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Zusammenfassung

Die Strahlentherapie in Anwesenheit intra-fraktioneller Bewegung kann erheblich von
der Echtzeit-Bildgebung mit Magnetresonanztomographie (MRT) profitieren, da diese
eine Uberlegene Weichteilkontrastierung bietet und keine ionisierende Strahlung ver-
wendet. Bewegungsbedingte Bildgebungsfehler wurden jedoch als Hauptursache fur
die gesamte Schleifenlatenz in der MRT-gefuhrten Strahlentherapie (MRgRT) identi-
fiziert. Diese Fehler fihren zu verbleibenden geometrischen Verfolgungsfehlern und
beeintrachtigen somit die Wirksamkeit des aktiven Bewegungsmanagements. In dieser
Dissertation wird die Mdglichkeit untersucht, diese Fehler in der MRgRT durch Deep-
Learning-basierte intra-frame Bewegungskompensation zu reduzieren.

Zunachst wurde ein bewegungsabhéngiges k-Raum-Simulationsverfahren entwick-
elt, um das Verhalten der dynamischen MRT-Bildgebung sowie bewegungsbedingte
Bildfehler zu untersuchen. Darauf aufbauend wurde eine Methodik zur Erstellung
und Erweiterung von intra-frame Bewegungsdatensatzen vorgeschlagen, bei der bewe-
gungsverfalschte Daten mit ihren Echtzeit-Ground-Truth-Pendants kombiniert wurden,
wobei der Schwerpunkt auf schnellen anatomischen Verdnderungen lag. Konkret
wurden auf der Grundlage einer grof3-zu-feinen gitterbasierten Reprasentation pa-
tientenspezifischer Bewegungsdaten digitale 4D-MRT-Phantome zur Modellierung
von Lungenkrebspatienten erzeugt, und ein spezielles intra-frame Bewegungsmod-
ell wurde mittels stlckweiser linearer Approximation zwischen aufeinanderfolgenden
Kontrollpunkten aufgebaut. Zuséatzlich wurde ein Verfahren zur Erzeugung von Abwe-
ichungen von Bewegungsmustern eingefuihrt, um potenzielle Positionen anatomischer
Strukturen umfassend zu erforschen und die Vielfalt intra-frame Bewegungsverlaufen
zu erhdhen.

Zweitens wurde eine Machbarkeitsstudie mit kartesischer Cine-MRT durchgeftihrt,
die zeigte, dass UNet-Modelle intra-frame Bewegungen wirksam kompensieren kon-
nen, indem sie das Bild an der Endposition der Aufnahme aus bewegungsverfalschten
Eingangsdaten schatzen. Quantitativ stieg im Testdatensatz fur die Konturierung des
makroskopischen Tumorvolumens (GTV) der mediane Dice Similarity Coefficient (DSC)
von 89% auf 97%, wahrend der 95. Perzentilwert der Hausdorff-Distanz (HDgs) von
4,1 mm auf 1,4 mm sank. Geometrische Fehler in Zielstrukturen mit ausgepragten
intra-frame Deformationen konnten erfolgreich korrigiert werden und zeigten eine
enge Ubereinstimmung mit dem Ground Truth hinsichtlich Form und Position des
Zielvolumens. Die Saliency Maps wiesen darauf hin, dass sich das Modell bei der
Inferenz hauptséchlich auf die spater erfassten k-Raum-Komponenten konzentrierte



und entsprechend im Ortsraum auf die Rander der sich bewegenden Strukturen an
deren Echtzeit-Endposition.

