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Abstract

Image-guided adaptive radiation therapy (IGART) significantly enhances modern
radiotherapy by adapting to patient movements and anatomical changes in real-
time. However, the high computational demands of the technology prevent its
deployment on standard computing systems. Furthermore, the requirement for re-
calculating doses in real-time, which allows for immediate treatment adjustments
in response to these variations, further complicates its implementation.

Given these substantial computational challenges, with optimization processes
constituting the majority of execution time, this study focuses on the image
registration (IR) task within the IGART application. IR, which relies on iterative
optimization, is a time-intensive process that is essential for accurate image
alignment and analysis.

Due to the deformable nature of anatomical changes during treatment, de-
formable image registration (DIR) is crucial for addressing variations in the shape
and size of internal organs between the initial and adaptive planning images.
This study specifically targets the registration of three-dimensional computed
tomography (CT) lung scans, which are among the most deformable and complex
medical datasets due to their elasticity and the influence of respiratory motion.
However, our method is adaptable to images from various regions of interest and
can extend beyond the medical imaging domain.

Accelerating DIR is essential for efficient and timely medical procedures
given its high computational demands. While multi-GPU implementations offer
significant potential for DIR acceleration, challenges such as high communication
overhead and increased complexity have made such configurations impractical
for real-time applications.

To overcome these challenges, this study proposes a novel solution named
CLAIRE-ROP (constrained large deformation diffeomorphic image registration

- rapid overlapped partitioning-based). This framework leverages multi-GPU



systems to accelerate DIR without increasing programming complexity, aiming
to enable rapid and precise registration, thus facilitating real-time adaptation
in IGART. Our approach employs a partitioning scheme that divides lung
images into multiple partitions, thereby enabling the individual registration of
each partition without compromising accuracy. Our method has successfully
registered images from the largest publicly available lung dataset (512x512x136)
in under 0.5 seconds, achieving a Dice score of 0.991.

This work represents a significant advancement in lung image registration
techniques, facilitating more efficient DIR in clinical applications. Currently,
our achieved registration time on the DIR-Lab dataset is the fastest among
all published DIR methods for 4DCT, encompassing both deep learning and
optimization-based approaches. Notably, our results demonstrate that our ap-

proach maintains competitive registration accuracy.



Zusammenfassung

Die bildgestiutzte adaptive Strahlentherapie (IGART) stellt eine wesentliche
Weiterentwicklung der modernen Strahlentherapie dar, da sie eine Anpassung der
Strahlendosis an die individuellen Bewegungen des Patienten sowie anatomische
Verdnderungen ermoglicht. Die hohen Anforderungen an die Rechenleistung dieser
Technologie verhindern jedoch ihren Einsatz auf Standard-Computersystemen.
Zudem erweist sich die Umsetzung als anspruchsvoll, da die Dosis in Echtzeit
neu berechnet werden muss. Dies ermdglicht eine unmittelbare Anpassung der
Therapie, um auf Schwankungen zu reagieren.

In Anbetracht der signifikanten rechnerischen Herausforderungen, bei denen
Optimierungsprozesse den Grofiteil der Ausfithrungszeit beanspruchen, konzen-
triert sich diese Studie auf die Aufgabe der Bildregistrierung (IR) innerhalb
der Anwendung IGART. Die IR, die auf einer iterativen Optimierung basiert,
ist ein zeitintensiver Prozess, der fiir eine prézise Bildausrichtung und -analyse
unabdingbar ist.

Aufgrund der Verformbarkeit anatomischer Veranderungen wahrend der Be-
handlung ist die deformierbare Bildregistrierung (DIR) von entscheidender Be-
deutung, um Schwankungen in Form und Grofle innerer Organe zwischen den
urspriinglichen und den adaptiven Planungsbildern auszugleichen. Die vorliegende
Studie fokussiert sich auf die Registrierung von dreidimensionalen Computerto-
mografien (CT) der Lunge. Aufgrund ihrer Elastizitidt und des Einflusses von
Atembewegungen gehéren CT-Aufnahmen der Lunge zu den am starksten ver-
formbaren und komplexesten medizinischen Datensétzen. Die Anwendbarkeit
unserer Methode beschrénkt sich jedoch nicht auf die medizinische Bildgebung,
sondern kann auch auf andere Bereiche iibertragen werden.

