in the AP/LAT
and SI directions, respectively with a MAD of 3.3 mm in the AP/LAT direction and 1.9 mm
in the SI direction. Intrafraction motion of the liver is considerably large due to the contri-

bution of breathing motion.* From a study of 11 patients, Worm et al. reported mean 3D
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Fig. 5.6 | Violin plots of the geometric assessment metrics. The (a) DSC (red), (b) MSD
(yellow), and (c) HD,y, (purple) between the conditional Generative Adversarial Network seg-
mentation and ground truth for each patient. The bars represent the median (thick) and quar-
tiles (thin). DSC, Dice similarity coefficient; MSD, mean surface distance; HD,y,, average Haus-
dorff distance.

intrafraction motion of 17.6 mm during liver SABR with a maximum of 39.5 mm.*” There was
a weak increase in mean intrafraction displacement with elapsed time.*” In another study, Ki-
tamura et al. reported average tumour motion of 4 + 4 mm, 9 + 5 mm, and 5 + 3 mm in the
left-right, SI, and AP directions.* The deep learning approach achieved an accuracy within
several millimetres which is less than the lower range of expected motion amplitudes for the
liver.

To the best of our knowledge, this is the first study to use residual contrast agent from
TACE for real-time image guidance during radiation therapy. Yue et al. previously investi-
gated the use of lipiodol for CBCT image guidance.'® It was found that through using lipiodol
the planning treatment volume margins could be reduced from 5 to 2.5 mm in the mediolateral
direction, 8 to 4.0 mm in the SI direction, and 8 to 2.9 mm in AP direction. Margin reduction is
important for high dose treatments such as SABR as the higher radiation dose carries a signifi-
cant risk of radiation-induced liver damage.* Through motion management, the dose coverage
is improved to the tumour and there is lower dose to the surrounding healthy tissue.>*’

For this study, the ground truth was manually labelled in all kV images using the Contour
Alignment Tool. Overall, the majority of images could be labelled with some confidence. How-
ever, for two patients there was low confidence in the labels. There were no observable trends
between the lipiodol volume or intensity and the confidence in the label. Patient anatomy can
play a role in the image quality and the visibility of the contrast agent, and may have con-

tributed to the confidence scoring. The patterns of retained lipiodol can be classified into four
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categories: homogenous accumulation (type 1), partial defect (type 2), sporadic accumulation
(type 3), and punctuate or absent accumulation (type 4).'® Types 1 and 2 are charcterised by a
single continuous accumulation, whereas types 3 and 4 consist of discontinuous masses. Yue
et al. reported that only types 1 and 2 are clinically acceptable to use as a surrogate for CBCT
guidance. '®

Our study is not without limitations. One factor was the inability to track smaller and/or
multiple masses. The deep learning model trained on Patient 4 failed to detect the two smaller
masses, which had volumes (mean intensities) of 0.29 cm® (541 HU) and 0.17 cm® (471 HU).
The next largest volume that was tracked across the other five patients was 2.26 cm®. Patient
3 was the next worse in performance with several outlier results. The volumes for these two
patients would fall into categories 3 or 4, which are not clinically acceptable for CBCT guid-
ance. This limitation likely extends to real-time kV guidance as well. Our results show that
for the remaining patients there is a higher level of accuracy. Based on the current results, this
approach may need to be limited to retention categories 1 and 2 and to volumes larger than
1 cm®. The exclusion criteria will be refined as further analysis is conducted on additional
patients.

The second limitation was that the model was evaluated on kV images during patient setup.
The kV images acquired during patient setup are of higher quality than intrafraction images
with MV scatter. As the ground truth in this study was manually labelled, we require images of
higher quality where the target was visible. However, this approach could be applied in an en-
vironment where MV scatter is managed through triggered imaging* and frame averaging*'.

In scenarios with MV scatter, further evaluation would be required before deployment.

5.6 Conclusions

An algorithm for liver contrast agent segmentation during radiation therapy treatment was
developed and evaluated on patient kV images. The preliminary results demonstrate that real-
time deep learning-based segmentation within several millimetres is achievable for some types
of retention patterns. This solution could enable a non-invasive method for real-time tumour
tracking without the costs, time and side effects for marker implantation. The method will un-
dergo continuous refinement and evaluation on additional patients as ROCK-RT recruitment

progresses.
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5.8 Extended Data

The following data presents the contrast agent mass measurements for each patient. The
masses were filtered using criteria based on each patient’s specific data: only contrast vol-
umes with a volume greater than the patient’s mean volume and intensity above the patient’s
mean intensity were retained. Individual mass measurements exceeding the mean values are
highlighted in bold. Additionally, masses that met both criteria and were used for tracking

purposes are highlighted in blue.

Extended Data Table 5.1 | Patient 1 contrast agent mass measurements.

Contrast volume  Volume (cm®)  Mean Intensity (HU)

1 3.29 795
2 2.51 379
3 2.51 566
4 0.01 126
5 0.05 106
6 0.04 90
7 0.04 137
8 0.09 113
9 5.12 171
10 0.19 99
Mean 1.39 258

Extended Data Table 5.2 | Patient 2 contrast agent mass measurements.

Contrast volume  Volume (cm®) Mean Intensity (HU)

1 0.07 136
2 0.03 94
3 32.07 394
4 0.02 95
5 0.14 266
6 0.45 239
7 0.02 157
8 0.05 184
9 0.04 170
10 0.03 169
11 0.01 204
Mean 2.99 192
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Extended Data Table 5.3 | Patient 3 contrast agent mass measurements.

Contrast volume  Volume (cm®)  Mean Intensity (HU)
1 4.03 297
Mean 4.03 297

Extended Data Table 5.4 | Patient 4 contrast agent mass measurements.

Contrast volume  Volume (cm?)  Mean Intensity (HU)

1 0.17 471
2 0.29 541
3 0.02 116
4 0.13 207
5 0.36 183
6 0.03 117
7 0.06 151
8 0.00 114
9 0.02 100
Mean 0.12 222

Extended Data Table 5.5 | Patient 5 contrast agent mass measurements.

Contrast volume  Volume (cm?*)  Mean Intensity (HU)
1 2.26 281
Mean 2.26 281

Extended Data Table 5.6 | Patient 6 contrast agent mass measurements.

Contrast volume  Volume (cm®)  Mean Intensity (HU)
1 14.02 449
Mean 14.02 449
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6

Contour Alignment Tool: An Open-Source
Application for Visualising and Aligning
3D Contours in 2D Intrafraction Images

AI models for markerless segmentation require extensively labelled datasets for
training and evaluation. These datasets can be difficult and time consuming to gen-
erate. Therefore, the objective of this chapter is to develop an application that al-
lows users to quickly and easily label intrafraction images, leveraging the radiation
therapy planning data. The developed Contour Alignment Tool (www.github.
com/Image-X-Institute/contour-alignment-tool)isopen-source and was
used to label the test datasets in Chapters 4 and 5. This chapter has been prepared
for submission to SoftwareX as “Mylonas, A., Nguyen, D.T., Shieh, C.C., Seshadri,
V., Ramachandran, P., & Keall, P. Contour Alignment Tool: An open-source appli-

cation for visualising and aligning 3D contours in 2D intrafraction images.”
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6.1 Abstract

Real-time image-guided radiation therapy can be used to track the tumour during radiation
therapy to improve dose coverage. Recently, artificial intelligence (AI) has shown great poten-
tial for x-ray and magnetic resonance imaging guided radiation therapy. However, an obstacle
to Al implementation in radiation therapy is the lack of large, expertly labelled datasets which
are time consuming to create. The contouring of 2D intrafraction images can be optimised by
leveraging the 3D treatment planning data. This chapter presents the Contour Alignment Tool
(www.github.com/Image-X-Institute/contour-alignment-tool), anopen-source ap-
plication that allows users to quickly and easily match contours projected from 3D radiation
therapy treatment planning data to intrafraction images acquired during treatment. The con-
tours can be moved rigidly to the correct position and exported as binary masks facilitating the
creation of labelled data for machine learning projects. The tool is being used for two large,

ethics-approved multi-centre clinical trials (ROCK-RT, NCT05169177; LEARN, NCT05184790).

6.2 Introduction

During radiation therapy, the tumour and surrounding anatomy are dynamically moving which
can lead to underdosing tumours and overdosing the healthy tissue. The mounting evidence of
the detrimental effects of underdosing tumours and overdosing organs at risk led the Amer-
ican Society for Radiation Oncology to recommend continuous imaging for tumour motion
monitoring during high dose radiation treatments.’ Real-time image guided radiation therapy
(IGRT) monitors and accounts for the tumour motion, ensuring adequate dose coverage.? Cur-
rent motion management solutions typically rely on implanted fiducial markers or expensive
hardware such as magnetic resonance imaging (MRI) linear accelerators (linacs) to visualise
the tumour.”> However, a worldwide survey found that 71% of radiation therapy centres wish
to implement targeted radiation therapy for respiratory motion management but are limited
by resources and capacity.* Therefore, a solution that can be implemented on a conventional
linac, without the need for implanting fiducial markers, would be beneficial for cancer centres
and patients.

Artificial intelligence (AI) has shown great potential for real-time x-ray IGRT without fidu-

cial markers.”> Markerless-based approaches have been developed for lung,*® diaphragm,’
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1011 prostate, ' and head and neck.'® However, an obstacle to Al implementa-

liver,” pancreas,
tion in the clinic is the lack of large, expertly labelled datasets. For the described task, images
acquired during treatment are required to be labelled with the contour of the target and in
some cases the surrounding organs. The task of data labelling is time consuming due to the
large quantity of images required to train and evaluate Al models. The goal of this work was to
develop an open-source software solution that allows users to efficiently contour intrafraction
images. The Contour Alignment Tool can be used to generate large, expertly labelled datasets

that are required to develop Al-based real-time IGRT solutions implemented on conventional

linacs.

6.3 Methods and Materials

The Contour Alignment Tool consists of a main graphical user interface (GUI) that allows the
user to load the relevant data and then contour the images. The Contour Alignment Tool has
been implemented using MATLAB App Designer (The MathWorks Inc., Natick, Massachusetts,
USA) and has been tested in the R2021a release. MATLAB App Designer is an integrated
environment for designing a GUI with the supporting code. The Contour Alignment Tool code
requires the Image Processing Toolbox, Statistics and Machine Learning Toolbox, and Parallel
Computing Toolbox for development and compilation. Additionally, the tool can be run as a
standalone application with MATLAB Runtime. MATLAB Compiler is required to build the
standalone application. The standalone application, code, and resources are publicly available

on GitHub (www.github.com/Image-X-Institute/contour-alignment-tool).

6.3.1 Treatment Data Import

The Contour Alignment Tool imports DICOM planning data using the DICOM functions in
the MATLAB Image Processing Toolbox and intrafraction images using in-house developed
code. After launching the application, the user can select the treatment plans and intrafraction
images to be imported using the GUI (Fig. 6.1). The required planning data includes the CT,
plan, and structure set DICOM files. These files can be imported individually. Alternatively, if
all the DICOM files are contained in one folder, the user can select the folder to automatically
import all files at once. Once the structure set file has been imported, the structures will be

listed in a drop-down menu for user selection.
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Contour Alignment Tool 1.3.6 = a *
File  Display Help
Data Processing
Imaging Parameters

Mumber of images to load | 35 g{ All

@ Pixel spacing 0.8 | mm

@ Source to isocenter distance (SID) | 1000 | mm

Clinical Data @ Source to detector distance (SDD) | 1536 | mm
Bluwse @ Detector offset x-coordinate 115 | mm

Patient 4 v

Patient Plans

CT files | Browse
Plan file | Browse

Structure set file | Browse
TACE v

Patient Images

Fraction 1 v

Intrafraction Images | Browse
Contour Export | Browse
Proceed

Fig. 6.1 | Treatment data import user interface. Graphical user interface for importing
patient planning data and intrafraction images.

The Contour Alignment Tool can import intrafraction images of the specified file formats,
including TTFF, XIM, HND, HNC, and HIS from Varian (Palo Alto, CA, USA) and Elekta (Stock-
holm, Sweden) treatment systems with x-ray imaging. Certain imaging parameters are re-
quired for processing the data including pixel spacing, source to isocenter distance, source to
detector distance, detector offset, and imager angle. These imaging parameters can be attained
from the image headers for some file types. Parameters that cannot be attained from the image
headers must be entered by the user prior to proceeding. Additionally, the user can specify
the quantity of images to be imported to manage time. The subset of images to be imported
will be equispaced between the start and stop angles.

Once the files have been imported, the data are processed for data labelling. As the treat-
ment planning structures are 3D, the structures must be adapted to the 2D space. The plan-
ning CT and selected structure are forward projected using the Reconstruction Toolkit'* at
the respective image angles to create digitally reconstructed radiographs (DRR). The forward
projections are performed using CUDA Ray Casting for CUDA-enabled graphics processing
units (GPU), and the Joseph method ' if no CUDA-enabled GPU is available.
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6.3.2 Data Labelling

Following data processing, the GUI displays the 2D contour on the intrafraction image and the
user can rigidly shift the contour to the correct position (Fig. 6.2). The main GUI allows users
to navigate between images, adjust image contrast, choose the confidence in alignment using
a Likert scale, and export the aligned contours. There are several methods for contrast adjust-
ment including manual, automatic, windowing based on the contour position, and windowing
based on a user defined region of interest. Once the user is satisfied with the contour position,
they can score their confidence in alignment using a 5-point Likert scale with the following
levels: not at all confident, not very confident, neither, fairly confident, and very confident. The
confidence scoring can be used when evaluating an Al model’s performance on the images.
Once all images have been labelled, the contours can be exported as binary PNG files.
Additional features are available in the menus to assist the user with contouring the images.
The DRR Viewer allows the user to visualise the planning CT DRR with the structure contour
overlayed. The DRR Viewer can guide the user in positioning the contour when it is difficult
to differentiate the structure in the intrafraction images. Users can select different colours for
the contour and change the contour display to a transparent fill. Finally, there are keyboard

shortcuts for all main actions to improve usability and efficiency.

6.3.3 Development and Deployment

The Contour Alignment Tool was developed in close collaboration with medical physicists
and radiation oncologists to ensure it met clinical and research needs. The tool was developed
in-house, leveraging data with various projection file types to cover all expected treatment
systems. The early development phase allowed for testing of the initial GUI, performance
enhancements, and bug fixes. Demonstrations of the tool provided an opportunity for future
users to give feedback on desired functionality and modifications.

Once the prototype was functional, it was deployed to one clinical site to label data for
the ROCK-RT clinical trial (NCT05169177'¢). The prototype testing phase served to resolve
bugs and refine functionality. Based on user feedback, shortcuts and GUI enhancements were
implemented to improve usability. The tool was subsequently deployed to an additional two

sites leading to further bug fixes and some minor GUI enhancements.
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Fig. 6.2 | Data labelling user interface. Data labelling graphical user interface with an
example of an abdominal kilovoltage image and liver contrast agent mass contour.

6.4 Results and Discussion

The Contour Alignment Tool is being used to contour x-ray images for two multi-centre imag-
ing studies with a combined target accrual of 350 patients (NCT05169177'* and NCT051847907).
The two studies will cover nine anatomical sites including brain, breast, head and neck, kidney,
liver, pancreas, prostate, spine, and heart. The Contour Alignment Tool is being used for sev-
eral image guidance research projects in addition to the clinical trials. The contour matching of
a liver contrast agent mass took an average (+ standard deviation) of 12.3 + 8.7 seconds per im-
age (N = 692 images). While the average time will vary depending on the site being contoured
and the image quality, the time is acceptable for research purposes. For the aforementioned
clinical trials, the expectation is to label 35 images per fraction giving an anticipated time of
less than 10 minutes for the data labelling component.

The Contour Alignment Tool is a convenient, time efficient labelling tool adapted to the

requirements for ground truth generation. The users do not require any coding experience to
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contour the images. Therefore, the application can be used by students, radiation therapists,
medical physicists, and radiation oncologists. The application creates time savings as it lever-
ages treatment planning data to remove the need to manually draw the contour in each image.
The Contour Alignment Tool and all supporting code used for development are free to use and
are publicly accessible through GitHub. The standalone application can be run using MATLAB
Runtime which does not require a MATLAB license. The App Designer code is available for
users to contribute to the Contour Alignment Tool or adapt for their own research purposes.
Any contributors should be aware of the software license requirements and is responsible for
their code.

The application is not without limitations. Currently, there is only the ability to perform
a rigid shift of the contour. It does not account for changes in volume or deformation in be-
tween the planning CT and intrafraction images. This limitation can be somewhat negated
by using an updated contour from the pre-treatment CBCT. Future versions could provide the
ability to deform the 2D contour to better match with the intrafraction image. Other devel-
opments could include the incorporation of the developed Al models to assist with labelling
the structure. The tool could be used to score the Al performance in labelling the structure.
Furthermore, the Contour Alignment Tool offers the ability to load a large range of 2D in-
trafraction image file types, serving a wide range of usage scenarios. The application could be
adapted for other x-ray systems including CyberKnife and Radixact (Accuray Incorporated,
Sunnyvale, CA, USA), as well as MRI systems. The application also has potential for other
medical imaging applications outside of radiation therapy.