Drittens wurde eine Machbarkeitsstudie mit radialer Cine-MRT durchgefihrt, in
der "TransSin-UNet" vorgestellt wurde — ein neuartiges Deep-Learning-Framework im
Dual-Domain-Ansatz. Innerhalb des radialen k-Raum-Rekonstruktionsfensters wurden
die weit reichenden raumlich-zeitlichen Abhangigkeiten in der Sinogramm-Darstellung
der Speichen durch ein Transformer-Encoder-Subnetzwerk modelliert, gefolgt von
einem UNet-Subnetzwerk im Ortsraum zur Verfeinerung auf Pixelebene. Das Netzwerk
wurde auf Datensatzen mit unterschiedlichen azimutalen Inkrementen der radialen
Profile trainiert und umfassend evaluiert. Im Vergleich zur konventionellen direk-
ten Bildrekonstruktion erforderte TransSin-UNet nur zusatzliche 4,8 ms pro Bild zur
Kompensation von bewegungsverfalschten Speichen. Es Ubertraf konsistent Architek-
turen, die ausschlie3lich auf Transformer-Encodern oder UNets basierten, in samtlichen
Vergleichsstudien und fuhrte zu einer deutlichen Verbesserung der Bildqualitat und
Zielpositionierungsgenauigkeit. Der normalisierte Root Mean Squared Error (NRMSE)
sank um 50 % vom ursprunglichen Mittelwert von 0,188, wahrend der mittlere DSC
des GTV in den untersuchten Testfallen von 85,1 % auf 96,2 % anstieg. Dartber hinaus
konnten die Ground-Truth-Positionen anatomischer Strukturen mit ausgepragten Defor-
mationen prazise bestimmt werden.

Diese Arbeit stellt einen bedeutenden Fortschritt auf dem Weg zur klinischen
Umsetzung von Strategien zur Reduktion von Tracking-Fehlern in Cine-MRT dar und
unterstltzt ein verbessertes Echtzeit-Bewegungsmanagement in der MRgRT.
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Abstract

Radiotherapy in the presence of intra-fractional motion can significantly benefit from
real-time magnetic resonance imaging (MRI) guidance, owing to its superior soft tissue
contrast and the absence of ionizing radiation. However, motion-related imaging errors
have been identified as the primary contributor to overall loop latency in MR-guided
radiotherapy (MRgRT), leading to residual geometric tracking errors and subsequently
affecting the effectiveness of active motion management. This thesis explores the
feasibility of reducing these errors in MRgRT through deep learning-based intra-frame
motion compensation techniques.

Firstly, a motion-dependent k-space sampling simulation procedure was devel-
oped to investigate dynamic MR imaging behavior and motion-related imaging errors.
Building upon this, a methodology for intra-frame motion dataset creation and augmen-
tation was proposed, pairing the motion-corrupted data with its real-time ground-truth
counterpart, with a primary focus on rapid anatomical changes. Specifically, based
on a coarse-to-fine grid-scale representation of patient-specific motion data, 4D MRI
digital anthropomorphic phantoms were generated to model lung cancer patients,
and a dedicated intra-frame motion model was constructed using a piecewise linear
approximation between consecutive control points. Additionally, a motion pattern
perturbation scheme was introduced to comprehensively explore potential anatomical
structure positions and enhance the diversity of intra-frame motion trajectories.

Secondly, a proof-of-concept study in Cartesian cine-MRI was conducted, demon-
strating that UNet models can effectively compensate for intra-frame motion by esti-
mating the final-position image at the end of frame acquisition from motion-corrupted
input. Quantitatively, in the testing dataset for gross tumor volume (GTV) contouring,
the median Dice similarity coefficient (DSC) increased from 89% to 97%, while the 95th
percentile Hausdorff distance (HDgs5) decreased from 4.1 mm to 1.4 mm. Geometric
errors in targets undergoing considerable intra-frame deformations were successfully
corrected, exhibiting close agreement with the ground truth in terms of both target
shape and position. The saliency maps indicated that the model predominantly focused
on the later-acquired k-space components for inference and, correspondingly in the
spatial domain, the edges of the moving structures at their real-time final positions.

Thirdly, a proof-of-concept study in radial cine-MRI was conducted, proposing
"TransSin-UNet", a novel dual-domain deep learning framework. Within the radial
k-space reconstruction window, the long-distance spatial-temporal dependencies among
the sinogram representation of the spokes were modeled by a transformer encoder sub-
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network, followed by a UNet subnetwork operating in the spatial domain for pixel-level
refinement. The network was trained and extensively evaluated across datasets with
varying azimuthal radial profile increments. TransSin-UNet required only an additional
4.8 ms per frame for compensation compared to conventional direct image recon-
struction using motion-corrupted spokes. It consistently outperformed architectures
relying solely on transformer encoders or UNets across all comparative evaluations,
leading to a noticeable enhancement in image quality and target positioning accuracy.
The normalized root mean squared error (NRMSE) decreased by 50% from the initial
average of 0.188, whereas the mean DSC of GTV increased from 85.1% to 96.2% in
the investigated testing cases. Furthermore, the ground-truth positions of anatomical
structures experiencing substantial deformations were precisely derived.