Die Beschleunigung von DIR ist angesichts des hohen Rechenaufwands
fiir effiziente und zeitnahe medizinische Verfahren von entscheidender Bedeu-

tung. Multi-GPU-Implementierungen bieten zwar ein betréchtliches Potenzial



fiir die DIR-Beschleunigung, jedoch haben Herausforderungen wie ein hoher
Kommunikations-Overhead und eine erhohte Komplexitét solche Konfigurationen
fiir Echtzeitanwendungen bisher unpraktikabel gemacht.

Die Bewéltigung der dargestellten Herausforderungen erfolgt in dieser Studie
mittels des neuartigen Losungsansatzes CLAIRE-ROP (constrained large defor-
mation diffeomorphic image registration — rapid overlapped partitioning-based).
Das Framework nutzt Multi-GPU-Systeme zur Beschleunigung von DIR, ohne
die Komplexitat der Programmierung zu erhéhen. Dadurch wird eine schnelle
und prazise Registrierung ermoglicht, was eine erleichterte Echtzeitanpassung
in IGART zur Folge hat. Unsere Methode hat erfolgreich Bilder aus dem grof3-
ten oOffentlich verfiigharen Lungen-Datensatz (512x512x136) in weniger als 0,5
Sekunden registriert und dabei einen Dice-Score von 0,991 erreicht.

Diese Arbeit stellt einen bedeutenden Fortschritt in der Registrierung von Lun-
genbildern dar und ermoglicht ein effizienteres DIR in klinischen Anwendungen.
Derzeit ist die von uns auf dem DIR-Lab-Datensatz erreichte Registrierungszeit
die schnellste unter allen veroffentlichten DIR-Methoden fiir 4DCT, einschliellich
Deep-Learning- und optimierungsbasierter Ansétze. Insbesondere zeigen unsere

Ergebnisse, dass unser Ansatz die konkurrenzfahige Genauigkeit der Registrierung
beibehélt.
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CHAPTER

Introduction

The objective of radiation therapy (RT) is to minimize doses to the surrounding
healthy tissues while delivering clinically effective doses to the target. Modern
high-precision RT is governed by the trade-off between tumor control and sparing
of healthy tissue. Prior to irradiation, a treatment plan is individually tailored
to the disease condition and the anatomy of the patient based on imaging scans.
An illustrative example of a radiation treatment plan can be seen in Figure 1.1.1

However, based on extensive clinical experience, patients who are undergoing
RT may experience notable anatomical changes due to organ deformation or
respiratory motion, which can result in the deterioration of the optimized dose
distribution. Some contemporary approaches to radiotherapy have been developed
that rely extensively on medical imaging to establish a spatial correlation between
the target area and the surrounding healthy tissue. In image-guided radiotherapy
(IGRT), the use of various in-room imaging techniques allows for enhanced
accuracy. These techniques provide clinicians with a valuable opportunity to
evaluate the treatment process during a course of treatment by detecting the
target position and then applying online geometric corrections to the patient
position, a process based on coordinate transformation.

Another concept in RT is image-guided adaptive radiation therapy (IGART),
which provides physicians with the opportunity to perform a more complex

correction that is accomplished through replanning based on the actual target

Thttps://www.elekta.com/products/radiation-therapy/versa-hd/
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Figure 1.1 Example of radiation treatment plan. The red areas indicate regions
receiving the prescribed radiation dose, while the green and blue areas receive
lower doses. The contours outline the target volumes and critical structures to
ensure effective treatment while minimizing exposure to healthy tissue.

contours. This allows for the modification of an initial radiation therapy treatment
plan to adapt to the changes in the target area or healthy organs during a course
of radiation therapy. A general schematic of IGART is shown in Figure 1.2.

As can be seen, this adaptive treatment necessitates a series of distinct,
computationally demanding steps, frequently involving iterative optimization.
However, such approaches are constrained in terms of computational and accuracy
performance.