In conclusion, this open-source Contour Alignment Tool allows users to efficiently contour
intrafraction images and can be used to create large, expertly labelled datasets. These datasets
will be required to develop real time x-ray IGRT solutions which in turn can be used to improve

beam-tumour targeting and ultimately patient outcomes.
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7

Conclusions and Future Work

7.1 Summary

Increasing evidence points towards improved radiation therapy treatment outcomes and re-
duced radiation toxicity through dose escalation combined with reduced margins. However,
the delivery of targeted radiation therapy remains a challenge due to intrafraction motion. Re-
cent developments in the field such as image-guided adaptive radiation therapy have allowed
for the precise targeting of the tumour and sparing of OARs. Real-time motion monitoring
on a standard linac is difficult for organs with poor soft tissue contrast such as the prostate,
pancreas, and liver. While fiducial markers can be implanted to visualise these targets, the
implantation procedure is invasive and carries risks. Furthermore, there is a need world-wide
for motion management strategies that are not costly and can be implemented into existing
workflows.

Al has shown great potential for markerless tumour tracking in x-ray images.! However,
existing studies for the prostate and pancreas are limited to evaluation on synthetic imaging
data. Therefore, the overarching objective of this thesis was to develop the first real-time
markerless tumour tracking framework for prostate, pancreatic, and liver radiation therapy.

The specific aims of this thesis were:

(i) To conduct the first large-scale proof of principle for x-ray-based markerless prostate

segmentation, suitable for clinical implementation on standard linacs.
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(ii) To explore the potential of x-ray-based markerless pancreas head segmentation, focus-

ing on accuracy and identifying technical challenges.

(iii) To investigate the feasibility of using residual contrast agents from chemotherapy for

real-time markerless liver cancer tracking.

7.2 Conclusions and Contribution

This thesis presents a markerless deep learning framework for real-time motion management
on a standard linac, eliminating the need for fiducial markers. The studies are an important
step towards achieving real-time tracking on standard treatment machines without additional
hardware, leading to more efficient radiation therapy for more patients. The main body of this
thesis involved three studies focused on different cancer sites: prostate, pancreas, and liver.
These three sites were chosen due to the challenges in visualising the target in intrafraction
images. Markers are commonly used for these sites to act as a surrogate and improve tracking
accuracy.

First, an algorithm was developed to track the prostate in a large, multi-institutional ret-
rospective study in Chapter 3. The study addresses Aim 1 by conducting the first large-scale
proof-of-principle of x-ray-based prostate markerless segmentation for standard linacs, ad-
vancing the field closer to a clinical implementation of this technology. The deep learning
model was validated on patients with and without fiducial markers, demonstrating accuracy
within several millimetres and no correlation between the observed motion and error, indicat-
ing its ability to detect cases of large motion.

Building on this, the framework was extended to pancreas head segmentation in Chapter
4 to address Aim 2. The added complexity of larger motion and deformation necessitated de-
formable data augmentation and angle-specific networks. Using these adaptations, the first
algorithm for liver chemotherapy contrast agent segmentation during radiation therapy was
developed. Aim 3 was achieved by demonstrating that the residual contrast agent could en-
able real-time markerless tracking for a cohort of patients. Finally, the open-source Contour
Alignment Tool, crucial in ground truth generation for both the pancreas and liver studies,

was introduced. This tool will also support additional clinical trials in the coming years.
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7.3 Future Work

This thesis has demonstrated the ability of the deep learning framework for prostate, pancreas,
and liver motion management. It is expected that other sites such as the lung, where there
is higher tumour contrast, would similarly benefit from this deep learning framework. The
framework has already been successfully applied to head and neck cancer using simulated 2D
x-ray images (Appendix B). Future work will involve retrospective studies on other cancer sites
through the Learning Environment for Artificial Intelligence in Radiotherapy New Technology
(LEARN; NCT05184790%) clinical trial. LEARN aims to develop a whole-of-body markerless
tracking method including brain, breast, head and neck, kidney, liver, pancreas, prostate, spine
and cardiac anatomic sites. The deep learning framework presented in this thesis will be
evaluated on 300 participants, with at least 30 individuals from each of the nine cohorts. The
methods of this thesis will be crucial in the implementation of the model in the LEARN clinical
trial.

While the deep learning framework has demonstrated promising results, further devel-
opment is needed to improve its accuracy and robustness in clinical settings. As part of this,
investigating explainable Al techniques such as activation maps will be important to better un-
derstand which image features the algorithm relies on for tracking. These analyses can guide
refinements to the model and training process, as well as help assess whether the method relies
on any residual information from the masking applied in Chapters 3 and 4. Additionally, in this
thesis, the framework was tested on x-ray images acquired during patient setup, which do not
contain MV scatter. Future evaluation is required to assess performance in scenarios involving
MV scatter. However, the framework may be applied effectively in environments where MV
scatter is mitigated through methods such as triggered imaging® and frame averaging*.

The average inference time of the model was 10 ms per image, making it suitable for real-
time motion monitoring. According to the AAPM Task Group 264, real-time systems are de-
fined as having a total latency below 500 ms.> While the model meets this requirement at the
segmentation level, further optimisation may include streamlining the data pre-processing
pipeline, parallelising computations, and deploying the model on high-performance and ded-
icated hardware. The latency could be further reduced through model optimisations. Optimi-
sation efforts will be focused on the generator, as the final application only uses the generator

network for segmentation. These include model pruning and quantisation to reduce compu-

114



tational load,® as well as exploring lightweight generator architectures.

To enable patient-specific training, the deep learning framework must first be integrated
with treatment planning systems so that it can be trained using each patient’s planning data
prior to treatment. However, training solely on the planning computed tomography (CT) data
may not capture the full range of interfraction anatomical variation observed throughout a
treatment course. Since daily cone-beam CTs (CBCTs) are not available at the time of the first
fraction, the current approach uses data augmentation to simulate such variation. Therefore,
daily CBCTs could be incorporated progressively by fine-tuning the model as treatment pro-
gresses. This adaptive approach could help the model learn from patient-specific anatomical
changes over time and improve its robustness.

However, it is important to acknowledge the challenges associated with training genera-
tive adversarial networks (GAN), including non-convergence, mode collapse, and instability.’
These issues can introduce uncertainty into the segmentation, potentially affecting its relia-
bility in a clinical setting. Across the three studies, the model performance was found to be
sensitive to the number of training epochs. Future work could focus on optimising the loss
function to improve training stability and mitigate issues such as mode collapse. In addition,
incorporating in-training validation strategies may help identify the optimal training duration,
ultimately enhancing the robustness and clinical applicability of the system.

A GAN-based segmentation model was chosen for target segmentation due to its ability
to model complex structures and generate realistic outputs. The training data consisted of
digitally reconstructed radiographs (DRRs) of the entire anatomy, paired with ground truth
DRRs showing only the target. The generator network was trained to produce realistic target-
only DRRs that represent the segmentations. This approach is beneficial for soft tissue seg-
mentation in x-ray images, where anatomical boundaries can be subtle or poorly defined.
Compared to traditional CNN-based segmentation methods, GANs can produce sharper and
more anatomically plausible results. Preliminary studies supported this, demonstrating that
GAN-based segmentations appeared more anatomically realistic than those generated by a
conventional UNet. However, given the rapidly evolving field of deep learning, alternative ar-
chitectures such as transformer-based models should also be explored in future work to further
improve performance and robustness.

The next step towards clinical implementation will involve incorporating the deep learn-

ing model into a real-time system that is integrated with clinical treatment systems. This
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process is already underway, using an existing, clinically validated software solution for fidu-
cial marker tracking known as Kilovoltage Intrafraction Monitoring (KIM). KIM has been used
in multi-centre clinical trials for the prostate® and liver®. Once integrated, the deep learning
real-time framework will be evaluated on a standard linac using phantom studies to assess
its performance on real patient motion traces and extreme motion scenarios. Following the
integration of the framework and successful phantom studies, an observational clinical trial
will be conducted to compare delivered treatments without motion tracking to hypothetical

treatments with the deep learning motion tracking.

7.4 Concluding Remarks

The work in this thesis has advanced the field closer to the clinical implementation of mark-
erless tumour tracking on a standard linac. It has investigated the feasibility of the framework
for three challenging cancer sites with poor soft tissue contrast, laying the foundation for a
whole-of-body markerless tracking system. The deep learning framework has the potential
to make real-time motion management treatments accessible to all patients, eliminating the

need for expensive, dedicated equipment or fiducial marker implantation.
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Appendix A: Radio-Opaque Contrast Agents
for Liver Cancer Targeting with KIM Dur-
ing Radiation Therapy (ROCK-RT)

This appendix outlines the protocol of the ROCK-RT observational feasibility study
which was the basis for Chapter 5. ROCK-RT aims to investigate the feasibility of
using residual radiopaque contrast agents from chemotherapy for real-time image-
guided radiation therapy. The study has received ethics approval and is regis-
tered to ClinicalTrials.gov (NCT05169177). This appendix includes initial results
for three patients generated as part of this thesis using the deep learning frame-
work. The appendix has been published as “Plant, N., Mylonas, A., Sengupta,
C., Nguyen, D. T, Silvester, S., Pryor, D., Greer, P., Lee, Y. Y. D., Ramachandran,
P., Seshadri, V., Trada, Y., Khor, R., Wang, T., Hardcastle, N., & Keall, P. Radio-
opaque contrast agents for liver cancer targeting with KIM during radiation ther-
apy (ROCK-RT): An observational feasibility study. Radiation Oncology, 19, 139
(2024)”
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Abstract

Background This observational study aims to establish the feasibility of using x-ray images of radio-opaque
chemoembolisation deposits in patients as a method for real-time image-guided radiation therapy of hepatocellular
carcinoma.

Methods This study will recruit 50 hepatocellular carcinoma patients who have had or will have stereotactic ablative
radiation therapy and have had transarterial chemoembolisation with a radio-opaque agent. X-ray and computed
tomography images of the patients will be analysed retrospectively. Additionally, a deep learning method for real-
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successfully track the contrast agent mass on two thirds of cone beam computed tomography (CBCT) projection and
intra-treatment images (i), the mean and standard deviation (mm) difference in the location of the mass between
ground truth and deep learning detection are <2 mm and <3 mm respectively and (jii) statistical modelling of study
data will predict tracking success in 85% of trial participants.
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Background

Liver cancer is a global health concern with increasing
incidence worldwide [1-3]. It is the sixth most common
cancer globally and the third leading cause of cancer-
related deaths [1]. Hepatocellular carcinoma (HCC) is
the most common form of primary liver cancer account-
ing for ~85% of cases [1]. In Australia, the incidence and
mortality rate of liver cancer has increased more than any
other cancer [4].

Stereotactic Ablative Radiation Therapy (SABR) is a
technique used to deliver high-precision, ablative doses
of radiation in a small number of fractions to an extra-
cranial target [5]. It is utilised to treat a variety of malig-
nancies including in the lung [6], liver [7] and spine [8].

One of the challenges of radiation therapy (RT) is the
significant movement of tumours that can occur dur-
ing treatment, particularly for tumours in the liver due
to respiratory motion [9]. SABR is often utilised as an
alternative to surgery or thermal ablation in patients
with limited functional liver reserve or where tumours lie
close to bowel, pericardium, or central biliary structures.
If respiratory motion is not accounted for, there can be
increased dose to surrounding structures and subsequent
injury. Therefore, the delivery of a precise ablative dose is
highly dependent on being able to verify the tumour posi-
tion and any associated movement [10]. Real-time image-
guided radiation therapy (IGRT) is a targeting method
used to track the movement of tumour tissue during
radiation therapy by tracking the motion of fiducial
markers implanted in or near the tumour tissue [11]. One
of these technologies, Kilovoltage Intrafraction Monitor-
ing (KIM), has recently been applied to liver SABR [12].
The markers are implanted by an invasive procedure
which can be associated with a risk of bleeding, infection,
marker migration, additional treatment delays and may
require a general anaesthetic [13, 14]. The current study
seeks to develop and investigate a deep learning method
that maintains the real-time tracking benefits of KIM,
without the need to implant markers into patients.

In HCC patients, chemotherapy is often delivered
via transarterial chemoemobilisation (TACE), which
involves the injection of chemotherapy drugs into the
artery supplying the tumour combined with embolic par-
ticles to restrict blood supply and retain the therapeu-
tic agent within the treatment zone, and a radio-opaque
contrast agent. Radio-opaque contrast material within
the tumour allows direct visualisation of the treated
tumour at the time of TACE and is often retained in the
tumour and visible on imaging for many months after-
wards. The approach of treating HCC using TACE imme-
diately before SABR is increasingly used, and there is the
potential to utilise this retained radio-opaque contrast as
a marker for non-invasive, real-time tracking of tumour
motion [15-17].
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The most common radio-opaque agent used in this set-
ting is ethiodised oil, however, there are also some drug-
eluting bead (DEB-TACE) formulations that incorporate
iodine directly into the bead structure. These retained
radio-opaque contrast agents are currently often used
as a surrogate tumour marker to aid target verification
before and during SABR.

This observational study aims to establish the feasibility
of using residual radio-opaque contrast agent in patient
images as a real-time guidance method for IGRT treat-
ment of HCC by applying deep-learning to x-ray images
obtained as standard of care during radiation therapy.
Completion of this observational study will lead to a pro-
spective use of real-time markerless KIM real-time IGRT
for eligible liver SABR patients.

Methods/design

Aim

This study aims to provide a non-invasive alternative to
implanting fiducial markers to track tumour movement
in real-time during SABR treatment of HCC. To deter-
mine whether radio-opaque contrast agents in the radio-
logical images used to guide HCC radiotherapy can be
used for real-time tracking of tumour movement, this
study will train a deep-learning model to segment resid-
ual radio-opaque agents in radiation therapy planning
images then attempt to accurately detect the agents in
images obtained during treatment, for use with motion
management software (KIM). The deep learning real-
time tracking process is shown in Fig. 1.

Design

This observational study will recruit patients who had or
will have SABR treatment for HCC following TACE che-
motherapy. Standard of care radiotherapy planning and
in-treatment x-ray images will be collected, and analysis
will occur offline. Following deep-learning and KIM algo-
rithm adaptation, the detected location of the contrast
agent mass by KIM will be compared with manual delin-
eation (Fig. 2).

Hypotheses

We hypothesise that: (i) deep learning software can be
developed that will successfully track the contrast agent
mass on two thirds of cone beam computed tomography
(CBCT) projection and intra-treatment images (ii), the
mean and standard deviation (mm) difference in the loca-
tion of the mass between ground truth and deep learning
detection are <2 mm and <3 mm respectively and (iii)
statistical modelling of study data will predict tracking
success in 85% of trial participants.
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Fig. 1 The clinical workflow for automatic target tracking using residual contrast agent is comprised of two key components: prior to treatment and dur-
ing treatment. A patient-specific network is trained prior to the patient’s treatment using radiation therapy planning data. The generator network from
the conditional generative adversarial network (cGAN) is used during the treatment to segment the target. The location of the segmented target can be

used for motion management

Eligibility criteria

This study will recruit 50 participants who: will be >18
years of age; had or will have SABR for HCC; will/have
residual radio-opaque contrast (e.g., ethiodised oil or
drug-eluting beads containing iodine) from prior TACE
chemotherapy visible within the imaging field on RT
planning CT scans; will provide written informed con-
sent or meet criteria for a waiver of consent; and will have
the minimum image dataset available in the required
format.

Participants

Participants will be recruited from four Australian sites
that currently use SABR to treat primary liver can-
cer; Princess Alexandra Hospital in Queensland, Cal-
vary Mater Newcastle Hospital and the Crown Princess
Mary Cancer Centre in New South Wales, and the Aus-
tin Health in Victoria. The Image-X Institute at the Uni-
versity of Sydney will develop the KIM algorithm and

software for ground truth delineation and provide central
study coordination.

Consent/recruitment

Participants who had their radiation therapy prior to site
activation will be recruited retrospectively and a waiver
of the need for consent will be sought from an approved
HREC (Human Research Ethics Committee) and govern-
ing State Health Data Custodian. Participants are oth-
erwise recruited prospectively using a HREC-approved
patient information sheet and consent form prior to
starting RT.