This work constitutes a substantial advancement toward the clinical implemen-
tation of cine-MR tracking error reduction strategies to support enhanced real-time
motion management in MRgRT.
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Chapter 1

INTRODUCTION AND MOTIVATION

1.1 Radiotherapy

Cancer ranks as the second leading cause of death globally, following cardiovascular
diseases, responsible for approximately 9.6 million deaths, or one in six deaths, in
2018 [1]. It is characterized by the uncontrolled proliferation of tumor cells, caused by
defects in the cellular reproduction cycle, which invades nearby tissues and potentially
spreads to distant places in the body, a process known as metastasis [2].

The current treatment of cancer encompasses both isolated or combined modalities,
with the three main ones being surgery, systemic therapy (such as chemotherapy or
hormonal therapy), and radiation therapy (RT). It is widely reported that around a
guarter of all cancer patients ultimately receive RT, while recommendations aimed
at enhancing overall survival suggest increasing this proportion to fty percent, with
external beam radiation therapy (EBRT) recognized as the best practice care in about
half of all cancer cases. [35]. This thesis will focus exclusively on radiotherapy,
speci cally EBRT, as a non-invasive and non-pharmacological method to target and
eradicate tumor cells.

The primary mechanism through which radiation kills cells is by causing double-
strand breaks in the deoxyribonucleic acid (DNA), which are challenging for the cell
to repair and may result in its inability to replicate. The effectiveness of radiation
therapy relies on the different response of malignant and normal tissues to ionizing
radiation exposure, characterized by the tumor control probability (TCP) and normal
tissue complication probability (NTCP), respectively [6]. The difference between TCP
and NTCP as a function of the delivered dose de nes a therapeutic window [7], as
illustrated in Fig. 1.1, facilitating the prescription of an optimal radiation dose that
maximizes the likelihood of tumor control while minimizing toxicity to surrounding
healthy tissues to acceptable levels [8].
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Figure 1.1: Schematic representation of the therapeutic window. The dose response
curves of TCP and NTCP are modeled using sigmoid functions.

The narrow therapeutic window places stricter demands on the delivery accuracy
of a prescribed dose, as dosimetric uncertainties lead to either reductions in TCP or
increases in NTCP relative to the optimized expected value, both of which worsen the
clinical outcome. Notably, at the steepest portions of the the most critical dose-response
curves, a 5% variation in dose can produce 10-20% changes in TCP and 20-30% changes
in NTCP [9]. For external photon beam radiotherapy, the International Commission
on Radiation Units and Measurements (ICRU) Report 50 recommends a target dose
uniformity within +7% and -5% of the dose delivered to a well-de ned prescription
point within the target [10, 11].

1.2 Motion management and real-time motion
monitoring

Geometric uncertainties translate into dosimetric uncertainties, resulting in potential
underdosage of the target region and/or overdosage in nearby organs at risk (OAR),
making them critical considerations in RT. These uncertainties can stem from var-
ious factors, including treatment machine speci cations and tolerances, simulation
and treatment setup, anatomical alterations between fractions (inter-fractional vari-
ations) [12] and shorter-term patient or organ motion during a treatment session
(intra-fractional motion) [9]. With the advancement of delivery techniques in EBRT,
such as intensity-modulated radiation therapy (IMRT) [13] and volumetric-modulated
arc therapy (VMAT) [14], which are designed to achieve highly conformal dose distri-
butions shaped around the planning target volume (PTV), accurate target and OAR
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localization becomes even more relevant [9].

Image-guided radiation therapy (IGRT) [15] has become a cornerstone of modern
precision radiation oncology, playing a crucial role in reducing geometric uncertainties,
particularly those introduced by patient positioning and inter-/intra-fraction motion.
With the application of advanced in-room imaging, patient setup can be veri ed and
adjusted prior to each fraction to ensure that the target volume aligns correctly with the
treatment-planning position. Moreover, the baseline treatment plan can be re-optimized
to adapt to the daily anatomical-pathological situation in the treatment position, effec-
tively accounting for the inter-fractional changes [16]. Furthermore, advancements in
real-time imaging of moving targets provide a foundation for developing strategies to
manage intra-fractional motion during irradiation [17], such as breathing and heart-
beat, spontaneous motion [18], and baseline drifts [19].