In this study, we concentrate on the image registration (IR) task, which
plays a pivotal role in the stages of IGART. As can be observed, the process
is based on iterative optimization and accounts for a significant portion of the
total execution time. Given that anatomical changes during treatment are
predominantly deformable, deformable image registration (DIR) plays a vital
role in RT, as it enables the precise alignment of treatment plans with the
target structures within the patient’s body. This is especially crucial in instances
where there is organ motion or deformation, as these can impact the precision
of radiation delivery and increase the risk of damage to healthy tissues in the
vicinity of the target. DIR techniques can address these concerns and improve

the accuracy of treatment planning and delivery. Furthermore, real-time DIR
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the current best-in-class methods in RT. Without image registration, at beam
delivery, anatomy changes due to organ deformation or respiratory motion cause
deterioration of the optimized dose distribution. This figure is outlined in the
PhD work plan.

can facilitate adjustments to the treatment plan during treatment, which may
lead to improved patient outcomes. While achieving high accuracy is imperative
in the context of radiotherapy, the demand for efficient and rapid deformable
image registration remains a necessity across various domains of application.

Despite the considerable success of DIR methods in medical imaging, particu-
larly in achieving high registration accuracy for tasks like radiotherapy planning
and lung image analysis, they necessitate extensive optimization calculations
and task-specific parameter tuning. This, in turn, requires significant computing
resources and time, which constrains clinical applications that are particularly
time-sensitive, such as IGART.

Several studies have proposed the use of DIR methods to achieve a reduction
in processing time through the utilization of different accelerators, including
GPUs. These studies can be referenced as follows: [13, 33, 31, 52, 53, 64, 74, 84].
Additionally, multiple authors have proposed a multi-GPU-based DIR framework
to further accelerate registration times [78, 43, 34, 14]. Nevertheless, none of
these methods has achieved real-time DIR.

In recent years, there has been a growing interest in deep learning (DL)
methods, with numerous DIL-based approaches being applied to DIR (see, for
example, references [22, 23, 25, 54, 26, 36, 35, 73]). These approaches can

3
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significantly reduce the computational time required for DIR. However, the issue
of model generalization remains a significant challenge, as DL models typically
require task-specific training for each medical application. It remains uncertain
how these models will perform when applied to unobserved clinical datasets or
transferred to different applications.

To achieve real-time registration, we thus consider the most promising ap-
proach for accelerating DIR, which involves employing a multi-GPU system.
Specifically, we select a multi-GPU version of the constrained large deformation
diffeomorphic image registration (CLAIRE) framework, as detailed in reference
[14]. CLAIRE is particularly well-suited for our needs because it ensures that
the computed transformation is a smooth diffeomorphism, which is essential for
applications like radiotherapy, where precision is paramount. Although originally
designed for brain imaging, this study demonstrates the potential of CLAIRE as
a robust framework for lung registration.

While CLAIRE effectively addresses large-scale imaging problems, it is not
yet capable of achieving real-time DIR for realistic data sizes. Furthermore, in
the case of strong scaling, where additional processors are incorporated without
expanding the problem size, the runtime markedly increases due to the high
communication requirements, thereby severely limiting scalability.

In this study, we present a novel method to address the limitations of CLAIRE,
notably reducing the time required for real-time registration. The objective is to
identify the optimal partitioning scheme for dividing lung images into multiple
parts, thereby enabling the implementation of separate image registration for each
partition. This partitioning strategy eliminates the necessity for communication
between GPUs, as each GPU operates independently on its assigned partition,
thereby reducing the overall processing time. As no dependencies exist among
the different partitions, multiple partitions can be registered simultaneously
and fully in parallel. This parallelism significantly accelerates the registration
process in comparison to a single registration on a multi-GPU-based approach.
This approach facilitates straightforward scalability. As the number of available
GPUs increases, we can seamlessly adapt by assigning more partitions to utilize
the additional computational power effectively. Furthermore, this method is
distinguished by a notable advantage in customizing the lung area, allowing for
tailored registration settings and parameters for each individual partition.

Throughout this study, we focus on registration of 3D CT lung scans, which



are among the most deformable and complex medical datasets due to their
elasticity and the influence of respiratory motion during breathing. However, our
method can register images of different regions of interest (ROIs) and extends
beyond the medical imaging domain.