Datasets

The minimum RT treatment dataset required from ret-
rospectively recruited participants includes the 3D or
4D CT scans used for planning, contours, treatment
plans and pre-treatment 3D or 4D CBCT reconstructed
images in DICOM format, and 2D projection images.
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applied to un-delineated images to (i) detect the contrast mass, and (i) locate its centre in comparison with manually delineated matches. If the contrast
mass can be detected accurately, modelling for likelihood of KIM tracking success will be conducted
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In-treatment x-ray images are mandatory for prospec-
tively recruited participants and desirable from those
retrospectively recruited and any additional images from
screening or testing sessions are desirable but not man-
datory from all participants.

In addition to RT treatment images, data will be col-
lected on participant characteristics (demographics,
medical history, diagnosis), TACE chemotherapy (type
of contrast agent - ethiodised oil or drug eluting beads,
date of procedure), and other RT treatment-related data
(treatment centre and treating doctor, treatment device
and version, imaging system type/model, motion man-
agement techniques such as free-breathing or breath
hold, the use of abdominal compression, and breathing
training).

Matching

Manual delineation of the contrast mass on the planning
CT and pre-treatment CBCT images (3D or 4D) with a
purpose-designed alignment tool using MATLAB Run-
time R2021a (version 9.10) (Fig. 3) will provide a ground
truth location of the centre of the contrast mass to which

Contour Alignment Tool 1.3.5

File  Display

Quick Export  Help
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delineation by the KIM software can be compared. If
more than one contrast mass is visible on the planning
CT and pre-treatment CBCT images, these will be sepa-
rately delineated, and then the two volumes will be com-
bined into a single contrast mass structure. To ensure at
least 100 labelled images will be available for each par-
ticipant, the contour alignment tool will choose 35 pro-
jections per CBCT from each fraction that are equally
spaced angularly over the scanning arc to represent a
range of angles. Where the contrast agent mass cannot
be equivocally identified manually, these images will not
be used as the ground truth. Users of the alignment tool
will give a confidence score for the alignment using a
five-level Likert scale ranging from ‘Not at all confident’
to “Very confident!

Comparator

The adapted KIM software will be run on un-delineated
copies of the acquired data used to determine the ground
truth location of the contrast agent. The KIM program
will output the 2D and 3D position of the centre of the
contrast agent mass. The KIM algorithm may be adjusted
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Fig. 3 The contour alignment tool graphical user interface with an unaligned contour. The red contour (liver contrast agent mass) can be repositioned

by the user
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as more patient data is acquired, and the same version
of the software will be run across all patients for the
analysis.

Data collection and transfer

An anonymisation tool will be applied to all images and
datasets will be coded with participants’ unique Study
ID before transfer. Image data will be uploaded to a data-
sharing platform created and maintained by the Univer-
sity of Sydney for this study via a site-specific unique link
to study folders. To quantity the interobserver error, the
image data will be independently manually delineated by
a separate study site.

All other data will be obtained from the partici-
pant’s medical record by delegated study personnel at
the recruiting site and entered in a password-protected
online database (REDCap 12.5.8, Vanderbilt University),
coded by Study ID and year of birth.

Bias

The study design minimises bias/errors due to sampling
(baseline characteristics), matching (accuracy of com-
parator delineation) and assessments. Baseline character-
istics to be considered in final analyses include (i) type,
size, shape, density, and location of the contrast agent, (ii)
type of imaging and treatment machine, (iii) time since
TACE, (iv) participant demographics, and (v) treatment
site. Accuracy of the ground truth (manual contrast mass
delineation on images) will be maximised by (i) providing
sites with the same purpose-designed software to con-
duct delineation of contrast mass location on images, (ii)
for the same projections, performing ground truth delin-
eation by an independent observer who is a member of
the research team from another site, and (iii) assessment
by qualified and experienced medical physicists or radia-
tion therapists. Final assessment of the KIM software
(comparator) will be conducted (i) on images that have
not been marked with the ground truth, (ii) by site study
personnel who have not seen images marked with ground
truth, (iii) by study personnel who are qualified and expe-
rienced medical physicists.

Outcome measures

(i) the proportion of CBCT projection and intra-treat-
ment images in which the KIM software detects a con-
trast mass. (ii) the mean and standard deviation of the
difference (mm) of location of the centre of the contrast
mass detected on CBCT projection and intra-fraction
images by KIM software compared with the ground truth
in each of the horizontal and vertical directions. (iii)
the mean and standard deviation of the centroid error
between the segmentation and ground truth will be cal-
culated, and DICE analysis will be performed to mea-
sure the similarity between the two delineation methods.

Page 6 of 8

Characteristics of the participants, chemotherapy, RT,
and images, (e.g., treatment machine type, treatment site;
contrast agent type, density, size, shape, and location;
and patient size, age, cancer stage and sex), will be used
to create a generalised linear model, or appropriate alter-
native, to identity univariate and multivariate patient or
treatment features that contributed to the success or fail-
ure of the KIM tracking algorithm.

Preliminary data

To investigate the feasibility of the ROCK-RT proto-
col, data from three patients recruited into ROCK-RT
have been analysed. A conditional generative adversarial
network [18] was used to train a patient-specific model
to track the contrast mass from the pre-treatment data
including data augmentation (translation and rotation).
This model was then applied to the data acquired during
treatment, representing the clinical scenario of real-time
target tracking. Figure 4 shows examples of the target
tracking prediction compared with the ground truth.
Figure 5 quantifies the centroid error and Dice similarity
coeflicient acquired from two fractions for three patients
using 35 images per fraction. The mean and standard
deviation of the centroid tracking error in the anterior-
posterior/lateral and super-inferior directions were
—0.4£2.8 mm and —0.6+ 1.4 mm respectively. The mean
Dice similarity coefficient was 0.87+0.08.

Discussion

The detection of residual radio-opaque contrast in the
liver by KIM may lead to the development of technology
that improves the accuracy, safety, and effectiveness of RT
for liver cancer. The main challenges to this study are the
availability of participants whose minimum image data-
set is available, especially for retrospectively recruited
participants, and the time commitment required by sites
to contour images.

The hypotheses will be accepted if, in two thirds of par-
ticipants (i), KIM detects the contrast mass; (ii) the mean
and standard deviation (mm) difference in the location of
the mass between ground truth and KIM detection are
<2 mm and <3 mm, respectively and (iii) if a model of
the success rate in the primary hypothesis and patient/
treatment characteristics can predict KIM success in 85%
of participants. Should the three hypotheses be accepted,
there will be sufficient justification for the prospective
use of KIM as a real-time image guided radiation therapy
tool for liver cancer patients.
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Appendix B: Realistic CT Data Augmen-
tation for Accurate Deep-Learning Based
Segmentation of Head and Neck Tumours

Markerless tumour tracking is desired for head and neck cancer as surgically im-
planting fiducial markers is high risk in the head and neck region. Additionally,
immobilisation masks can be distressing for patients and motion can still occur.
The deep learning framework presented in this thesis was used to segment head
and neck tumours. The study proposed a method for realistic data augmentation
to improve the robustness of deep learning models, achieving millimetre accuracy.
This appendix has been published as “Gardner, M., Bouchta, Y.B., Mylonas, A.,
Mueller, M., Cheng, C., Chlap, P., Finnegan, R., Sykes, J., Keall, P.J. & Nguyen, D.T.,
Realistic CT data augmentation for accurate deep-learning based segmentation of
head and neck tumors in kV images acquired during radiation therapy. Medical

Physics, 50, 4206-4219 (2023)”
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Abstract

Background: Using radiation therapy (RT) to treat head and neck (H&N) can-
cers requires precise targeting of the tumor to avoid damaging the surrounding
healthy organs. Immobilisation masks and planning target volume margins are
used to attempt to mitigate patient motion during treatment, however patient
motion can still occur. Patient motion during RT can lead to decreased treatment
effectiveness and a higher chance of treatment related side effects. Tracking
tumor motion would enable motion compensation during RT, leading to more
accurate dose delivery.

Purpose: The purpose of this paper is to develop a method to detect and
segment the tumor in kV images acquired during RT. Unlike previous tumor
segmentation methods for kV images, in this paper, a process for generating
realistic and synthetic CT deformations was developed to augment the training
data and make the segmentation method robust to patient motion. Detecting
the tumor in 2D kV images is a necessary step toward 3D tracking of the tumor
position during treatment.

Method: In this paper, a conditional generative adversarial network (cGAN)
is presented that can detect and segment the gross tumor volume (GTV) in
kV images acquired during H&N RT. Retrospective data from 15 H&N cancer
patients obtained from the Cancer Imaging Archive were used to train and test
patient-specific cGANs. The training data consisted of digitally reconstructed
radiographs (DRRs) generated from each patient’s planning CT and contoured
GTV. Training data was augmented by using synthetically deformed CTs to gen-
erate additional DRRs (in total 39 600 DRRs per patient or 25 200 DRRs for
nasopharyngeal patients) containing realistic patient motion. The method for
deforming the CTs was a novel deformation method based on simulating head
rotation and internal tumor motion. The testing dataset consisted of 1080 DRRs
for each patient, obtained by deforming the planning CT and GTV at different
magnitudes to the training data.

The accuracy of the generated segmentations was evaluated by measuring
the segmentation centroid error, Dice similarity coefficient (DSC) and mean sur-
face distance (MSD). This paper evaluated the hypothesis that when patient
motion occurs, using a cGAN to segment the GTV would create a more accu-
rate segmentation than no-tracking segmentations from the original contoured

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited and is not used for commercial purposes.
© 2023 The Authors. Medical Physics published by Wiley Periodicals LLC on behalf of American Association of Physicists in Medicine.
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GTV, the current standard-of-care. This hypothesis was tested using the 1-tailed
Mann-Whitney U-test.

Results: The magnitude of our cGAN segmentation centroid error was
(mean + standard deviation) 1.1 + 0.8 mm and the DSC and MSD values were
0.90 + 0.03 and 1.6 + 0.5 mm, respectively. Our cGAN segmentation method
reduced the segmentation centroid error (p < 0.001),and MSD (p = 0.031) when
compared to the no-tracking segmentation, but did not significantly increase the
DSC (p = 0.294).

Conclusions: The accuracy of our cGAN segmentation method demonstrates
the feasibility of this method for H&N cancer patients during RT. Accurate tumor
segmentation of H&N tumors would allow for intrafraction monitoring methods
to compensate for tumor motion during treatment, ensuring more accurate dose

KEYWORDS

1 | INTRODUCTION

Radiation therapy (RT) is indicated for 74% of head and
neck (H&N) cancer patients.! H&N RT has a higher risk
of adverse side effects than treatments to other sites
since there are many important organs located near
the planning target volume (PTV). Recent advances in
RT, including intensity-modulated RT, which confirms the
high dose to the complex shapes of the target vol-
ume and minimizes dose to organs at risk (OAR), has
led to improved survival rates and reduced toxicities.>
However, treatment-related toxicities still occur and can
become a serious health risk if the dose received by
organs close to the PTV exceeds certain thresholds.*°
To minimize the dose delivered to healthy organs,
H&N cancer patients are required to wear a skin-tight
immobilization mask that minimizes patient motion.”-
However, despite the restrictive nature of immobiliza-
tion masks, motion in the order of several millimeters
of the tumor and surrounding tissue can still occur dur-
ing and between treatment fractions.®'% This motion can
be caused by a change in the mask’s fit due to patient
weight loss between fractions, imperfections in the mask
manufacturing and fitting process, tumor shrinkage, or
treatment-related oedema.” The current standard of
care is to use PTV margins of 2-5 mm rather than
motion tracking to account for motion and changes in the
target volume."! This margin, combined with intrafraction
motion, leads to increased dose to surrounding healthy
tissue, as well as decreased dose to the target.'?
Tracking the tumor position during treatment would
enable the use of more accurate radiotherapy tech-
nigues such as gating or real-time beam adaptation
technology and could lead to being able to reduce
the PTV margins. One method used in other treatment
sites such as prostate, lung and liver to track the tumor
position during treatment involves surgically implant-
ing fiducial markers into the tumor which can then be

delivery and enabling better H&N cancer patient outcomes.

cGAN, radiotherapy, segmentation

tracked using kV projection images acquired during
treatment.’®~'> However, surgically implanting fiducial
markers into H&N tumors has a high risk of complica-
tion and the large and complex shape of H&N tumors
makes implanting markers difficult. If intrafraction tumor
monitoring is to be implemented for H&N tumors, a mark-
erless approach to detecting the tumor position in kV
images needs to be implemented.

Markerless tumor detection methods have been pre-
viously proposed for the lungs,'®?? liver?? prostate,23-24
and pancreas?® As detecting the Gross Tumor Vol-
ume (GTV) in kV images is difficult due to the low
contrast between the GTV and surrounding tissue,
most markerless tracking methods are based on deep
learning.?%2° Template-matching or feature based reg-
istration has also been used for markerless tumor
tracking, however these methods use high-gradient or
high intensity features such as bone as a surrogate for
tumor motion 2627

4DCT is commonly used to train deep learning based
markerless segmentations methods because the mul-
tiple volumes provide large amounts of training data
showing how the images will change with motion.?%:23.28
However, 4DCTs are not routinely acquired for H&N RT,
so in this paper we present a way of training a deep-
learning network to segment H&N tumors from only the
planning CT.

The aim of this paper was to develop a realistic data
augmentation approach for H&N images which would
allow a deep learning method to detect and segment
the primary GTV for H&N cancer patients in kV images
using only the planning CT as training data. The deep
learning network used was a conditional generative
adversarial network (cGAN). The effectiveness of our
cGAN segmentation method was evaluated by testing
the hypothesis that our cGAN segmentation method
improves GTV segmentation accuracy when compared
to the current standard of care in which no GTV tracking
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FIGURE 1 A flowchart showing the method used to evaluate the patient-specific deep learning method for one patient. First, the planning

CT and contoured GTV is deformed multiple times and forward projected to create the training data. The same planning CT is deformed at half
the magnitude of the training data to create the testing data. The original contoured GTV is also forward projected to create the no-tracking
segmentations which assume no motion occurred in the testing data. DRR, digitally reconstructed radiograph; GTV, gross tumor volume.

is used. The data augmentation simulated realistic
patient movement, which was achieved using a novel
synthetic deformation method. To the authors knowl-
edge, this paper describes the first implementation
of markerless tumor detection of H&N tumors in kV
images. This feasibility study is an important step in
demonstrating the feasibility of markerless tracking of
H&N tumors, and is an important step toward reducing
the need for immobilization equipment during RT.

2 | METHODS

A flowchart detailing the training, testing and evaluation
of our GTV tracking method is shown in Figure 1. The
code used in this paper to generate these results is avail-
able on a public repository (https://github.com/ACRF-
Image-X-Institute/MarkerlessHNGTVTracking).  Most
deep neural network-based markerless tumor tracking
methods uses the large amount of data acquired in
4DCTs to train their neural network??2®> As 4DCTs
are not routinely used for H&N treatments, our training
dataset was generated from the planning CT by using a
novel synthetic CT deformation method to deform each
patient’s planning CT to generate multiple CT volumes.

From these multiple CT volumes, synthetic images in
the form of digitally reconstructed radiographs (DRRs)
were created and used to train a patient-specific cGAN
to segment the GTV in the DRRs. To create the testing
dataset, the planning CT volumes were again deformed
by creating an additional realistic synthetic deformation.
This additional deformation had different magnitudes to
the deformations used to create the training data. The
resultant deformed CT was then used to create a set of
testing DRRs.

The cGANs used in this paper were trained using
DRRs, which are simulated 2D fluoroscopy x-ray images
created from a 3D CT volume? Using a known projection
geometry, DRRs can be created at different projection
angles to simulate kV images acquired during RT. There
are known differences between the noise properties and
the image quality of kV images and DRRs?°" how-
ever using DRRs to train the patient-specific cGANs
allows for the networks to be trained without needing
any additional images to be acquired. The use of DRRs
for testing allows for the exact location of the ground
truth GTV segmentations to be known in each projec-
tion and is a useful first step in evaluating the feasibility
of our cGAN segmentation method described in this

paper.
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2.1 | Database and patient selection

The data for this paper involved 15 patients with head
and neck squamous cell carcinoma (HNSCC) and were
acquired from the HNSCC database®?34 on The Can-
cer Imaging Archives (TCIA)2> For each patient, the
original data consisted of a planning CT and corre-
sponding structure file, which contained the contoured
primary GTV.The 15 patients were sequentially selected
based on tumor location to ensure a range of primary
tumor locations and to investigate the feasibility of the
method described in this paper. The locations of the
tumor were the oropharynx (n = 5), the larynx (n = 5),
and the nasopharynx (n = 5). Patients with different
tumor locations in the head and neck were selected to
test the robustness of our patient-specific segmentation
method.

2.2 | Synthetic CT deformations

Previous implementations of deep learning networks
for markerless tumor detection and segmentation in
kV images trained the network using data from 4DCT
scans.'®1722.25 The advantage of using the 4DCT for
training is that the network is trained on images showing
how the tumor and surrounding tissue move and deform.
H&N cancer treatment planning is typically done on a
regular CT scan, which presents a challenge for training
a patient-specific segmentation model because regular
CT scans contain a single volume whereas 4DCTs
contain multiple volumes. This reduces the training
dataset and results in the network being less effective
at detecting and segmenting the tumor when motion
occurs.