As highlighted in the report of the American Association of Physicists in Medicine
(AAPM) Task Group (TG) 76 [20], intra-fractional motion is an issue of growing sig-
ni cance in the era of IGRT. Certain types of motion, particularly respiratory motion,
can be patient-speci c, dif cult to predict, irregular, and vary over time. Additionally,
the motion variations associated with tumor location and pathology result in distinct
individual patterns in displacement, direction, and motion phase. Their assessment and
accommodation are therefore of critical importance.

In clinical practice, techniques for intra-fractional motion management are gen-
erally classi ed into passive and active approaches [21,22]. Margins are a widely
employed passive approach aiming at ensuring target coverage in the presence of intra-
fractional motion. This can involve de ning an internal target volume (ITV) that encom-
passes the full extent of tumor motion as observed in the treatment-planning stage, or
applying a statistical margin recipe, such as the mid-ventilation approach [23-25]. Nev-
ertheless, these approaches often result in larger irradiated volumes, subjecting close-by
OARs to higher doses [17, 26], and may still fail to provide adequate target coverage,
particularly when tumor drift occurs. By contrast, active real-time motion management
approaches, including gating and tracking, offer enhanced targeting accuracy and
facilitate a safe margin reduction [27 -29]. Gating activates the beam only when the
target moves inside a prede ned boundary [30], while tracking ensures continuous
synchronization between the beam and the moving target [31-33]. When comparing
these active approaches in the context of respiratory motion management, gating during
free-breathing decreases the duty cycle while gating in breath-hold requires patient
compliance. Tracking, on the other hand, is more ef cient but involves greater technical
complexity and is currently limited to specialized commercial platforms [34].

Extensive studies have reported convincing evidence in favor of active motion man-
agement from the perspectives of geometric accuracy, dosimetric precision, and clinical
outcomes [21,27,35-37]. The AAPM TG76 report recommends implementing active
motion management when respiratory motion exceeds an amplitude of 5 mm, if it can
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signi cantly enhance OAR sparing, or when necessary to meet clinical objectives [20].

Real-time motion monitoring is essential for active motion management to trigger
the beam on/off signal during gating or maintain continuous beam-target realignment
in the tracking feedback chain. Additionally, real-time motion monitoring is particularly
crucial for stereotactic body radiotherapy (SBRT) [38], which delivers highly collimated
beams to the lesion at signi cantly higher doses and with much greater precision
than traditional EBRT, necessitating tight margins for OAR sparing [21]. Furthermore,
time-resolved motion monitoring data can be utilized to estimate accurate dose accu-
mulation for each fraction [39, 40], thereby facilitating treatment adaptation if the
tumor coverage is inadequate or OAR constraints are violated [41,42].

The long-term goal of the RT community to 'see what we treat, as we treat'
and adapt treatment in real-time has driven the advancement and widespread im-
plementation of numerous online motion monitoring and mitigation techniques [17].
Infrared-based or optical surface monitoring [43, 44], kilovoltage (kV) or megavoltage
(MV) X-ray imaging [45, 46], magnetic resonance imaging (MRI) [32,47], etc., have
been extensively integrated into treatment delivery devices, such as linear accelerators
(linac), and are now routinely utilized in clinical practice. For a more comprehensive
review and comparison of the current real-time intra-fractional motion monitoring
techniques in EBRT, please refer to [17].

1.3 MRgRT

Cone beam computed tomography (CBCT) is a widely used imaging modality, which has
increasingly become the standard method for IGRT in recent years [48,49]. Nonetheless,
CBCT presents several inherent shortcomings. First, the poor soft tissue contrast [50]
makes it challenging to distinguish tumors from surrounding tissues. Second, CBCT
produces suboptimal image quality. The area detector captures scattered radiation from
all directions, with nonlinear attenuation further contributing to image degradation and
increased noise [51]. Third, while CBCT generally delivers lower radiation doses than
conventional CT, the additional imaging dose [52] to radiosensitive organs remains
a consideration, potentially leading to side effects. This is particularly concerning
for real-time intra-fractional motion monitoring. Fourth, CBCT can signi cantly un-
derestimate target motion ranges, raising concerns about its suitability for motion
management [16, 53].