Our study includes an empirical analysis that investigates the impact of
partition size and the number of GPUs on registration accuracy and time. It also
provides a flexible and adaptable framework that can be applied to various image
registration tasks beyond CLAIRE. Overall, our approach enables faster image
analysis with a wide range of potential applications. It is particularly beneficial
for large datasets and computationally intensive registration tasks. This work

makes the following contributions:

1. Frameworks review, selection, and characterizing: We perform a compre-
hensive review of the state-of-the-art in DIR to identify the most promising
existing frameworks for further development. Following this review, we
conduct an extensive parameter search to determine the optimal execution
settings for the selected framework, specifically for lung datasets. This
approach ensures that the most suitable method is selected and configured
for maximum performance and applicability for the remainder of this work
[Chapters 3 and 4].

2. Improved scalability: We enhance the scalability of the selected DIR
framework. By implementing an optimal partitioning scheme and dedicating
GPUs to specific partitions, we minimize communication overhead between

GPUs, significantly improving processing performance [Chapter 5].

3. Comprehensive evaluation: We provide a detailed, end-to-end comparison
of our method against the state-of-the-art DIR methods, independent of
hardware targets. Our evaluation includes both pre- and post-processing
stages, demonstrating that our method not only reduces execution time
but also outperforms existing approaches. Additionally, we compare it
with DL-based DIR methods in terms of registration time, highlighting its
efficiency [Chapter 6].

4. Released as open source: In keeping with our commitment to collaboration
and transparency, we have made our framework available as open-source

software. This initiative in intended to facilitate further advancements in
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the field of lung image registration?.

In the course of this research, we presented the following paper at the 2024
8th International Conference on Medical and Health Informatics (ICMHI 2024)
in Yokohama, Japan. This presentation received the award for best presentation

at the conference.

e Vahdaneh Kiani, Oliver Jdkel, Holger Froning, “CLAIRE-ROP: Rapid
Partitioning-based Deformable Image Registration on Multi-GPU Ac-
celerator®. In: ICMHI °24: Proceedings of the 2024 8th International
Conference on Medical and Health Informatics, pp. 1-12, DOI: https:
//10.1145/3673971.36739832.

In summary, this work explores challenges and solutions in multi-GPU im-
plementation for fast and robust lung image registration using the CLAIRE
framework. The CLAIRE-ROP solution, with its partitioning scheme, effectively
improves processing time without sacrificing accuracy. This work consists of a
total of seven chapters. Chapter 2 serves as an introduction to the concepts of
medical deformable image registration and accelerated computing. Chapter 3
provides an overview of related research in this field, focusing on studies aimed
at accelerating DIR methods through various accelerators. In Chapter 4, we
characterize CLAIRE with the objective of optimizing parameters for the lung
dataset. We then proceed to compare it with Advanced Normalization Tools
(ANTSs), a well-known DIR method, and explore the limitations of CLAIRE.
Chapter 5 presents our partitioning-based DIR method, developed to address
the limitations identified in CLAIRE. A discussion of the overall execution time
is presented in Chapter 6. This chapter also provides a brief overview of DL-
based methods, with a particular focus on time-related aspects that are directly
comparable to our own work. Finally, Chapter 7 serves as an outlook to this

thesis, offering insights into potential future avenues of research.

!The code is accessible via https://github.com/UniHD-CEG/CLAIRE-ROP
2 Available online at http://camps.aptaracorp.com/ACM__PMS/PMS/ACM/ICMHI2024/
12/d9e8d643-206-11ef-8182-16bb50361d1f/OUT /icmhi2024-12.html
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CHAPTER

Background

2.1 Introduction

Lung cancer is the second most commonly diagnosed cancer and remains the
leading cause of cancer-related deaths [55]. RT represents a crucial treatment for
lung cancer, employing high-energy radiation to eliminate cancer cells and halt
their uncontrolled growth. However, the movement of lung tumors during natural
expansion and contraction with each breath presents a significant challenge.
Without proper image registration, these respiratory-induced anatomical changes
can result in compromised dose distribution during irradiation [30]. In Figure 2.1,
we show the intensity difference between two distinct respiratory phases: the
end-inhalation phase and the end-exhalation phase, from an axial perspective.
This visualization highlights the necessity for a deformable registration step.