To compensate for the lack of motion data, we
developed a CT deformation-based data augmenta-
tion method that can be used to generate synthetic
images showing realistic head motion. This data aug-
mentation method allowed each patient’'s cGAN to be
trained on a patient-specific dataset containing images
of H&N motion without requiring additional CT scans.
The assumption was made that two types of move-
ments would be the primary sources of tumor motion
during RT treatment: head rotation and internal tumor
motion. A brief summary of the method used to create
these synthetic deformations is included below, with a
more detailed discussion provided in the Supplementary
Materials.

2.2.1 | Head rotation

Six different training volumes representing the differ-
ent types of head rotation were created: axial rota-
tion (left-right rotation around the superior-inferior (SI)

axis rotation), lateral bending (left-right rotation around
the anterior-posterior (AP) axis), and flexion/extension
(back-front rotation around the left-right (LR) axis). The
head rotation deformation vector fields (DVFs) were
created by rotating the volume around anatomical land-
marks to replicate real head motion. A summary of the
anatomical landmarks used as centres of rotation and
realistic upper limits of the magnitude of patient head
rotations during treatment is described in the Supple-
mentary Materials. A head mask was created so the
deformation would only be applied to the head and
upper neck, with the inferior boundary on the neck being
defined manually, as approximately halfway between the
superior boundary of the shoulders, and the junction
between the occipital bone in the neck and the top
vertebrae.

2.2.2 | Tumor motion

To simulate tumor motion, the contoured GTV volume
was rigidly shifted while the surrounding bones were
kept stationary. The DVF used to shift the GTV had a
Gaussian smoothing filter applied with a filter width o =
2 mm. The use of the smoothing filter created a more
realistic deformation by ensuring that there was a grad-
ual and continuous change in the DVF magnitude from
the outside the boundary of the GTV to the centre of the
GTV.Although ¢ is a heuristic value, the value chosen for
this paper was based on similar instances of smooth-
ing organ boundaries in CT scans.>-38 The magnitudes
of the applied tumor shifts were based on realistically
large magnitudes of motion of the GTV during treat-
ment and depended on the tumor location, as tumor
motion during treatment is different for oropharyngeal,
laryngeal, and nasopharyngeal tumors. A discussion on
realistic magnitudes of tumor shifts during treatment is
provided in the Supplementary Materials. Since minimal
tumor motion has been observed in the LR direction
the magnitude of these shifts was set to 0.'":3° Simi-
larly, since nasopharyngeal tumors have minimal tumor
motion independent of the surrounding bony anatomy,
the magnitude of the GTV shifts in all directions for
nasopharyngeal tumors was set to 0. In total four vol-
umes were created to simulate the tumor motion: an
anterior and posterior GTV shift, and a superior and an
inferior GTV shift.

2.2.3 | DVF creation

A flowchart showing how the final volumes were created
is shown in Figure 2. For each deformed training volume,
the head rotation and internal tumor motion DVFs were
calculated separately and then combined to create
the initial DVF estimation. For combined head rotation
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Calculate
DVF initial

M, Deform Initial CT
with DVFinitial

Do rigid/non-rigid
registration to get
DVFFinal

Create Bone Mask

FIGURE 2

motion (e.g., combination head flexion and internal
tumor motion) the individual head rotation DVFs were
similarly calculated for each type of motion separately
(e.g., head flexion deformation calculated separately to
internal tumor motion) and then combined to create the
initial head motion DVF. The initial DVFs of the head
rotation and the internal tumor motion were created
using the platipy library for python*°

To create realistic DVFs that reduce boundary arte-
facts, a combined rigid/non-rigid registration method
was used. The rigid/non-rigid registration method is a
non-rigid registration method developed by Staring et al.
which attempts to penalise non-rigid motion in user
defined regions and is described in more detail in the
Supplementary Material*" To implement this registra-
tion algorithm, we first applied the initial DVF generated
by platipy to the planning CT to obtain an approxi-
mately deformed CT. We then created a bone mask
from the planning CT and used it to define a region
in which non-rigid motion was penalised. Finally, we
obtained the final DVF by registering the original plan-
ning CT to the approximately deformed CT using the
combined rigid/non-rigid registration method. The result
was a more realistic transformation in which bones
move rigidly and soft tissue non-rigidly. The registra-
tion process was completed using the elastix toolbox *?
This synthetic deformation method was converted into
a generalized software package for deforming the head
and neck in CT scans and is available in a public
repository (https://github.com/ACRF-Image-X-Institute/
CTHeadDeformation).

2.2.4 | Synthetic deformations for creating
training data

A table summarizing the different training volumes cre-
ated (and the deformation magnitudes used to create

Deform Initial CT

using DVFginai Final CT

Flowchart for deforming the initial CT volume to simulate realistic motion.

those volumes) for each patient is shown in Table 1. For
patients with oropharyngeal and laryngeal tumors, the
training data for each patient was derived from all 11
volumes (as annotated in Table 1). However, for patients
with nasopharyngeal tumors since no GTV shifts were
added, only volumes 1-7 (as annotated in Table 1)
were generated for each patient and used to produce
the training data. To robustly demonstrate the effective-
ness of the GTV segmentation method described in this
paper, the same deformations cannot be used to create
the training volume as well as the testing volume, but it is
also unrealistic to have the motion of the testing volume
larger than the training data. Hence, the head rotation
and GTV shift magnitudes used for training (shown in
Table 1) were twice as large as realistic upper limits of
head and GTV motion (as described in the Supplemen-
tary Material), so the testing data could be created using
realistic head and GTV deformations.

2.3 | cGAN segmentation method
To train a cGAN, two convolutional neural networks are
trained simultaneously. A generator network G takes an
input image x and creates a segmentation image G(x)
based on the training data. The discriminator network
D classifies whether the paired image xy came from
the training set or the generator network, as shown in
Figure 343

The cGAN was chosen for segmentation as the use
of the discriminator network in the cGAN allows for
the generation of unique and adaptive loss metrics*#4°
The DRR images (and in future patient kV images)
vary considerably for different patients depending on
the tumor location, and even between patients depend-
ing on the projection angle. The ability of the cGAN to
“learn” the loss function will ideally allow for the gen-
eration of patient-specific networks that can perform
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TABLE 1 A summary of the training volumes created for each patient. The magnitude of the tumor motion depends on the tumor location
and is shown in shown in more detail in the supplementary materials. No additional motion means that any tumor displacement resulting from
the applied deformation is only as a result of the head moving, and not from any additional internal organ motion.

Volume

number Head rotation Tumor motion Motion magnitude (deg/mm)

1 None No additional motion 0

2 Head rotation left No additional motion 5.0°

3 Head rotation right No additional motion 5.0°

4 Head tilt left No additional motion 6.4°

5 Head tilt right No additional motion 6.4°

6 Head nod up No additional motion 6.2°

7 Head nod down No additional motion 6.2°

8 None Superior GTV shift Oropharynx: 4 mm
Larynx: 7.6 mm
Nasopharynx: 0 mm

9 None Inferior GTV shift Oropharynx: 4 mm
Larynx: 7.6 mm
Nasopharynx: 0 mm

10 None Anterior GTV shift Oropharynx: 3.4 mm
Larynx: 4.4 mm
Nasopharynx: 0 mm

11 None Posterior GTV shift Oropharynx: 3.4 mm

Larynx: 4.4 mm
Nasopharynx: 0 mm

Training Data

y

Generator, G

Discriminator, D

—>Real Pair

—> Synthesised Pair

G(y)

FIGURE 3 During training, the generator G creates image G(x) from the image x that was passed to the discriminator D which aims to
reject synthetic images and accept real segmentations y. This method efficiently trains the generator to produce accurate tumor segmentations

from H&N DRRs.

accurate tumor segmentation of the unique and vari-
able DRR images. In this paper, the aim of the cGAN
was to allow for segmentation of the GTV in DRRs.
However, to make the network optimization process
more efficient, the cGAN was trained to generate an
image showing a tumor DRR from a regular H&N DRR,
as shown in Figure 32* The output image generated
by the cGAN was then binarized to create the GTV
segmentation.

Our cGAN implementation used was based on the
pix2pix method which provides a general solution to
train a network to perform image-to-image transla-
tion (https://github.com/junyanz/pytorch-Cycle GAN-
and-pix2pix)** The cGAN was initialized with random
parameters and trained to optimize the loss function

G* = arg mén mgx Logan (G, D) +2L11(G) (1)

85U80|7 SUOWIWIOD A0 3|cedldde ays Aq peuenob afe ssoile YO 8sn JO Sa|nJ o Afeiq1T 8UlJUO AB[IAA LO (SUORIPUOD-PUB-SWLBI WO A8 | IM"A 0] BuUO//:St1Y) SUORIPUOD pUe SWe 1 8y} 89S *[120Z/70/ST] uo AriqiTauliuo A1 ‘Aeupfs JO Aisieaun Aq 8891 dw/Z00T 0T/I0PAW0Y A8 | 1M Aeiq U U0 Wdee//Sdny Wouy papeoumod . ‘€202 ‘602vELYZ



HEAD & NECK KV TUMOR SEGMENTATION

212 | \EDICAL PHYSICS

where 1 is a constant (set to 100 for this implementation)
and for all expected values of x (E,):

Leean (G, D) = Ex,y [logD (x, y)]
+ Exllog(1-D(x,G(x))]  (2)

Ly =Exylly =G4 ©)

A custom data loader was used to allow 16-bit
grayscale images to be used as input. A 70 x 70
PatchGAN**6 was used for the discriminator architec-
ture and a 256 x 256 UNet***’ for the generator archi-
tecture (architecture shown in Supplementary Material).
The training images of 550 x 550 pixels in size with a
pixel width of 0.388 mm were randomly cropped to a
size of 512 x 512 pixels during network training, and the
testing images had a size of 512 x 512 pixels. Both train-
ing and testing images had random Poisson noise (100
< A £ 200) added to mimic the noise patterns of a kV
image.’

Each patient-specific model was trained with a batch
size of 8 and a learning rate of 0.0002 using the Adam
optimiser. Each network was trained until the loss func-
tions reached an equilibrium*4% A plot of the loss
functions for one patient is shown in the Supplemen-
tary Material. The models were trained on a desktop
computer with two Intel Xeon Gold 6130 processors
(2.1 GHz) with 64 GB RAM and a NIVIDIA Quadro
P6000 Graphics Processing Unit (GPU). A patient-
specific network was trained for each patient as training
an effective patient-specific network requires less data
than a similar generalized network and will be applicable
to patients imaged using different imaging systems.

2.3.1 | Training data

The training data consisted of sets of paired images: a
training H&N DRR and a corresponding training tumor
DRR obtained from the 3D contour of the primary
GTV. The training H&N and tumor DRRs were created
by forward x-ray projecting each CT and GTV volume
respectively using the RTK library®® For each CT vol-
ume, 3600 pairs of DRRs were generated evenly in a
360° arc around the volume. For each oropharyngeal
and laryngeal patient, the training data were derived
from 11 CT volumes (the original planning CT and 10
deformed CTs) and for nasopharyngeal patients seven
CT volumes (the original planning CT and six deformed
CTs). In total, the training data consisted of 39 600
paired DRRs for patients with oropharyngeal and laryn-
geal tumors and 25 200 paired DRRs for patients with
nasopharyngeal tumors.

2.3.2 | Testing data

To generate the testing data for each patient, the plan-
ning CT and contoured GTV were deformed again three
separate times, using the synthetic deformation method
used to create the training data, but with different magni-
tudes of head rotations and GTV shifts. The magnitudes
for the head rotations and GTV shifts used to create
the three testing CT volumes are shown in Table 2.
Additionally, the testing CT volumes had Gaussian noise

(o = 10_5mm‘1) added to further differentiate the test-
ing volume from the training CT volumes®' Each testing
CT volume and GTV volume were used to create the
testing dataset consisting of 360 paired DRRs evenly
spaced around a 360° range leading to a total of 1080
testing DRRs for each patient.

For each testing H&N DRR created, the trained gen-
erator network produced an image G(x) which was an
estimation of the testing tumor DRR. To obtain segmen-
tations from the predicted image G(x) and the ground
truth testing tumor DRR, both sets of images were nor-
malized and then binarized using a threshold of 0.1.
These binarized segmentations were then compared
to evaluate the accuracy of our cGAN segmentation
method.

2.3.3 | No-tracking segmentations

The original GTV contour from the planning CT was
forward projected to create an additional set of testing
segmentations (referred to as no-tracking segmenta-
tions), which assumed no motion occurs and hence does
not track the GTV after the testing DVF is applied (as
shown in Figure 1). The size of the no-tracking dataset
was the same as the testing dataset. The no-tracking
segmentations were used to test the hypothesis that
the cGAN segmentation method improves the GTV seg-
mentation accuracy when compared with the current
standard of care (no GTV tracking). Hence the hypothe-
sis is true if the accuracy of the cGAN segmentations is
significantly greater than the accuracy of the no-tracking
segmentations.

2.4 | Accuracy evaluation

To compare the accuracy of each segmentation, three
metrics were used: the centroid error, Dice Similarity
Coefficient (DSC), and mean surface distance (MSD).
In this paper, we hypothesised that our cGAN seg-
mentation method would improve the accuracy of GTV
segmentations when compared with the no-tracking
segmentations. The mean of each metric was calcu-
lated for every patient for both our cGAN segmenta-
tion method and the no-tracking segmentations. The
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TABLE 2 The magnitude and direction of the applied head rotations and tumor shifts used to deform the planning CT and contoured GTV
to create the testing data.
Testing volume Rotation Tumor shift
number Head rotation magnitude direction Tumor shift magnitude
1 (25% of training Axial Rotation—left 1.25° Superior Oropharynx—1.0 mm
magnitude) Larynx—1.9 mm
Nasopharynx—0 mm
Lateral Bending—left 1.6° Anterior Oropharynx—0.85 mm
Larynx—1.1 mm
Nasopharynx—0 mm
Head extension 1.55° L/R 0 mm
2 (50% of training Axial Rotation—left 2.5° Superior Oropharynx—2.0 mm
magnitude) Larynx—3.8 mm
Nasopharynx—0 mm
Lateral Bending—Ileft 3.2° Anterior Oropharynx—1.7 mm
Larynx—2.2 mm
Nasopharynx—0 mm
Head extension 3.1° L/R 0 mm
3 (75% of training Axial Rotation—left 3.75° Superior Oropharynx—3.0 mm
magnitude) Larynx—5.7 mm
Nasopharynx—0 mm
Lateral Bending—left 4.8° Anterior Oropharynx—2.55 mm
Larynx—3.3 mm
Nasopharynx—0 mm
Head extension 4.65° L/R 0 mm

averaged metric values were used to test the hypothe-
ses using a paired 1-tail Mann-Whitney U test with a
significance level of o = 0.05.

The segmentation centroid error was used to mea-
sure the localization accuracy of our cGAN segmenta-
tion when compared to the ground truth segmentation.
The centroid error was calculated in the kV imaging
frame of reference where u is in the lateral direction and
visinthe Sl direction. The combined centroid error in the
u and v directions was also calculated and is reported
as the absolute centroid error magnitude.

The DSC was used to estimate how similar the shape
of our cGAN and no-tracking segmentations were to
the ground truth segmentations.? Similarly the MSD
was also calculated, which measured the average dis-
tance (in mm) between the outline of the predicted and
ground truth segmentations.>® The MSD decreases as
the accuracy of the segmentation increases.

3 | RESULTS

The centroid error, DSC and MSD of our cGAN seg-
mentations for all testing data for all patients are shown
in Table 3. Analysis of the change in segmentation
accuracy due to the different magnitudes of head rota-
tions and GTV shifts is shown in the Supplementary
Material. For all patients the mean + standard devia-
tion cGAN segmentation centroid error in the u (lateral)
and the v (vertical) directions was —0.0 + 1.0 mm

and 0.1 £ 0.9 mm, respectively. Additionally, for all
patients, the 95th percentile centroid error in the v and
v directions were [—1.4, 1.3] mm and [-1.4, 1.6] mm,
respectively. The absolute centroid error of our cGAN
segmentation 1.1 + 0.8 mm was for all patients, with
the 95th percentile error of [0.3, 2.3] mm. This is
shown in comparison to the centroid error of the no-
tracking segmentations in Figure 4. Using a paired
1-tail Mann-Whitney U test, our cGAN segmentation
method significantly reduced the absolute segmenta-
tion centroid error when compared to the no-tracking
segmentations (p < 0.001). Each patient-specific cGAN
network took an average of 3 h to train.