In light of these limitations, MRI, with its high soft tissue contrast, absence of
ionizing radiation, functional imaging capabilities, and versatile modalities, emerges
as an ideal alternative for implementing IGRT. MR-guided radiotherapy (MRgRT) is
widely regarded as a game changer for numerous tumor sites [54], marking a new era
of precision treatment. The superior soft tissue contrast of MRI signi cantly enhances
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delineation precision during treatment planning and holds great potential for improving
localization accuracy of moving targets during beam delivery. The dose-free nature
of MRI allows for frequent veri cation of treatment adaptation strategies and con-
tinuous, long-term monitoring of intra-fractional anatomical variations. Additionally,
functional quantitative MRI techniques [55], such as dynamic contrast-enhanced (DCE)
and diffusion-weighted (DW) MRI [56], integrated into multi-parametric analyses,
have the potential to enhance the entire RT work ow [57]. These contributions span
diagnosis [58,59], contouring [60], dose optimization [61], treatment monitoring [62],
and response assessment [63], thereby advancing treatment personalization [64].
Over the past decade, substantial research and commercial efforts have been
dedicated to integrating onboard MR scanners with treatment units [30,65-69]. Ta-
ble 1.1 summarizes the existing MRgRT approaches employing linear accelerators
(MR-Linac systems), which feature varying con gurations regarding magnetic eld
strength, radiation source and energy, as well as the orientation of the static magnetic
eld relative to the radiation beam [70]. Among these, the ViewRay MRIdian [71],
Elekta Unity [72], and Aurora-RT [73] are currently available for commercial use. The
world's inaugural MRgRT treatment was carried out with the Cobalt-60-based MRIdian
system in 2014 [74], followed by the rst MRI-Linac patient treatment utilizing Unity
in 2017 [75].

Table 1.1: Con gurations of representative MR-Linac systems. The data were compiled
from seminal publications in the eld.

System Company/Institute* Radiation source Field orientation Field strength
MRIdian ViewRay 60Co/6 MV perpendicular 035T
Unity Elekta 7 MV perpendicular 15T
g_llj_rora- MagnetTx 4/6 MV parallel 056 T
Australia Ingham* 6 MV parallel/perpendicular 10T

Real-time monitoring of tumor and OAR motion in today's clinical MR-Linac sys-
tems is achieved through online 2D+t cine-MR imaging. During irradiation, cine-MR
frames are continuously acquired with rapid imaging sequences, such as balanced
Steady State Free Precession (bSSFP) [76] and spoiled gradient echo [77], at frame
rates of a few Hz. In the clinical setup of the ViewRay MRIdian MR-Linac system, the
bSSFP sequence employing a Cartesiakrspace readout trajectory achieves a temporal
resolution of 4 Hz, while a radial k-space readout variant provides an enhanced tempo-
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ral resolution of 8 frames per second (FPS).

A 4D-CT scan of the moving anatomy is typically acquired to evaluate the extent
of respiratory-induced motion, forming a key component of conventional radiother-
apy treatment planning for the thoracic and abdominal regions, such as lung tumors.
However, due to challenges like the inherent trade-off between spatial and temporal
resolution, 4D-MRI—including the respiratory-correlated 4D-MRI (rc-4D-MRI) and
real-time 4D-MRI (rt-4D-MRI)—is not yet offered by MR-Linac vendors [54]. Despite
this, interest in both approaches has grown steadily in recent years due to their potential
applications in MRgRT [78, 79]. Speci cally, rc-4D-MRI holds promise for improving
treatment planning, whereas rt-4D-MRI could enhance real-time target and OAR lo-
calization during beam delivery, particularly when signi cant out-of-plane motion is
present in 2D+t cine-MRI [16].

The vendor's cine-MRI data are highly effective in facilitating active intra-fractional
motion management, with clinical studies already published [32,80-84]. Gating treat-
ment for mobile targets has become a routine practice in clinical applications on the
ViewRay MRIdian MR-Linac. A gating boundary is de ned prior to treatment as an
expansion of the target contour. During irradiation, the system employs an optical
ow deformable image registration (DIR) algorithm [85] to deform the target contour
from the reference image to each cine-MR frame, enabling real-time localization of
the target position. The relative overlap between the real-time target contour and
the gating boundary is then evaluated, referred to as the target out percentage, and
compared to a prede ned threshold, typically set between 5% and 10%. Beam delivery
occurs only when the target out percentage remains below the threshold (classi ed as
target in); otherwise, the beam is automatically paused. The Elekta Unity MR-Linac
facilitates multi-leaf collimator (MLC)-tracking for moving targets. The system reshapes
and repositions the radiation beam using a 160-leaf MLC with optically encoded leaf
positions. While the treatment head remains stationary, the MLC leaves move along the
International Electrotechnical Commission (IEC) x-direction, dynamically adapting in
real-time to ensure the radiation beam continuously follows the time-dependent tumor
position [32].