In RT, efficient treatment planning is essential; however, the need for rapid
processing also stems from the time-sensitive nature of RT procedures. The rapid
processing of DIR facilitates real-time adaptive treatment and image-guided
interventions, enabling immediate feedback and adjustments during procedures.
This capability significantly enhances treatment precision and patient safety,
highlighting the importance of timely responses within the radiotherapy workflow
[41].

Among the various approaches aimed at accelerating DIR, GPUs are the most

compelling choice. Since DIR is a data parallel task, with the deformation vectors
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Figure 2.1 Axial view intensity difference slices between end-inhalation and
end-exhalation phases, exemplifying the necessity for deformable registration,
are illustrated by Cases 6 and 7 from the DIR-Lab 4DCT dataset [15]. DIR-
Lab is one of the most cited public datasets for studies on 4DCT chest image
registration.

at individual voxels able to be computed almost independently at each iteration
step, GPUs are particularly well-suited for this application. Nevertheless, the
accomplishment of real-time deformable registration computations on a single
GPU remains a significant challenge, despite recent advancements in GPU
technology. To address this challenge, a few studies have employed multiple
GPUs, distributing the computational load across multiple GPUs to enhance
parallelism. Adding further GPUs increases the potential for parallel processing
but also introduces greater complexity in the interactions between the GPUs.
Consequently, a multi-GPU utilization setup is less practical when dealing with
clinical datasets. The concept of overlapping communication and computation
serves as a technique to mitigate the impact of communication delays. However,
applying overlapping techniques can be challenging for some mathematical tasks,
such as interpolation and Fast Fourier Transforms (FFTs), which are the most
significant contributors to the computational cost of deformable registration.
These tasks involve data dependencies that complicate the process or prevent

overlapping to a large extent.



2.2 Fundamentals of Image Registration

2.2 Fundamentals of Image Registration

An image registration algorithm is typically comprised of three principal compo-
nents. These comprise (i) a transformation model, (ii) a similarity metric, and
(iii) an optimization method. A transformation model seeks to find the optimal
alignment by deforming the image content to enhance the degree of similarity
between the two images. The similarity metric serves to evaluate the efficiency
of the registration process. The degree of similarity is determined by computing
the correspondence between the two images.

Once an appropriate similarity metric and transformation model have been
selected for the specific image registration problem, an optimization method
should be applied as the final step to obtain the transformation parameters that
yield the best registration.

Let F(x) represent the reference image set, and M(x’) represent the template
image set. In this context, x and x’ denote the spatial coordinates in each
image set, respectively. The transformation function, designated as T(x’, ()
is responsible for mapping the template image to the reference image, where
[ represents the parameters of the transformation. The objective of image
registration is to reduce the discrepancy between F(x) and the transformed
template image M(T(x’, 5)). The transformation function is defined as the sum
of the local position vector in the template image, x’, and the displacement
vector, u(x’, #). Therefore, the optimal image registration between the two image
sets can be described as follows: The reference image set, F(x), is equal to the
template image set, M(T(x’,3)), which is equal to M(x’+u(x’, 3)). For further
details, please refer to reference [14].

The typical image registration process can be illustrated in Figure 2.2. The
iterative optimization process is continued until a stopping criterion is met.
This criterion may be based on the change in the similarity metric, the number
of iterations, or other factors. Once the optimization process has reached a
point of convergence, the final transformation is applied to one of the images
to align it with the other. This may entail non-linear warping, with the degree
of deformation varying according to the algorithm and the characteristics of
the images in question. After registration, the quality of the alignment is often
evaluated through the utilization of diverse metrics, to ascertain the efficacy of

the registration process.
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The number of parameters required to determine the transformation T is
dependent upon its form, which in turn is dependent upon the anatomical site,
clinical application, and the imaging modalities involved.

The transformation T can range from a relatively simple form, as in rigid
body transformations involving six parameters (three for translation and three for
rotation), which is known as rigid image registration (RIR), to a more complex
form. RIR is particularly well-suited to scenarios where no anticipated anatomical
changes are present. In scenarios necessitating augmented flexibility, such as
for accommodating scaling, shearing, and plane reflection, the transformation
can be augmented to encompass nine or twelve parameters, representing affine
transformations.