For all patients the mean + standard deviation DSC
and MSD values for our cGAN segmentation were
0.90 + 0.03 and 1.6 + 0.5 mm, respectively, with the
95th percentile error for the DSC and MSD being [0.85,
0.94] and [0.9, 2.5] mm, respectively. The distribution of
both the DSC and MSD values for our cGAN segmenta-
tion method are shown in comparison to the no-tracking
segmentations in Figure 4. Using a paired 1-tail Mann-
Whitney U test, our cGAN segmentation significantly
reduced the MSD (p = 0.031) when compared to the
no-tracking segmentations. The cGAN segmentation
method did not significantly improve the DSC when com-
pared to the no-tracking method (p = 0.294221) and
only significantly improved the DSC for the Orophar-
ynx tumors (p < 0.0001) but not for the Larynx
(p = 0.203) and reduced the DSC for the Nasopharyx
(p < 0.0001).
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TABLE 3 The centroid error, DSC and MSD values for the predicted cGAN segmentations. All values are mean + standard deviation. The
best result for each tumor location group for each metric is highlighted by*.

Centroid error—v

Centroid error—u

Absolute centroid
error magnitude

Patient number (mm) (mm) (mm) DSC MSD (mm)
Oropharynx

1 0.7 £ 0.7 0.1+ 0.9 1.2+05 0.90 + 0.01 1.5+02
2 -0.3 + 0.6* 0.2 + 0.6 0.9 +04" 0.92 +0.01 1.1+0.2"
3 -0.8 + 0.8 -0.5 + 0.7 12+05 0.92 +0.01 1.6 +0.2
4 0.7 + 0.5 -0.2 + 0.7 1.0+05 0.89 + 0.03 1.6+04
5 0.7 + 0.7 -0.1 + 0.7* 1.0+05 0.92 + 0.01 1.9+0.3
All oropharynx 0.2 + 0.9 -0.1 + 0.7 1.1+05 0.91 +0.02 1.5+04
Larynx

6 -0.6 + 0.5 0.1+ 0.8 1.0+05 0.90 + 0.02 1.3 +0.3"
7 0.7 + 0.6 0.2 + 0.6 1.0+ 05 0.87 +0.02 1.6 +0.3
8 -0.2 + 0.9* 0.0 + 0.6* 1.0+ 0.6 0.92 + 0.02* 1.3+0.3"
9 -0.7 + 1.0 0.0 + 0.6* 1.2+0.6 0.86 + 0.03 1.56+0.3
10 -03 £ 04 0.1+ 0.6 0.7 +04* 0.91 +0.02 1.3 +£0.3"
All larynx -0.2 + 0.9 0.1+ 07 1.0+£05 0.89 + 0.03 14+03
Nasopharynx

11 09 + 0.8 02+15 1.7+09 0.91 +0.02 23+05
12 -0.3 + 0.5* 0.0 + 0.9 0.9+05 0.90 + 0.02 21+04
13 09 +1.0 -0.2 + 11 1.4+1.0 0.92 +0.02 2.0+0.6
14 -0.4 £ 05 0.0 + 0.5% 0.7+ 04" 0.94 + 0.01* 14 +£0.3"
15 0.1+ 06 -03 £ 23 1.3+£20 0.89 + 0.06 14+03
All nasopharynx 0.3 + 0.9 -0.1+14 12+12 0.91 +0.04 1.8+0.7
Total

All H&N patients 0.1 +0.9 -0.0 + 1.0 1.1+08 0.90 + 0.03 1.6 +0.5

An example of our cGAN segmentation for several
DRRs at different projection angles is shown in Figure 5
and video showing our cGAN segmentations for all
projection angles is shown in Video S1.Figure 5 demon-
strates an example of the typical accuracy of the cGAN
segmentations achieved by this method for one H&N
cancer patient.

4 | DISCUSSION

In this paper, we investigated the feasibility of a realis-
tic data augmentation methods to assist in markerless
tumor segmentation method for detecting and seg-
menting the primary GTV in DRRs for H&N cancer
patients. We have demonstrated that we can use a
synthetic CT deformation method to augment the train-
ing data by realistically deforming the planning CT.
The results demonstrated that our cGAN segmen-
tation method increased the accuracy of the GTV
segmentation compared to the current standard of
care. Our cGAN segmentation method detected the
centroid of the GTV in DRRs with an accuracy of

1.1 + 0.8 mm and segmented tumors in DRRs with
DSC and MSD value of 0.90 + 0.03 and 1.6 + 0.5 mm,
respectively.

Table 3 shows the magnitude of the mean cen-
troid error for all patients was approximately 1 mm.
This suggests that our cGAN segmentation method
can accurately localize the GTV in DRR images. Accu-
rate detection of the GTV is a crucial step in the
implementation of image-guided RT methods.>* Sim-
ilarly, the mean DSC and MSD values of 0.90 and
1.6 mm, respectively suggest that our cGAN segmenta-
tion method can accurately segment the GTV in DRR
images. The ability to adapt to the changing shape
of the GTV would enable real-time adaptive RT that
can not only modify the treatment beam location but
also adapt to changes in the shape of the GTV vol-
ume. Future work will look to evaluate whether our
cGAN segmentation method can be used to implement
markerless image-guided RT or adaptive RT for H&N
patients.

Most markerless tracking results described in other
literature present the 3D localization error instead of
the error in each 2D image, making direct accuracy
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FIGURE 4 Violin plots showing the distribution of the accuracy metrics for our cGAN segmentation (blue) compared with the no-tracking
segmentations (orange) for the different tumor locations. The metrics shown are the magnitude of the absolute centroid error (top), the Dice
Similarity Coefficient (middle) and mean surface distance (bottom). The width of the violin plot at each y value corresponds to the frequency of
that value.

FIGURE 5 Example of our cGAN
segmentation (red) and the no-tracking
segmentation (blue) in comparison to the
ground truth segmentation (green) for
different projection angles.

Ground Truth —
cGAN segmentation = -
No-tracking
segmentation

Centroid
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comparisons difficult. Zhao et al. developed a deep
learning method for identifying a rectangular bound-
ing box containing the prostate location in DRRs and
acquired kV projections at three specific angles (0°,90°,
135°).5° They were able to estimate the tumor position
in the generated DRRs with a mean accuracy of 1.58-
1.67 mm, however this accuracy was only demonstrated
for those three projection angles. A similar method was
applied for pancreatic tumors with a mean absolute
distance between the predicted and actual tumor cen-
troid of less than 2.6 mm2° A deep-learning method
for generating GTV contours in DRRs was applied for
lung tumors, which resulted in DSC values of 0.81—
0.98. These results show that our cGAN segmentation
method has similar levels of accuracy to other deep
learning based markerless GTV detection methods.

The time taken for the trained network to generate an
estimate of the GTV segmentation was approximately
0.01 s per image. This demonstrates that this method
has a small latency, which is a feature of deep learn-
ing methods as has been noted previously?® This short
latency, as well as a mean absolute accuracy of 1.1 mm
suggest that real-time tracking of H&N tumors, which
requires a system latency of less than 0.5 s, is feasible.>®
The training of the cGAN prioritized accuracy over train-
ing time to prove that cGANs can be used to accurately
segment DRR images. Future work can optimize the
training process to further reduce the training time, by
experimenting with the number of training images, as
well as the training parameters such as step length.

The images that were used to train and test our
cGAN segmentation method in this paper were DRR
images. This is a limitation of the HNSCC dataset
that was used, as this dataset has only one CT per
patient, with no available kV images. However, the use of
DRRs instead of real kV images in this paper ensures
an accurate ground truth location for each test image,
enabling an accurate quantification of the GTV segmen-
tation effectiveness. In a clinical environment, our cGAN
segmentation method would detect and segment the
GTV in kV images acquired during RT fractions. How-
ever, intrafraction motion during treatment would make
it difficult to establish an accurate GTV location in any
kV images acquired during treatment® ' We view this
study as a necessary but not sufficient study toward the
long-term goal of clinical implementation. Future work
will focus on clinically acquired data for which there is
no direct ground truth.

DRRs have a greater quality than kV images acquired
during treatment. Even though Poisson noise was added
to make the DRRs used in this study more similar to
kV images, Poisson noise does not model all addi-
tional sources of artefacts and noise.®' The difference
in image quality between DRR and kV images means
that a cGAN network trained on DRRs may decrease
in accuracy when applied to kV images. In the future,
the methodology presented in this paper will be used

to evaluate our cGAN segmentation method on kV
images?>?* or by adding more realistic noise to the
DRRs to attempt to replicate kV images2°3¢

Similarly, the deformation method used to create the
testing data approximated patient motion based on
available data on H&N motion. The rigid/non-rigid regis-
tration method used to generate DVFs attempts to keep
the bones rigid while all other tissue can be non-rigidly
deformed. Adil Al-Mayah et al. used a biomechanical
based finite element analysis to simulate deformation of
the upper vertebrae and H&N,>” which could be inves-
tigated in the future to potentially refine the generated
deformations and allow for realistic deformation of all
tissue. Pukala et al. developed a method for realistically
deforming a cone-beam CT image to match a second
cone-beam CT image of the same patient from a dif-
ferent treatment fraction.>®-°° However, this method only
allows for the transformation from one scan to another
scan, and cannot be used to make additional, realistic
deformations. Hence there is scope to further optimise
the deformation algorithms to generate more realistic
synthetic deformations.

During RT for H&N cancer, the PTV often includes
nearby lymph nodes as targeting these nodes this can
prevent cancer recurrence 596" While this work focused
on tracking the primary GTV in DRRs, our cGAN seg-
mentation method could be easily adapted to segment
nearby organs of interest which are also likely to be
affected by patient motion. This is demonstrated in
this paper by the accurate detection and segmentation
results for patients with tumors of different shapes, sizes,
and locations. Future work could investigate multi-target
tracking methods to allow for the tracking of the primary
GTV as well as surrounding organs for either targeting
or avoidance.

Our cGAN segmentation method described in this
paper was demonstrated using DRRs. As radiographs
are a planar imaging modality, our method can only esti-
mate motion in the same plane as the DRR. In marker-
based tumor tracking applications, methods have been
developed for using the marker locations in kV images to
estimate the 3D position and rotation of the tumor5263
It is thought that this 3D position estimation method can
be adapted such that markerless 3D position and motion
estimation is possible, either by using the location of the
segmentation centroid or points on the segmentation
outline instead of the marker locations®* An accurate
estimation of the 3D position and motion of the tumor
would allow for improved dose delivery through the use
of beam adaptation methods®® or gated treatments %°

Currently for H&N cancer RT treatments, kV images
are mainly acquired prior to treatment to assist in accu-
rately positioning the patient.” For real-time tumor track-
ing of H&N tumors, additional kV images would have
to be acquired during treatment at regular intervals.'*
The acquisition of these images would result in extra
imaging dose to the patient. Future development of this
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method should quantify the increase in dose caused
by the acquisition of these additional kV images and
evaluate the risk associated with this additional dose.

The immobilization masks that are used to restrict
motion of H&N patients during RT cause anxiety and
distress in a significant number of patients.5%67 If mask-
free RT can be achieved without a reduction in the
accuracy of the dose delivery, then this would lead
to better H&N cancer patient experience. While our
cGAN segmentation method described in this paper has
been developed for patients wearing the mask during
treatment, future work will look to extend the marker-
less tumor detection framework described in this paper
to allow for H&N cancer radiation therapy treatments
without the need for an immobilization mask.

5 | CONCLUSION

In conclusion we have demonstrated the feasibility of
our cGAN segmentation method in detecting and seg-
menting the primary GTV location in DRRs of H&N
cancer patients. The centroid accuracy of our cGAN
segmentation was —0.0 + 1.0 mm in the u (Lateral)
direction and 0.1 + 0.9 mm and v (SI) directions.
The DSC and MSD of our cGAN template segmenta-
tion was 0.90 + 0.03 and 1.6 + 0.5 mm, respectively
when compared with the ground truth segmentation.
When comparing the centroid error and MSD, the
accuracy of our cGAN segmentation method was signifi-
cantly greater than the no-tracking segmentations which
assumed no motion. Accurate segmentation of the GTV
can enable to tracking of the tumor during H&N RT treat-
ment, leading to better dose delivery and better patient
outcomes.
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Appendix C: CBCT-DRRs Superior to CT-
DRRs for Target-Tracking Applications for
Pancreatic SBRT

The markerless framework presented in this thesis uses a traditional digitally re-
constructed radiograph (DRR) algorithm to generate the training data. The plan-
ning CT is forward projected using the DRR algorithm to create 2D stimulated in-
trafraction images. However, traditional DRR algorithms may not accurately rep-
resent intrafraction images. This appendix investigates DRR algorithms which in-
corporate physical modelling of the on-board imagers and utilises the daily CBCTs
to improve DRR similarity to intrafraction images. This appendix has been pub-
lished as “Madden, L., Ahmed, A., Stewart, M., Chrystall, D., Mylonas, A., Brown,
R., Nguyen, D.T., Keall, P. & Booth, J., CBCT-DRRs superior to CT-DRRs for target-
tracking applications for pancreatic SBRT. Biomedical Physics & Engineering Ex-
press, 10, 035039 (2024)”
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Abstract

Objective. In current radiograph-based intra-fraction markerless target-tracking, digitally recon-
structed radiographs (DRRs) from planning CTs (CT-DRRs) are often used to train deep learning
models that extract information from the intra-fraction radiographs acquired during treatment.
Traditional DRR algorithms were designed for patient alignment (i.e. bone matching) and may not
replicate the radiographic image quality of intra-fraction radiographs at treatment. Hypothetically,
generating DRRs from pre-treatment Cone-Beam CTs (CBCT-DRRs) with DRR algorithms
incorporating physical modelling of on-board-imagers (OBIs) could improve the similarity between
intra-fraction radiographs and DRRs by eliminating inter-fraction variation and reducing image-
quality mismatches between radiographs and DRRs. In this study, we test the two hypotheses that
intra-fraction radiographs are more similar to CBCT-DRRs than CT-DRRs, and that intra-fraction
radiographs are more similar to DRRs from algorithms incorporating physical models of OBI
components than DRRs from algorithms omitting these models.

Approach. DRRs were generated from CBCT and CT image sets collected from 20 patients
undergoing pancreas stereotactic body radiotherapy. CBCT-DRRs and CT-DRRs were generated
replicating the treatment position of patients and the OBI geometry during intra-fraction
radiograph acquisition. To investigate whether the modelling of physical OBI components influenced
radiograph-DRR similarity, four DRR algorithms were applied for the generation of CBCT-DRRs and
CT-DRRs, incorporating and omitting different combinations of OBI component models. The four
DRR algorithms were: a traditional DRR algorithm, a DRR algorithm with source-spectrum
modelling, a DRR algorithm with source-spectrum and detector modelling, and a DRR algorithm
with source-spectrum, detector and patient material modelling. Similarity between radiographs and
matched DRRs was quantified using Pearson’s correlation and Czekanowski’s index, calculated on a
per-image basis. Distributions of correlations and indexes were compared to test each of the
hypotheses. Distribution differences were determined to be statistically significant when Wilcoxon’s
signed rank test and the Kolmogorov-Smirnov two sample test returned p < 0.05 for both tests.

Main results. Intra-fraction radiographs were more similar to CBCT-DRRs than CT-DRRs for
both metrics across all algorithms, with all p < 0.007. Source-spectrum modelling improved
radiograph-DRR similarity for both metrics, with all p < 10~°. OBI detector modelling and patient
material modelling did not influence radiograph-DRR similarity for either metric.

©2024 IOP Publishing Ltd
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Significance. Generating DRRs from pre-treatment CBCT-DRRs is feasible, and incorporating
CBCT-DRRs into markerless target-tracking methods may promote improved target-tracking
accuracies. Incorporating source-spectrum modelling into a treatment planning system’s DRR
algorithms may reinforce the safe treatment of cancer patients by aiding in patient alignment.

1. Introduction

There exists significant demand for real-time motion-
management in modern radiotherapy clinics. Magn-
etic resonance imaging linear accelerators address this
demand, however their cost and scarcity render them
inaccessible for many radiotherapy clinics. In a survey
on the current patterns of practice in radiotherapy,
71 % of responding cancer centres wished to imple-
ment real-time motion management for at least one
cancer site [1]. However, the greatest barrier to
implementation of real-time motion management was
alack of widespread, commercially available real-time
target-tracking technologies compatible with standard
linear accelerators (linacs). Several real-time target-
tracking methods compatible with standard linacs
have been developed and clinically implemented in
academic settings to overcome this barrier [2, 3]. Many
of these methods track fiducial markers in intra-
fraction radiographs during radiotherapy treatments
[2]. However, marker implantation introduces addi-
tional risks, costs and treatment delays for patients.
With regards to marker-based tracking, observed
marker motions may not represent complex target
motions and or deformations [4]. Alternatively, direct
target-tracking methods that do not require fiducial
markers (termed markerless target-tracking methods)
can better represent such complex motions and or
deformations whilst obviating the requirement for
fiducial marker implantation.