MR-Linacs enable beam delivery with greater conformality compared to conven-
tional IGRT, and the research community has demonstrated a rapidly increasing interest
in the role of MRI in radiotherapy as well as its applications in motion management.
For a detailed review of MRgRT, including its current status and future roadmap, please
refer to [16, 79].
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1.4 Latency and motion-related imaging errors in
MRgRT

1.4.1 Characterization and impacts

Despite the aforementioned advantages of MRgRT, its status as a relatively new technol-
ogy indicates ongoing potential for optimization. Given the sensitivity of TCP and NTCP
to the prescribed dose, achieving higher precision in dose delivery remains essential.
Consequently, the gating and tracking performance of MR-Linacs has become a primary
focus.

Latency serves as a key indicator for evaluating the accuracy of beam gating and
MLC tracking. Gating latency refers to the delay between the target's status change and
the corresponding beam resumption or cessation. It is typically divided into beam-on
latency, the delay between the target entering the gating window and the initiation of
treatment, and, more importantly, beam-off latency, the delay between the target exiting
the window and the beam being switched off. Kim et al. [80] measured the latency
for the ViewRay MRIdian MR-Linac, reporting a largest measured beam-off latency of
302 20 ms with 8-FPS cine MRI, with average values ranging from 128-243 ms for 4
Hz Cartesian acquisition and 47—-302 ms for 8 Hz radial acquisition. The end-to-end
MLC-tracking latency can be de ned as the delay between a moving target reaching
a speci c position and the center of the MLC leaves following that target arriving at
the same position. Glitzner et al. [32] conducted a technical study on the Elekta Unity
MR-Linac and reported MLC-tracking latencies of 347.45 ms at 4 Hz imaging and 204
ms at 8 Hz. Liu et al. [33] from the Australian MR-Linac project measured a time delay
of 328 44 ms in the MLC beam-repositioning response. These latencies lead to gating
and tracking errors, which are especially critical when rapid target motion occurs due
to respiration or cardiac activity. As they represent a root cause of dose coverage loss,
such latencies should be minimized as much as possible [32, 86, 87].

The sources of overall loop latency in the gating or tracking work ow with an
MR-Linac can generally be categorized according to the stages of the process: imag-
ing latency, image processing (e.g., contouring or target tracking algorithms), and
machine control (e.g., MLC leaf repositioning and beam triggering latency). Imaging
latency is de ned as the delay between the occurrence of a physical change and its
representation in the reconstructed image [88]. This latency can be further broken
down into components associated with data acquisition, as well as the time required for
non-zero data transfer and reconstruction. According to the above-mentioned latency
experiments reported in the literature, MR imaging latency has been identi ed as the
largest contributor to the total end-to-end latency in real-time MRI-based adaptive
radiotherapy. Liu et al. [33] measured it as 194 43 ms, with 69 42ms attributed to
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reconstruction and data transfer, and 125 5 ms due to acquisition; Glitzner et al. [32]
concluded that MLC delays are negligible, as the latency and geometric tracking errors
induced by MR imaging exceed the MLC-related errors by several factors. They further
con rmed that optimizing the MRI acquisition process offers the greatest potential
for advancing real-time motion management in MRgRT. Additionally, with continued
advancements in reconstruction algorithms and computing capabilities, the relative
impact of data transfer and reconstruction—already minor contributors—can be further
diminished. Although techniques such as partial Fourier and undersampling have been
adopted to accelerate image acquisition [89], the latency contribution from this stage,
being the largest component, remains a central concern.

Imaging latency associated with the acquisition process can be viewed as a mani-
festation of motion-related imaging errors. Unlike static imaging, real-time MR imaging
employed for motion monitoring (cine-MRI in contemporary MR-Linacs) captures dy-
namic anatomical structures. Given that the acquisition time for a single cine-MR frame
is comparable to the timescale of physiological motion, the nally acquired k-space
incorporates signals of the target at varying positions. This manifests in the image
domain as motion-induced errors, which differ in origin from static imaging errors,
such as blurring from limited spatial resolution or artifacts due to undersampling.