In instances where spatial variance is present, the transformation can possess
degrees of freedom that are as extensive as three times the number of voxels
present in the source dataset. This approach, known as deformable image
registration (DIR), entails the use of a distinctive displacement vector for each
voxel within the source dataset. DIR becomes a crucial tool when dealing with
changes in anatomy due to factors such as organ deformation or respiratory
motion, which RIR is unable to accommodate. However, the accuracy of DIR
algorithms is difficult to ascertain in clinical settings due to the lack of a definitive
ground truth.

In contrast to RIR, these spatially variant vector fields are typically con-
strained by a regularization function. This function ensures that the transfor-
mations are both anatomically and physiologically realistic, limiting unrealistic
movements and producing a smooth deformation field. For instance, it may
classify a region as bone, thereby restricting the extent of deformation in that
area. This method ensures that the transformations adhere to the realistic
constraints of human anatomy and physiology.

DIR algorithms are commonly utilized in medical imaging for a multitude of
applications, including the alignment of pre- and post-operative scans, the track-
ing of organ motion, and numerous others. The iterative optimization process is

the key to achieving accurate and reliable registration in these applications.
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Figure 2.2 A typical DIR workflow comprises three main components: (i)
a transformation model, (ii) an objective function, and (iii) an optimization
method, as referenced in [4].

2.3 Specialized Image Registration for Lung
Analysis

In RT, DIR is of particular importance when registering images of disparate
ROIs, such as the lungs. Deformation due to respiratory motion can significantly
impact the accuracy of radiation delivery, underscoring the necessity for precise
registration.

Accurate lung registration is crucial in the context of RT treatment plan-
ning, as it enables the precise targeting of tumors while minimizing the risk
of damage to surrounding healthy tissues. However, respiratory motion can
result in substantial deformation of the lung tissue, thereby rendering accurate
registration a challenging endeavor. To address this challenge, several DIR algo-
rithms have been developed that can account for respiratory motion and other
sources of deformation in the lung tissue. In general, accurate lung registration
using DIR techniques is of paramount importance in RT. Nevertheless, it can be
time-consuming due to the complex nature of the lung tissue and the necessity

for precise alignment despite respiratory motion.
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2.3.1 Anatomy of the Lung

The lungs are paired, pyramid-shaped organs that are integral to the respiratory
system. They are connected to the trachea by the right and left bronchi. The
lungs are positioned within the thoracic cavity, with the diaphragm serving
as their lower boundary. From an anatomical perspective, the lungs can be
divided into two distinct entities: the right lung and the left lung. Each lung is
characterized by a specific set of lobes and unique anatomical features. Despite
their similarities, the anatomy of the right and left lungs exhibits asymmetry.
The right lung is composed of three lobes: the superior, or right upper lobe
(RUL), the middle, or right middle lobe (RML), and the inferior, or right lower
lobe (RLL). In contrast, the left lung is composed of two lobes: the superior, or
left upper lobe (LUL), and the inferior, or left lower lobe (LLL) [17]. Figure 2.3
illustrates the delineation of lobe areas within a single CT image slice from axial,
coronal, and sagittal perspectives. This segmentation was performed using an

online platform, Totalsegmentator [82], and then rendered in a 3D visualization

tool, 3D Slicer [24], to illustrate the spatial arrangement and extent of each lobe.

Figure 2.3 Segmentation and 3D visualization of the pulmonary lobes from the
DIR-Lab dataset CT scans for Case 6.

2.3.2 CT Imaging Techniques

Modern RT employs a range of imaging data for treatment planning, delivery,
and monitoring. Computed tomography (CT) imaging is primarily utilized in
the context of treatment planning, whereby detailed three-dimensional (3D)
anatomical and physical models of patients are created. This facilitates the
optimization of beam arrangement, enhances the accuracy of dose calculation,
and improves patient positioning.

Magnetic resonance imaging (MRI) serves to supplement CT by providing

exceptional contrast for soft tissue and offering insight into physiological and
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metabolic processes. Moreover, nuclear medicine imaging techniques, such as
positron emission tomography (PET) and single photon emission computed
tomography (SPECT), provide dynamic insights into physiological and metabolic
processes, including glucose metabo