Several different approaches to markerless target-
tracking have been proposed for intra-fraction radio-
graphs in the literature. Template-matching methods
that align digitally reconstructed radiographs (DRRs)
from planning CTs to intra-fraction radiographs have
demonstrated successful 3D target-tracking cap-
abilities during spinal and lung stereotactic body
radiotherapy [5, 6]. However, template-matching
methods have been reported to suffer reduced track-
ing accuracies when tumour visibility is poor [5, 6] and
when DRRs have different image qualities to intra-
fraction radiographs [7]. Deep-learning based marker-
less target-tracking models trained with DRRs from
planning CTs have demonstrated promising results
across anumber of tumour sites in pre-clinical settings
[8—10]. Similar to template-matching methods, deep-
learning target-tracking models suffer reduced track-
ing accuracies when these models are trained on DRRs
with dissimilar image qualities to the intra-fraction
radiographs they are deployed on [11].

For template-matching and deep-learning based
markerless target-tracking methods, it is common that

DRRs are generated from planning CTs (CT-DRRs).
Pre-treatment Cone-Beam CTs (CBCTs) may better
represent intra-fractional anatomy than planning
CTs, however, CBCTs have not been considered for
the generation of DRRs for markerless target-tracking
applications. In the scope of markerless target-track-
ing, incorporating DRRs generated from pre-treat-
ment CBCTs (CBCT-DRRs) could also improve
target-tracking by eliminating inter-fraction variation
between DRRs and intra-fraction radiographs. Addi-
tionally, traditional DRR algorithms generate DRRs
with dissimilar image qualities to intra-fraction radio-
graphs. In the scope of markerless target-tracking,
incorporating physical models of a linac’s on-board-
imager (OBI) into DRR algorithms should improve
the modelling of radiographic image formation, and
thereby improve target-tracking accuracies.

In this study, we investigate two hypotheses.
Firstly, we investigate whether intra-fraction radio-
graphs are more similar to CBCT-DRRs than planning
CT-DRRs. Secondly, we investigate whether intra-
fraction radiographs are more similar to DRRs gener-
ated by algorithms incorporating physical OBI comp-
onent models than DRRs generated with algorithms
omitting these component models. Specifically, we
investigate whether source-spectrum modelling,
detector modelling and patient material modelling
affects radiograph-DRR similarity with statistical
significance.

2. Methods

2.1. Data acquisition

Planning CT and daily CBCT images from 20 patients
were used in this retrospective study. Patients had been
treated on an ethics approved clinical trial for locally
advanced pancreatic cancer patients receiving stereo-
tactic body radiotherapy delivering 40 Gy in 5 frac-
tions (ClinicalTrials.gov ID: NCT03505229). The
characteristics of the patient cohort are reported in
table Al. 19 of the 20 patients were treated in exhale
and CBCT/CT-imaged during exhale; the remaining
patient was treated in inhale and CBCT/CT-imaged
during inhale. All planning CTs were contrast
enhanced to improve the visibility of organ boundaries
for contouring purposes. Contrast enhanced planning
CTs were acquired with a Brilliance Big Bore CT
scanner (Phillips, Netherlands) at a voxel size of
1.17 x 1.17 x 2.00 mm’, with the same scanning
parameters used for each patient’s CT. For all planning
CT acquisitions, the Real-time Position Management

2



I0P Publishing

Biomed. Phys. Eng. Express 10 (2024) 035039

(RPM) system (Varian Medical Systems, Palo Alto,
USA) was used as an abdominal respiratory surrogate.

All patients were treated using a Truebeam linac
(version 2.7, Varian Medical Systems, Palo Alto, USA).
At the beginning of each treatment fraction, each
patient received a pre-treatment CBCT acquired in
half-fan beam geometry. All CBCTs were recon-
structed using an iterative CBCT reconstruction algo-
rithm with a voxel size of 0.908 x 0.908 x 2.00 mm”.
For all CBCT acquisitions, the Respiratory Gating for
Scanners system (RGSC; Varian Medical Systems, Palo
Alto, USA) was used as an abdominal respiratory sur-
rogate. All CBCT scans throughout the study were
acquired using the same scanning parameters for each
patient.

During treatment, all patient’s breathing ampli-
tudes were monitored using the same Varian RGSC
abdominal block as for their CBCT acquisition. Intra-
fraction radiographs were acquired throughout each
treatment session, triggered either at entry to the gat-
ing window or every 3 seconds. A total of 9307 planar
radiographs were acquired throughout this study. All
intra-fraction radiographs were acquired using a fra-
megrabber [12] with a pixel size of 0.388 x 0.388 mm®
and with dimensions of 768 x 1024 pixels. Regarding
the acquisition of intra-fraction radiographs, radio-
graphic imaging fields were collimated to limit the
exposure of healthy organs. All parameters related to
radiographic image acquisition (i.e. projection angle,
Source-Isocentre-Distance (SID), Source-Detector-
Distance (SDD), detector pixel size, positions of
source collimation and source potential) were recor-
ded as header information with their intra-fraction
radiographs.

2.2. DRR methods

All DRRs were generated by modelling the primary
attenuation of an x-ray beam through CBCT and CT
images. Four variations of the same ray-tracing algo-
rithm were investigated, incorporating and omitting
different combinations of physical OBI component
models. Derivations of these four algorithms are
detailed in appendix B. The four variations were:

1. A traditional DRR ray-tracing algorithm, 7.e. mod-
elling attenuation with a monoenergetic spectrum
(referred to as Algorithm A, detailed in B.1).

2. A ray-tracing algorithm incorporating a physical
model of the OBI source-spectrum, i.e. modelling
attenuation with a polyenergetic spectrum (referred
toas Algorithm AS, detailed in appendix B.2).

3. A ray-tracing algorithm incorporating physical
models of the OBI source-spectrum and detector,
i.e. Algorithm AS with detector modelling (referred
to as Algorithm ASD, detailed in appendix B.3).

4. A ray-tracing algorithm incorporating physical
models of the OBI source-spectrum and detector,

L Madden et al

as well as material modelling for CBCT and CT
images, i.e. Algorithm ASD with patient material
modelling (referred to as Algorithm ASDM,
detailed in appendix B.4).

2.2.1. OBI component modelling

The Truebeam’s OBI source was analytically modelled
using the SpekPy package [13] with experimentally
validated parameters from the literature [14]; these
parameters are reported in table C1, appendix C. The
bremsstrahlung x-ray source was assumed to be point-
like with an isotropic fluence distribution given that
imaging fields were typically collimated to small sizes
[13]. No bowtie filter modelling was applied in this
study as bowtie filtration was not used when acquiring
intra-fraction radiographs. To best replicate each
intra-fraction radiograph, the recorded source poten-
tial was used when modelling the x-ray source for the
generation of corresponding DRRs.

The detector panel used in this work was a PaxS-
can4030 CB (Varex Imaging Corporation, USA), com-
posed of a 0.6mm thick CsI(Tl) crystal. Energy
absorption in the crystal was analytically modelled fol-
lowing the experimentally validated model for this
panel from FastCAT [14]. For the calculation of energy
absorption, mass-energy attenuation coefficients were
sourced from NIST [15]. The detector’s anti-scatter
grid was assumed to have a negligible effect on primary
attenuation as the imaging fields were collimated to be
small in size to promote healthy tissue sparing [14, 16].
The detector panel’s point-spread-function was not
modelled, assumed to have an insignificant effect on
DRRs compared to the blurring introduced from ray-
tracing through the comparatively large voxels of
CBCT and CT images.

The CBCT scanner’s and CT scanner’s CT num-
bers were calibrated to relative electron densities
through stoichiometric calibration [17] with an elec-
tron density phantom (CatPhan504, The Phantom
Laboratory, USA). CBCT and CT images of the elec-
tron density phantom were acquired using the same
CBCT and CT acquisition parameters as were used for
the acquisition of patient data. Images of the electron
density phantom were analysed to determine the CT
numbers of the phantom’s electron density plugs. The
calibration curve for CT number to relative electron
density was achieved by fitting a piecewise-linear
model to data in the form of CT number versus rela-
tive electron density.

2.2.2. DRR generation

Prior to CBCT-DRR generation, each pre-treatment
CBCT image was aligned to the treatment isocentre
position using the corresponding couch shift applied
at treatment. Prior to CT-DRR generation, each
patient’s planning CT image was aligned to the
treatment isocentre position using the corresponding
planned isocentre position from that patient’s
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Figure 1. Overview of methods for investigating whether intra-fraction radiographs are more similar to CBCT-DRRs than CT-DRRs.

treatment plan. CBCT and CT images were upsampled
to voxel sizes of 0.6 x 0.6 x 0.6 mm”’ using tri-cubic
spline upsampling to mitigate systematic differences
in radiograph-DRR similarity that may arise with
differing voxel sizes of CBCT and CT images. The
upsampled CBCT images and CT images were used
for the generation of DRRs. OBI parameters such as
projection angle, SDD and SID were used to replicate
the projection geometry of each intra-fraction radio-
graph. The Reconstruction ToolKit’s forward projec-
tion module [18] was applied for the calculation of
water-equivalent path lengths through CBCT and CT
images during DRR generation. All DRRs were
generated with a pixel size of 0.388x 0.388 mm? and
dimensions of 768 x 1024 pixels to match intra-
fraction radiographs.

2.3.Radiograph-DRR comparison

Image similarity was assessed using Pearson’s correla-
tion (R) [19], it’s associated probability of the null
hypothesis (pr), and Czekanowski’s index (CzI)
[20, 21]. Recorded OBI parameters for imaging field
collimation were used to define regions of interest
where the radiographs were uncollimated. Prior to
analysis, intra-fraction radiographs and DRRs were
cropped to the radiograph’s uncollimated regions and
min-max normalised so that each cropped radio-
graph’s and DRR’s minimum and maximum intensi-
ties were 0 and 1, respectively. Pearson’s correlation
was calculated between the image intensities of
cropped radiographs and cropped DRRs on an image
by image basis. Correlations between cropped radio-
graphs and cropped DRRs were taken to be statistically
significant when py < 0.05. Czekanowski’s index, CzI,
was calculated between a cropped radiograph and
cropped DRR on an image by image basis:

23>, min (Radiograph j» DRR))
>_j(Radiograph; + DRR;)

Czl =

()]

where Radiograph; corresponds to the i pixel in a
cropped radiograph and DRR; corresponds to the ih
pixel in the cropped DRR. Czekanowski’s index is
defined such that CzI=0 indicates no similarity,
CzI =1 indicates the radiograph and DRR are identi-
cal, and increasing CzI indicates increasing radio-
graph-DRR similarity. It should be noted that there
exists no associated probability of the null hypothesis
for Czekanowski’s index.

It should be noted that Pearson’s correlation and
Czekanowski’s chosen to assess
radiograph similarity as they can be interpreted to
meaningfully assess two independent aspects of radio-
graph-DRR similarity. Correlation traditionally asses-
ses the goodness of fit between a linear model and data;
calculated between pairs of matching pixels from
radiographs and DRRs, this can be interpreted to
assess the goodness of fit between the structures of
projected anatomy in DRRs versus intra-fraction
radiographs. Czekanowski’s index assesses the similar-
ity between pixel intensities from matching positions
in radiographs and DRRs, indicative of how similar
the radiograph and DRRs are in terms of brightness/
darkness of radiographic features.

index were

2.4. Distribution analysis

An overview of the workflow for testing whether intra-
fraction radiographs are more similar to CBCT-DRRs
than CT-DRRs is presented in figure 1. An overview of
the workflow for testing whether source-spectrum
modelling, detector modelling and patient material
modelling affects radiograph-DRR similarity is pre-
sented in figure 2.
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Figure 2. Overview of methods for investigating whether intra-fraction radiographs are more similar to DRRs from algorithms
modelling OBI components than DRRs from algorithms omitting these components.

2.4.1. Pre-treatment CBCT versus planning CT

To determine whether intra-fraction radiographs were
more similar to CBCT-DRRs than CT-DRRs, each
CBCT-DRR distribution was compared with the CT-
DRR distribution produced by the same algorithm by
calculating differences between these distributions
and taking the median difference (e.g& median of
difference between CBCT-DRR from Algorithm A
and CT-DRR from Algorithm A). To determine
whether these median differences were statistically
significant, Wilcoxon’s signed rank test [22] and the
Kolmogorov-Smirnov two sample test [23, 24] were
applied to assess pairs of CBCT-DRR and CT-DRR
distributions. Wilcoxon’s signed rank test assessed the
null hypothesis that the median difference between
CBCT-DRR and CT-DRR distributions was 0, com-
puting a probability that the calculated median
difference had arisen randomly under this null
hypothesis, pw. The Kolmogorov-Smirnov two sam-
ple test assessed the null hypothesis that the CBCT-
DRR and CT-DRR distributions were from the same
population, computing a probability that differences
in the distributions had arisen randomly, pgs. Median
differences were taken to be statistically significant
when pyw < 0.05and pgs < 0.05.

2.4.2. Incorporation versus omission of OBI component
models

To determine how each of the physical component
models affected radiograph-DRR similarity, the same
distributional comparisons were carried out between
distributions from algorithms incorporating these
components and distributions from algorithms omit-
ting these components. The source-spectrum model’s
effect and its subsequent statistical significance was
determined by calculating median differences, py and
pxs between distributions from Algorithm AS and
from Algorithm A. Similarly, the detector model’s
effect and statistical significance was determined by

comparing distributions from Algorithm ASD and
Algorithm AS. Finally, patient material modelling’s
effect and statistical significance was determined by
comparing distributions from Algorithm ASDM and
Algorithm ASD.

2.5. Computational cost of incorporating OBI
component models in DRR algorithms

To quantify the computational cost associated with
incorporating each OBI component model in the DRR
algorithm, the time required by each algorithm to
generate the CT-DRRs from one randomly chosen
fraction of data was recorded. This computational
experiment was carried out in MATLAB (R2021b)
using a workstation CPU. From the recorded distribu-
tions of times, the mean time per DRR and its standard
deviation were calculated for each algorithm. The
computational cost of incorporating source-spectrum
modelling was determined by taking the difference
between the mean times per DRR from algorithms AS
and A. Similarly, the cost of incorporating detector
modelling was quantified as the difference between
mean times per DRR from algorithms ASD and AS,
and the cost of incorporating patient material model-
ling was quantified as the difference between mean
times per DRR from algorithms ASDM and ASD.
Computational costs were determined to be insignif-
icant when the aforementioned differences were less
than the combined standard deviation from the two
contributing algorithms.

3. Results

3.1. Stoichiometric calibration

Piecewise-linear models were fit to the measured CT
numbers and given relative electron densities to
calibrate the CBCT and CT scanners to relative
electron density. Results from the stoichiometric
calibration of CT number to relative electron density
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Figure 3. Results from the stoichiometric calibration of CT number to relative electron density. In the legend, the orange pluses are
measured data points for CBCT calibration, the orange dashed-line correspond to the fitted CBCT calibration curve, the blue crosses
are measured data points for CT calibration, and the blue line corresponds to the fitted CT calibration curve.

Recorded Radiograph

Cropped Radiograph

algorithms A, AS, ASD and ASDM, respectively.

Figure 4. Examples of a recorded intra-fraction radiograph, its corresponding cropped radiograph and matching CBCT-DRRs and
CT-DRRs. In (a) is the recorded intra-fraction radiograph with the cropping region of interest drawn in green, (b) the cropped
radiograph, and (c) four cropped CBCT-DRRs and CT-DRRs are shown with CBCT-DRRs in the top row (labelled as CBCT) and CT-
DRRs shown in the bottom row (labelled CT). With regards to columns in (c), A, AS, ASD and ASDM correspond to the DRRs from

are presented in figure 3. Each calibration curve was fit
to the corresponding data with R%>0.999. The
presented calibration curves were applied only in the
DRR algorithm incorporating patient material model-
ling, Algorithm ASDM.

3.2. DRR generation

An example of a recorded intra-fraction radiograph,
cropped radiograph, and matched CBCT-DRRs and
CT-DRRs are presented in figure 4. It should be noted
that the four white structures near the centre of the
radiographs and DRRs in figure 4 are gold fiducial
markers. In figure 4 (c), the CBCT-DRRs present
image qualities and anatomy that appears qualitatively
similar to the matched intra-fraction radiograph.
Conversely, for the example CT-DRRs in figure 4 (c),
image qualities and anatomy appears different to the
intra-fraction radiograph. We attribute the significant
visual differences between CT-DRRs and intra-frac-
tion radiographs to three contributing factors. First,
there is a significant stomach gas-bubble present in the
planning CT, visualised as the dark spot near the centre

of the CT-DRRs in figure 4. However, this gas-bubble
isabsentin the pre-treatment CBCT and intra-fraction
radiographs. Second, contrast agent was administered
for the acquisition of the planning CT, but not for the
acquisition of intra-fraction radiographs. Third, the
CT scanner’s couch is thicker than the linac’s couch,
increasing the water-equivalent path length along
anterior-posterior projection angles (as in figure 4)
and contributing to a reduction in image contrast
relative to intra-fraction radiographs.