Motion-related imaging errors in cine-MR frames can be approached from two
perspectives: image blurring and target positioning errors. The extent of motion-
induced image blurring or artifacts is generally discernible and can be readily assessed
by domain experts. In contrast, inaccuracies in target positioning re ect a lack of
real-time responsiveness in the imaging process, indicating that the apparent position
or geometry of the object derived from the image lags behind its actual position or
geometry at the end of acquisition, irrespective of image reconstruction. These errors
correspond to the contribution of imaging latency related to the acquisition process.
Compared to image blur, target positioning errors are more dif cult to perceive or
detect, making them prone to being overlooked [90]. Previous motion correction
techniques for conventional MR systems [9194] have primarily focused on mitigating
image blur for diagnostic purposes. However, target positioning errors are particularly
relevant in the context of MR-guidance for active motion management, where accurate
and up-to-date localization of organ position and geometry is crucial.

Hereinafter, the physical motion of objects occurring within a single cine-MR frame
acquisition is referred to as intra-frame motion in this work. Organ motion due to
respiration has been extensively measured [20]. Published results indicate that fast
anatomical variations within a single breathing cycle can be expected, particularly in a
deep breathing mode, where diaphragm motion amplitudes of up to 101 mm along the
superior-inferior (Sl) direction have been observed [95]. Additionally, cardiac activity
has been found to substantially contribute to rapid positional changes of lung tumors,
mediastinal lymph nodes, or liver tumors [96 —98]. Observations on lung tumor motion
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showed that the speed can reach up to726 225 mm/s [99]. Given the relatively
long time span of the acquired k-space data points, effective intra-frame motion can be
involved, leading to appreciable motion-related imaging errors. Moreover, to achieve
potential heart dose reduction [100], real-time motion monitoring of the heart is re-
quired, imposing higher demands on dynamic imaging performance owing to the rapid
anatomical deformation induced by cardiac activity.

1.4.2 Current solutions and mitigation strategies

To account for system latencies, motion prediction techniques [101103] have been
developed to forecast future organ positions based on previously observed motion
states, with particular focus on respiratory motion. However, as stated in the AAPM
TG76 report, "There are no general patterns of respiratory behavior that can be as-
sumed for a particular patient prior to observation and treatment” [20]. The individual
characteristics and natural variability of respiration present intrinsic challenges for
motion prediction, especially in accurately capturing the turning points of the motion
amplitude curve. Additionally, recent studies have demonstrated that predicting 2D
geometries, such as tumor contours, is more challenging than predicting the 1D position
of tumor centroids [104]. As a result, mitigating residual geometric tracking errors in
imaging of large deformable targets remains a critical challenge.

Borman et al. [88] aimed to mitigate imaging latency associated with the acqui-
sition process by altering the phase-encoding order in Cartesian readouts. However,
the proposed effectivehigh-low ordering scheme can introduce more signi cant eddy
current artifacts, necessitating additional compensation strategies. Moreover, inhigh-
low orderings, larger discrepancies in the higher frequency components (HFC) between
the obtained motion-corrupted image and the ground-truth nal-position image can
arise, as these components are acquired earlier. This may still pose challenges to image
quality, since HFCs carry valuable semantic information that can be leveraged by certain
algorithms for contouring [105-107].

Radial trajectories are robust to a certain level of azimuthal undersampling, en-
abling sliding window reconstruction at nearly arbitrary frame rates. However, motion-
related imaging errors are independent of the frame rate and instead correlate with
the temporal span of spokes within the reconstruction window. Highly undersampled
image reconstruction [108, 109] is a common technique for reducing imaging errors
in radial cine-MR, involving image restoration through approaches such as arti cial
intelligence (Al) algorithms under the constraint of a narrower reconstruction window.
However, this technique is limited to a certain acceleration factor, as higher factors
demand more semantic reasoning about the input [110]. Borman et al. [88] applied
a spatial-temporal (k-t) Iter in golden-angle sequences, retrospectively downscaling
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the lower-frequency components (LFC) of previously acquired spokes while preserving
HFCs. This approach reduced the imaging latency by approximately 50%, demonstrat-
ing room for further optimization.