For further comparison of radiographs and DRRs,
absolute pixel intensity differences were calculated
between the cropped radiograph and matching crop-
ped DRRs presented in figure 4. The resultant absolute
difference images are presented in figure 5. In these
difference images, black pixels show where
radiograph and DRR pixel intensities are equal, and
increasing brightness
crepancies between the radiograph and matched DRR.
When comparing difference images from the same
algorithm, CBCT-DRR difference images are visibly
darker than corresponding CT-DRR difference

indicates increasing dis-
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A AS

ASD

Figure 5. Absolute pixel intensity differences calculated between the cropped radiograph and matching cropped DRRs presented in
figure 4. Right: The cropped radiograph from figure 4, shown as a reference for the difference images. Top row, left four columns:
absolute differences between the radiograph and CBCT-DRRs. Bottom row, left four columns: absolute differences between the
radiograph and CT-DRRs. The column labels A, AS, ASD and ASDM are defined as in figure 4. For visualisation of these absolute
difference images, the colour bar limits were set to the Oth and 90th percentile value from the set of these eight difference images.
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Figure 6. Distribution of correlations between intra-fraction radiographs and matching DRRs. Along the x-axis, A, AS, ASD and
ASDM corresponds to distributions from algorithms A, AS, ASD and ASDM, respectively. CBCT and CT corresponds to CBCT-DRRs
and CT-DRRs, respectively. In the violin plot, red lines correspond to the distribution’s median, blue lines correspond to the
distribution’s 25th and 75th percentile values, and the width of the plot corresponds to the relative frequency in the distribution.
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images. Comparing the CBCT-DRR difference images
from different algorithms, the difference image from
Algorithm A is visibly brighter than that of the other
algorithms, with the difference images from algo-
rithms AS, ASD and ASDM appearing similar; the
same trend is observed for the difference images for
CT-DRR difference images.

3.3. Distribution analysis

Distributions of correlations and indexes are pre-
sented in figures 6 and 7, respectively. Each of the
8 x 9307 radiograph-DRR correlation coefficients
were statistically significant with all pr < 0.001. For
each of the distributions in figure 6, there are a number
of data-points with poor, yet statistically significant
correlations, attributed to arise from two main
sources. First, mismatches in image quality (e.g. when
radiographs were noisy, or when DRRs did not
replicate the image features of radiographs due to a

lack of scatter modelling) were responsible for
approximately 35% of all the correlations with
R < 0.4 in each CBCT-DRR distribution and more
than 60 % of correlations with R < 0.4 in each CT-
DRR distribution (refer to figures S1-54 in the Supple-
mentary Material). It should be noted that mismatches
between radiographs and DRRs were frequent for one
specific patient; from their 5 treatment fractions, more
than 25 % of all the correlations with R < 0.4 had
occurred for CBCT-DRR distributions, and more than
50 % for all CT-DRR distributions (refer to figures S1-
S2 in the Supplementary Material). Second, 6 of the 20
patients radiographs were acquired using time-based
triggering, with all 6 patients imaged and treated in
breath-hold. Across these 6 patients treatment frac-
tions, there were a number of radiographs acquired
between breath-holds, causing systematic variations
between the anatomy of intra-fraction radiographs
and the anatomy of DRRs (refer to figures S5-S8 in the
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Figure 7. Distribution of Czekanowski’s index between intra-fraction radiographs and matching DRRs. A, AS, ASD, ASDM, CT and
CBCT are defined as in figure 6. Red lines correspond to the distribution median, blue lines correspond to the distribution’s 25th and
75th percentile values, and the width of the plot corresponds to the relative frequency in the distribution.

Table 1. Table reporting impact of pre-treatment CBCT vs planning CT (top) and impact of incorporation versus
omission of each component model (bottom). In the top row, Experimental and Control list combinations of
distributions analysed to test each of the hypotheses, MD corresponds to median difference between
Experimental and Control distributions, and pyy and pxs are probabilities of observing the null hypothesis
between the Experimental and Control distributions for the Wilcoxon and Kolmogorov-Smirnov tests,
respectively. In the leftmost two columns, A, AS, ASD, ASDM, CT and CBCT defined as in figure 6.

Distribution analysis
Experimental Control Czl
MD Pks MD pw Pks

CBCT, A CT,A 0.056 <107 <107 0.002 <107 0.007
CBCT, AS CT, AS 0.053 <107° <107° 0.007 <107° <107°
CBCT, ASD CT, ASD 0.053 <107° <107° 0.007 <107 <107
CBCT, ASDM CT,ASDM 0.056 <107 <107 0.007 <107 <107
CT, AS CT,A 0.047 <107° <107° 0.021 <107° <107°
CBCT, AS CBCT, A 0.048 <107 <107 0.028 <107 <107
CT, ASD CT, AS 0 <107 >0.999 0 <107 >0.999
CBCT, ASD CBCT, AS 0.001 <107° 0.999 0 <107° >0.999
CT, ASDM CT,ASD —0.002 <107 0.727 0 <107 0.419
CBCT, ASDM CBCT, ASD 0.002 <107 0.166 0 <107 0.936

Supplementary Material). From these 6 patients,
intra-fraction motions were responsible for approxi-
mately 60 % of all correlations with R < 0.4 in each
CBCT-DRR distribution and approximately 30 % in
each CT-DRR distribution.

3.3.1. Pre-treatment CBCT versus planning CT

From the distributional analysis reported in table 1,
intra-fraction radiographs were more strongly corre-
lated with CBCT-DRRs than CT-DRRs for all 4
algorithms with all corresponding median differences
statistically significant (all pw <107° and all
Pxs < 107°). Similarly, from the distributional analysis
of Czekanowski’s index distributions, intra-fraction
radiographs were more similar to CBCT-DRRs than
CT-DRRs for all 4 algorithms; all corresponding

median differences were statistically significant with
all pyy < 10~ ®and all pg < 0.007. All presented results
support that intra-fraction radiographs were more
similar to CBCT-DRRs than CT-DRRs with statistical
significance.

There are several factors that may contribute to the
superior radiograph-DRR similarity of CBCT-DRRs
over corresponding CT-DRRs. Firstly, contrast agent
was administered for acquisition of the planning CT,
but not the acquisitions of CBCTs or intra-fraction
radiographs. Secondly, the CT scanner’s couch is sig-
nificantly thicker than the linac’s couch, increasing the
water-equivalent path lengths along anterior-poster-
ior and oblique projections through the planning
anatomy when compared to treatment anatomy.
Third, the CT scanner uses an abdominal block that is
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significantly different to that of the linac. Finally, inter-
fraction variation is significant in abdominal tumour
sites. Given that each of these factors cannot be decou-
pled from the dataset, it is currently not known how
much each factor contributes to the differences in
CBCT-DRR and CT-DRR radiograph-DRR similarity.

3.3.2. Incorporation versus omission of OBI component
models

With regards to source-spectrum modelling, intra-
fraction radiographs were more strongly correlated
with DRRs from algorithm AS versus DRRs from
algorithm A; corresponding median differences were
statistically significant with both py < 107® and both
pxs < 10~°. Similarly, intra-fraction radiographs more
similar to DRRs from algorithm AS than DRRs from
algorithm A in terms of indexes; corresponding median
differences were also statistically significant with both
pw < 10~ and both pis < 10~°. These results support
that the incorporation of source-spectrum modelling in
DRR algorithms improved radiograph-DRR similarity
with statistical significance.

With regards to detector modelling, there were no
statistically significant differences in radiograph-DRR
correlation between DRRs from algorithm ASD and algo-
rithm AS, with both pyg > 0.999. Similarly, there were no
statistically significant differences in indexes between
DRRs from algorithm ASD and algorithm AS, with both
Prs > 0.999. From these distributional analyses, the evi-
dence suggests that the incorporation of detector model-
ling did not affect radiograph-DRR similarity.

With regards to patient material modelling, differ-
ences between radiograph-DRR correlation from
algorithm ASDM and algorithm ASD were not statisti-
cally significant with both pgg > 0.166. Similarly, there
were no statistically significant differences between
radiograph-DRR indexes from algorithm ASDM and
algorithm ASD, with both pgs > 0.419. From these
distributional analyses, the evidence suggests that the
incorporation of patient material modelling did not
affect radiograph-DRR similarity.

3.4. Computational cost of incorporating OBI
component models in DRR algorithms

The mean times required by each DRR algorithm to
generate a DRR and their associated standard devia-
tions are presented in table 2. Incorporating source-
spectrum modelling into the DRR algorithm increased
the computational time required to generate a DRR by
(8 £16)%, deemed statistically insignificant. Incor-
porating detector modelling into the DRR generation
algorithms did not cause significant increases in
computation time. However, incorporating patient
material modelling into the DRR algorithm increased
the computation time required to generate a DRR by
approximately (130 =+ 15)%.

L Madden et al

Table 2. Table reporting the time required by each DRR
algorithm to generate one DRR. Algorithm A, AS, ASD
and ASDM are as defined in figure 6. In the middle and
right columns, Mean corresponds to the mean time
required to produce a DRR, and St. Dev. corresponds to
the standard deviation of the mean time required to
produce a DRR.

Computation time comparison

Algorithm Mean (s/DRR) St. Dev. (s/DRR)
A 2.5 0.4

AS 2.7 <0.1

ASD 2.7 0.1
ASDM 6.1 0.4

4. Discussion

4.1. Key findings

This study aimed to test the two hypotheses: that intra-
fraction radiographs were more similar to CBCT-DRRs
than CT-DRRs, and that intra-fraction radiographs were
more similar to DRRs from algorithms incorporating
physical modelling of OBI components than DRRs from
traditional DRR algorithms omitting these models. From
distributional analysis, intra-fraction radiographs were
determined to be more similar to CBCT-DRRs than CT-
DRRs, statistically significant for both similarity metrics.
Similarly, intra-fraction radiographs were determined to
be more similar to DRRs from algorithms incorporating
source-spectrum modelling versus DRRs from algo-
rithms omitting this modelling, also statistically signifi-
cant for both similarity metrics. However, it was
determined that OBI detector modelling and patient
material modelling had a statistically insignificant effect
on radiograph-DRR similarity. The study as a whole is
significant as it not only demonstrates that generating
CBCT-DRRs is feasible, but these CBCT-DRRs may have
superior radiograph-DRR similarity over planning CT-
DRRs. Additionally, the study is significant as it informs
end users and developers of DRR algorithms of the
benefits and requirements for incorporating OBI comp-
onent modelling in DRR algorithms, e.g. incorporating
source-spectrum modelling into a treatment planning
systems DRR algorithm could clinically aid in patient
alignment by improving generated the DRRs radio-
graphic image quality.

4.2. Strengths and limitations

This study has a number of strengths. First, the set of
intra-fraction radiographs was comprised of 9307
radiographs, providing sufficient statistical power
when assessing the two hypotheses. Second, two
unrelated radiograph-DRR similarity metrics were
employed to assess radiograph-DRR similarity, and
two unrelated statistical tests were used to indepen-
dently assess whether observed distributional differ-
ences were statistically significant. Third, this study
was able to investigate two hypotheses over a range of
controlled conditions to determine whether effects
were dependent on controlled variables, e.g. whether
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CBCT-DRRs had superior radiograph-DRR similarity
for some algorithms, or whether the modelling of
individual OBI components caused significant effects
for CT-DRRs but insignificant effects for CBCT-DRRs
(or vice versa). Finally, no such investigations of
radiograph-DRR similarity have been published in the
literature for radiograph-DRR similarity of CBCT-
DRRsversus CT-DRRs.

One important caveat in this study was that radio-
graph-DRR similarity was investigated for only the
pancreas tumour site, with all radiographs collected
using the same OBI and all patient CT's acquired with
the same CT scanner. For other tumour sites, it is
unknown how radiograph-DRR similarity will be
impacted by inter-fraction variation and the incor-
poration versus omission of physical OBI component
models into DRR algorithms. Hypothetically, for
tumour sites where material densities vary widely
from water (e.g. thorax or head and neck), material
modelling could impact radiograph-DRR similarity
more significantly than was observed in this study. For
different OBIs and CT scanners, the impact and sig-
nificance of each physical OBI component model in
DRR algorithms may vary from the results obtained in
this study. In cases where planning CT acquisitions use
different immobilisation devices, patient support
devices or abdominal compression different from
those used during treatment, it is expected that inter-
fraction variation will be influenced by these systema-
tic setup differences. With these points in mind, we
recommend that radiograph-DRR similarity and mar-
kerless target-tracking accuracies should be assessed to
determine the combination of CBCT-DRR versus CT-
DRR and DRR algorithm that optimises markerless
target-tracking accuracy.

A second caveat in this study are the systematic, non-
anatomical differences between planning CTs versus
pre-treatment CBCTs and intra-fraction radiographs.
All planning CTs were acquired with contrast enhance-
ment, with a different couch to that of the linac, and with
an abdominal block shaped differently to that used dur-
ing treatment. Conversely, pre-treatment CBCTs and
intra-fraction radiographs were acquired without con-
trast enhancement, and with the same couch and
abdominal block. These differences likely reduce the cor-
relations and indexes of CT-DRRs, and it is unclear to
what degree any of the improvements in radiograph-
DRR similarity are related to inter-fraction variation. For
clinical cases where systematic, non-anatomical differ-
ences do not exist, we recommend that radiograph-DRR
similarity and markerless target-tracking accuracies
should be assessed for CBCT-DRRs and CT-DRRs to
determine which DRRs are more beneficial for marker-
less target-tracking.

A final caveat in this study regards the imple-
mentation of the traditional DRR algorithm. In
Algorithm A, the effective attenuation coefficient was
calculated at an effective energy equal to one third of
the OBI source’s known potential [25]. For the
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example radiograph and DRRs shown in figure 4, it
was shown that the one-third rule was a poor estimate
of the source’s effective energy. In practice, it is plau-
sible that end users of traditional DRR algorithms
could tune the effective attenuation coefficient to opt-
imise radiograph-DRR similarity for markerless tar-
get-tracking purposes. In this case, it is not clear
whether the statistical significance of incorporation
versus omission of physical OBI source-spectrum
modelling into the DRR algorithm will translate to
other end users of traditional DRR algorithms. With
the study’s results in mind, we recommend that end
users incorporating traditional DRR algorithms with
tuned attenuation coefficients assess radiograph-DRR
similarity and markerless target-tracking accuracy
with respect to DRR algorithms incorporating physi-
cal modelling of OBI component.

4.3. Comparisons with prior studies

With regards to the implications of findings from this
study, the studies by Dhont et al [7] and Unberath et al
[11] provides evidence that supports that markerless
target-tracking accuracies are improved when these
target-tracking methods incorporated DRRs with
superior radiograph-DRR similarity [7, 11]. Addition-
ally, contrapositive results have been reported for
clinical implementations of markerless target-tracking
methods, where reduced target-tracking accuracies
were observed when radiographic image quality
degraded [3, 5]. With these studies in mind, there is
mounting evidence to support that the incorporation
of CBCT-DRRs into markerless target-tracking meth-
ods could benefit these methods accuracies. Future
studies investigating the impact of inter-fraction varia-
tion on target-tracking accuracy are required to verify
this hypotheses.

4.4. Implications and future work

4.4.1. CBCT-DRRs

The pancreas-SBRT protocol followed throughout
this study aligns the patient such that the pancreas
GTV is at isocentre. Intra-fraction radiographs are
acquired with the centre of the OBI detector panel
colinear with the OBI source and treatment isocentre.
Consequently, the GTV, whole pancreas and proximal
dose-limiting OARs (duodenum, small bowel and
stomach) are frequently visualised in the intra-fraction
radiographs and matched DRRs, supporting that
intra-fraction variation contributes significantly to the
improved radiograph-DRR similarity of CBCT-DRRs
over CT-DRRs.

CBCT artifacts should be considered when evalu-
ating whether CBCT-DRRs should be incorporated
into target-tracking methods as the artifact-ridden
CBCTs will produce artifact-ridden CBCT-DRRs. It
should be noted that the CBCT images acquired dur-
ing this study did not require artifact corrections, and
so the findings of this study are specific to the case
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when CBCTs are not affected by significant artifacts
e.g metal and/or gas artifact. A number of strategies
could be applied to post-correct CBCT artifacts. Man-
ual correction of affected voxel CT numbers or utilisa-
tion of alternate image reconstruction algorithms
could be viable means of artifact reduction. Trans-
forming CBCTs into synthetic CTs may also mitigate
CBCT artifacts. Currently, superior CBCT reconstruc-
tion algorithms that reduce the severity and incidence
of CBCT artifacts are being developed and rolled out
by vendors [26-28]. We recommend that target-track-
ing practitioners evaluate whether CBCT-DRRs bene-
fit their target-tracking algorithms and whether
artifact mitigation is required, effective and repro-
ducible when incorporating CBCT-DRRs.

Extrapolating from the result that intra-fraction
radiographs were more similar to DRRs from pre-
treatment CBCTs than DRRs from planning CTs,
there are additional hypothetical implications for real-
time target-tracking methods. First, 4D-CBCT can
model a patient’s anatomy driven by respiratory
induced intra-fraction motions. Hypothetically, intra-
fraction radiographs may be more similar to DRRs
from 4D-CBCTs than DRRs from 3D-CBCTs. Sec-
ond, for image-guided radiotherapy treatments that
acquire a CBCT during treatments for patient position
correction, these mid-treatment CBCTs provide an
updated model of intra-fractional anatomy. Hypothe-
tically, intra-fraction radiographs acquired post-posi-
tion correction may be more similar to DRRs from the
mid-treatment CBCT than DRRs from the pre-treat-
ment CBCT. Future studies should investigate these
opportunities for further improved radiograph-DRR
similarity and the subsequent results of incorporating
such DRRs into markerless target-tracking methods.

A barrier that may prohibit CBCT-DRR generation
are the limited fields of view (FOVs) that are associated
with pre-treatment CBCTs. For CBCT-DRRs to present
adequate anatomy, the CBCT’s FOV diameter must
encompass the entire patient cross-section in each trans-
verse slice. For CBCT-DRR generation, the CBCT must
also span an adequate length along the patient’s superior-
inferior axis to replicate intra-fraction radiographs.
When either of these conditions are not met, the anat-
omy presented in DRRs would systematically differ from
the anatomy presented in intra-fraction radiographs.
With retrospective datasets, limited FOVs may prohibit
the generation of CBCT-DRRs.

4.4.2. Incorporating OBI modelling into DRR algorithms
In this study, the incorporation of source-spectrum
modelling was demonstrated to significantly improve
radiograph-DRR similarity. Incorporating source-
spectrum modelling could benefit image registration
applications of DRR algorithms given the increased
radiograph-DRR  similarity of algorithm AS over
algorithm A. With regards to incorporating source-
spectrum modelling into DRR algorithms, there exists
experimentally validated open source software for
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modelling x-ray bremsstrahlung spectra [13]; the
parameters required by this software are available
from radiograph metadata (source kVp) and technical
specifications (anode material, anode angle, inherent
filter materials and their thicknesses). From the
computational cost study, it was demonstrated that
the incorporation of source-spectrum modelling into
DRR algorithms did not significantly increase the
computation of time for DRRs. With these points in
mind, source-spectrum modelling could be incorpo-
rated into vendor-implemented DRR algorithms with
minimal computational or resourcing costs, and may
aid in patient alignment.

Cost functions for radiograph-DRR template-
matching algorithms are relatively robust with respect to
differences between radiographs and DRRs. However,
studies investigating template-matching algorithms have
reported that target-tracking algorithms suffer from
reduced accuracies when radiograph-DRR similarity
decreases [5—7] . Given this study’s findings that DRR
algorithm influenced radiograph-DRR similarity, direct
evaluations of template-matching accuracy are required
to determine if, when and to what degree template-
matching accuracy depends on the DRR algorithm used
to produce DRRs.

4.5. Further discussion

4.5.1. Clinical applications

Comparisons of 2D image metrics such as Pearson’s
correlation and Czekanowski’s index cannot indicate
whether target-tracking algorithms and models will
benefit from the incorporation of CBCT-DRRs or
physical OBI component modelling into DRR algo-
rithms. It is intuitive that improved agreement
between DRRs and intra-fraction radiographs should
benefit the performance of deep-learning models by
bridging the translation gap between training and
testing data, however the degree of improvement can
only be determined through direct evaluations of
target-tracking performance with different training
datasets. Given the vast range of setups used to treat
different tumour sites, we recommend that direct
evaluation be performed by end users to determine
whether their target-tracking algorithm benefits from
incorporation of CBCT-DRRs or physical OBI comp-
onent modelling into DRR algorithms.

The CBCT and CT data acquired throughout this
study were acquired exclusively in breath-hold or
gated-free-breathing. However, real-time tracking
applications are also relevant for patients imaged and
treated in free-breathing without gating. In such cases,
CT anatomy becomes blurred, and CBCTs in part-
icular can present significant motion artifacts. For
such motion-affected CTs and CBCTs, it is inap-
propriate to consider generating DRRs from 3D image
sets in which there is poor anatomical representation
of structures.
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Real-time tracking may be considered for motion
management during free-breathing treatments for
thoracic and abdominal tumour sites. Respiratory
motion is relevant for these tumour sites, and likely
reduces radiograph-DRR similarity. From the result
that intra-fraction radiographs were more similar to
CBCT-DRRs than CT-DRRes, it is plausible that radio-
graphs acquired during free-breathing may be more
similar to DRRs generated from 4DCBCTs or 4DCT's
at the relevant phase than DRRs generated from
corresponding averaged 3DCBCT's or 3DCTs. Direct
target-tracking evaluations are required to determine
the best DRR generation practices for real-time track-
ing applications in the scope of free-breathing
treatments.

Manual correction of the CT numbers of voxels
affected by contrast agent could be used to correct the
systematic difference caused by contrast agent, and
thereby improve the radiograph-DRR similarity of these
CT-DRRs. However, this process could introduce artifi-
cial structures into training DRRs that arent anatomically
plausible or present in intra-fraction radiographs. From
a clinical standpoint, end users should consider generat-
ing DRRS from CBCTs and CTs that were acquired
without contrast to prevent DL models from learning
artificial features that will be absent during their deploy-
ment on intra-fraction radiographs.

4.5.2. Generating DRRs from noisy images

A derivation of the relationship between the signal-
noise ratio (SNR) of voxels in the CBCT and pixels in
the DRR is detailed in appendix D. A simple example
was considered, and it was shown that the SNR of
CBCT-DRRs was superior to the SNR of CBCT voxels.
This result arises as some of each voxel’s noise cancels
out with the other voxel’s noise when ray-tracing
through CBCT images. This theoretical result suggests
that CBCT noise is mitigated significantly when
generating CBCT-DRRs, and supports that CBCT-
DRRs can present adequate visualisations of patient
anatomies for target-tracking applications.

5. Conclusions

In this study, it was determined that intra-fraction
radiographs were more similar to CBCT-DRRs than
CT-DRRs, and also that the incorporation of physical
source-spectrum modelling in DRR algorithms
improved radiograph-DRR similarity. However, OBI
detector and patient material modelling were deter-
mined to have insignificant impacts on radiograph-
DRR similarity. The findings of this study suggests that
incorporating CBCT-DRRs into markerless target-
tracking methods may promote improved target-
tracking accuracies, and that the incorporation of OBI
source-spectrum modelling in treatment planning
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system DRR algorithms may reinforce the safe treat-
ment of cancer patients by aiding in patient alignment.
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Appendix A. Patient data characteristics

Table Al. Table reporting the patient cohort characteristics. All
patients were locally advanced pancreatic cancer patients with either
borderline-resectable or unresectable gradings. No. patients
corresponds to the number of patients in the cohort. With regards to
gating, EBH denotes patients imaged and treated in Exhale-Breath-
Hold, FB corresponds to patients imaged during exhale and treated
in Free-Breathing gated-at-exhale, and IBH denotes patients imaged
and treated in Inhale-Breath-Hold. With regards to the Diagnosis,
Body, Endocrine, Head, Tail and Unspecified corresponded to
patients presenting malignant neoplasms of the pancreas body,
pancreas endocrine, pancreas head, pancreas tail, or an unspecified
portion of the pancreas, respectively.

Cohort characteristics

Characteristic Quantity

Age (years) Mean [Range] 68.1[44 — 83]
GTV volume (cm3) Mean [Range] 25.7[3.8 — 79.8]
Gender (No. patients) Female 10

Male 10
Gating (No. patients) EBH 15

FB 4

IBH 1
Diagnosis (No. patients) Body 1

Endocrine 1

Head 7

Tail 1

Unspecified 10
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Appendix B. Derivation of DRR
calculations

A point-like bremsstrahlung x-ray source at position,
ro, with energy spectrum, E, has fluence spectrum
described by @(ry, E). A set of N pixels from a detector
panel are located at (ry, ry,...,ry). There exists some
arbitrary distribution of materials between the source
and detector whose material’s linear attenuation
coefficients (LACs) are distributed according u(r, E).
When this distribution of materials is imaged by a CT
scanner and CBCT scanner, the material’s CT num-
bers are distributed according to C(r). The fluence of
the attenuated x-ray beam incident upon the pixel, r;,
atenergy E, ®(E, r;), is given by:

D (xo, E)exp(—j:u(r, E)dr)

P I, E) =
(x & i — xol

(B1)

where r corresponds to locations along the line
segment between ryandr;.

B.1. Traditional DRR algorithm: Algorithm A

In this case, only the bremsstrahlung source’s potential
and distribution of CT numbers are known. The
bremsstrahlung source outputs x-rays with intensity I(r,):

Emax
I(ry) = fo ®(ry, E)dE (B2)

Assuming the bremsstrahlung spectrum has an effec-
tive energy, E.g one third the source potential [25],
equation (B1) simplifies to:

I(rp) exp(—f: 1(r, Eegr) dr)

Il — xolI?

I(r) = (B3)
where I(r;) is the x-ray intensity incident upon the
detector pixel at r;, and pu(r, E.g) is the material linear
attenuation coefficient (LAC) at location, r, for
effective energy, E.p Without knowledge of the
calibration of the CT or CBCT scanner that imaged C
(r), the relationship between CT number and LAC, p
(r, E), is approximated by:

N C(r)
ILL(I‘, E) ~ .u’water(E)( 1000 + 1) (B4)

where C(r) is in Hounsfield units. For this case, DRRs
are calculated:

exp(— Hvater (Eeff) fr: ( ﬁ)(gg + l)dr)

|l — ol

DRR(r)) =

(B5)

. . 5 (C@) .
with the integral, fr , (1000 + l)dr calculated using
the Reconstruction ToolKit’s forward projection

module [18].

B.2. Ray-tracing algorithm with source-spectrum
modelling: Algorithm AS

In this case, the fluence spectrum, ®(ry, E) is known.
The fluence spectrum incident upon the detector pixel
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r; for x-ray energy E, ®(r;, E), is then given by:
(I)(l'i, E)
I (C(r)
B D(ry, E)exp(—,uwater(E) fro (1000 + l)dr)

llr; — rol?

(B6)

With bremsstrahlung source spectrum known,
DRRs are calculated:

I e @ (r;, E)dE
I(xo)

where Ep,, is the maximum x-ray energy. As for the

traditional DRR ray-tracing algorithm, the integral
f i (% + l)dr was calculated using the Reconstruc-
Iy

tion ToolKit’s forward projection module [18]. N.B.
Given the energy independence of this integral, the CT
and CBCT image need only be ray-traced through once.

DRR(r) = (B7)

B.3. Ray-tracing algorithm with source-spectrum
and detector modelling: Algorithm ASD

The fluence incident upon detector pixel, r; described
by equation (B6) remains valid. Radiographic images
are formed through energy depositions in detector
crystals. For a detector crystal with thickness, /, the
energy deposited by an x-ray with energy, E, into the
pixel atr;, is given by:

l
Edep(ri, E) = E[l - eXP(_ﬂen(E)m)] (B8)

where ., (E) is the linear energy absorption coefficient
for the crystal at energy, E, and 6 is the angle of
incidence for the ray drawn from r, to r; onto the
detector pixel. With source and detector modelled,
DRRs are calculated:

5™ B(x;, B)Eacy(xi, E)dE

DRR(r;) = o
0

(B9)

B.4. Ray-tracing algorithm with source-spectrum,
detector and patient material modelling:

Algorithm ASDM

A material’s energy-dependent attenuation coefficients
have complex dependences on x-ray energy and material
composition [29]. When the Compton effect is the
dominant interaction process in an unknown material at
a given x-ray energy, the unknown material’s attenuation
coefficient can be approximated using [30, 31]:

:uwater(r’ E) & :uwater(E)pe(r) (B]‘O)

where E corresponds to the x-ray energy, fiyate(t, E) is
the attenuation coefficient of the unknown material,
Ihwater(E) 1s the attenuation coefficient of water at energy
E, and p.(r) is the relative electron density of the
unknown material [30, 31]. For soft tissues, the Compton
effect is expected to dominate x-ray interactions above
30keV [32]. For bony materials, the Compton effect
dominates x-ray interactions above energies of approxi-
mately 50 keV [32]. For such bony materials, attenuation
coefficient may be better approximated using:
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Pe(r)

Mbone(r’ E) ~ /u’bone(E) (Bll)

€bone

where flpone(t, E) is the LAC of the unknown bony
material, fipon(E) is the attenuation coefficient of some
reference bone material, and Pepone is the known relative
electron density of the reference bone material. It should
be noted that a scanner’s CT number can be calibrated to
electron density [17]. With an appropriately calibrated
CT scanner or CBCT scanning system, the CT number
of a given voxel, C(r), is converted to relative electron
density, p.(r), using the derived CT number to relative
electron density calibration curve. Incorporating CT and
CBCT scanner system modelling, each voxel’s LAC, p(r,
E)is given by:

s (65 B) ifCr < n
(@, E) = { fhpone (> E) ifCx)>n
a fyarer @ B) + (1 — a) py,,.(r, E) otherwise

(B12)

where 7, and 7, are thresholds defining CT numbers
in which materials are assumed to be comprised solely
of water-like materials (C(r) < 7;) and bone-like
materials (C(r) > 7). For materials with CT numbers
between 7, and 7,, linear interpolation is used to
approximate a mixture of water-like and bone-like
materials, where a corresponds to the interpolation
coefficient. In this work, the thresholds were set to
71 =200 HU and 7, = 600 HU, matching those used
by Acuros CTS [26, 33]. With OBI source and detector
modelled, and the materials in CBCT and CT images
modelled DRRs are calculated:

DRR(r)
:fEmax D(ry, E)exp(ffr:u(r, E)dr)EdeP(r,v, E)dE
0

I(ro) [Ir; — ol

(B13)

With the integral, fr " 1 (x, E)dr calculated using the
Reconstruction ToolKit’s forward projection mod-
ule[18].

Appendix C. Spekpy source model
parameters

Table C1. OBI source-spectrum model parameters for SpekPy [13]
(from FastCAT CBCT simulator [14]).

Source model components

Component Material Angle Thickness
Anode Tungsten 14° —
Filter 1 Aluminium — 2.70 mm
Filter 2 Titanium — 0.89 mm
Filter 3 Air — 900 mm

Source modelling parameters
Source potential Set to match radiograph

Energy increment 1keV

L Madden et al

Appendix D. Derivation of relationship
between signal-to-noise ratio of CBCTs and
their subsequent CBCT-DRRs

Let X; be an independent Gaussian random variable
corresponding to the measured attenuation coefficient of
a CBCT image’s i voxel. Let the true attenuation
coefficient for this voxel be y; and the standard deviation
for the measurement process be o3 N.B. p; corresponds
to X;’s distribution mean, and o; corresponds to X;’s
distribution standard deviation. The signal-noise ratio
(SNR) of the CBCT’s i voxel is then given by:

Hi

Oi

Ray-tracing through the CBCT image as during DRR
generation, the water-equivalent path length along that
ray is proportional to the linear combination of the
measured attenuation coefficients from the voxels inter-
cepted by the ray [34]. The linear combination of
independent Gaussian random variables is described by a
single new Gaussian random variable [35], X,,,, such that:

Kot = Z a;X; D2)
i

SNR; = (D1)

where a; is the i " voxel’s weighting factor in this linear
combination. The random variable X, has a distribu-
tion mean of yi;o; = Y ;a;1; and a distribution standard
deviation of gy = />4 o?. N.B. the true value of
the line integral along the ray corresponds to i, and
the standard deviation from the measurement process
of all voxels along the ray corresponds to o;,;. The SNR
for the line integral along the ray is then:

SNR,, — et _ 2%l (D3)

o oo

As a simple example, consider that a uniform med-
ium is imaged. Each voxel in the CBCT has a distribution
mean of g, and the distribution standard deviation for
each voxel is 0. From equation D1, each voxel has an
SNR of % For simplicity, consider that a ray being traced
through the CBCT such that all weighting factors in the
linear combination are 1, and let there be N voxels inter-
cepted by this ray. The distribution mean for the line int-
egral is f1,,, = SN ;1 = Ny, and the distribution
standard deviation for the line integral is

ot = | 2o ;02 = /No. From equation D3, the SNR
of the line integral along the ray is then VN g
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