1.5 Speci c aims and thesis outline

Object motion-induced deterioration of image quality in radiography have been thor-
oughly studied and mathematically characterized using impulse responses, which are
subsequently represented by the modulation transfer function (MTF) formalism to
combine both spatial and temporal degradation of the imaging system [111,112]. For
example, uniform motion at a given velocity smears a point into a line, resulting in
a box-function impulse response, in which case the system's spatial MTF needs to be
multiplied by a sinc function. However, MR imaging is essentially different, as the
raw signal is acquired in the Fourier domain. Therefore, dedicated efforts are required
to address this dynamic imaging behavior and to mitigate residual tracking errors
of MR-guidance, particularly in cases of fast breathing or for anatomical structures
affected by the heartbeat.

The primary aim of this thesis is to investigate motion-related errors in real-time
MR imaging and explore the feasibility of reducing these errors through deep learning-
based intra-frame motion compensation techniques. Unlike previous motion correction
methods, which primarily aim to restore motion-blurred images, the proposed com-
pensation techniques also focus on addressing target positioning errors to enhance the
real-time responsiveness of MRI. In contrast to motion prediction methods, the compen-
sation approach aims to directly extract and derive the implicit real-time position from
the given input, rather than forecasting based on prior knowledge. For radial sampling,
as opposed to high-undersampling techniques, the compensation methods are expected
to retain an adequate reconstruction window width, thereby preserving more semantic
information for high image delity, based on the hypothesis that earlier-acquired spokes
still contribute to the estimation. In line with these objectives, this thesis is structured
as follows:

Chapter 2 provides the basic physical and technical background of MRI, linear
accelerators, and the MR-Linac system, offering a general understanding of MR imaging
principles and MRgRT.

Chapter 3 presents the development and validation of a simulation framework for
motion-dependent MRI sampling, designed to support a fundamental understanding of
motion-related imaging errors. The simulation reveals that frequency-domain informa-
tion corresponding to each temporal position is spatially and temporally encoded within
the k-space of motion-corrupted images. Based on this insight, an inverse problem is

10
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formulated to recover the real-time nal-position image, corresponding to the end of
the frame acquisition, directly from the motion-corrupted data.

Over recent years, deep-learning algorithms have played an increasingly important
role in MRI or MRgRT across various applications, including motion correction [93, 94],
image segmentation [113, 114], synthetic CT generation [115] and online treatment
planning [116]. Numerous studies have highlighted the transformative potential of
deep learning in these areas [117]. By learning a mapping function from the input space
to the output space, neural networks emerge as a prominent solution for addressing
the inverse problem central to this thesis.

A key determinant of the network's success lies in the creation of a suitable training
dataset. Accordingly, Chapter 3 details the methodology for generating intra-frame
motion datasets based on digital phantoms, with the simulation procedure serving as
a generator for labeled training pairs. The process involves the development of 4D
MRI digital anthropomorphic phantoms, followed by the introduction of an intra-frame
motion model and a motion pattern perturbation scheme.

Given the distinct characteristics of Cartesian and radialk-space readout trajec-
tories, each sampling pattern requires a network architecture uniquely designed to
accommodate its speci ¢ needs. Chapter 4 and Chapter 5 conduct a proof-of-concept
study on reducing imaging errors through the implementation of deep learning-based
intra-frame motion compensation techniques, with a focus on Cartesian and radial
cine-MRI, respectively.

Chapter 4 begins by discussing the rationale for selecting a UNet architecture
tailored to Cartesian sampling. The network's performance is subsequently evaluated
on both fully sampled and undersampled Cartesian datasets. Furthermore, to enhance
interpretability, saliency maps are analyzed in both the image and Fourier domains,
highlighting the regions in the motion-corrupted image or k-space that contribute most
signi cantly to the model's inference.

In Chapter 5, a novel intra-frame motion compensation network, TransSin-UNet, is
introduced to address the challenges of radialk-space sampling without compromising
the reconstruction window width. The network operates in both the projection and
spatial domains, where long-range spatial-temporal dependencies among the sinogram
representations of the radial spokes are modeled by a transformer encoder subnetwork,
followed by a UNet subnetwork for pixel-level ne-tuning in the spatial domain. The
network is then trained and extensively evaluated across datasets characterized by
varying azimuthal radial pro le increments.

The thesis is concluded by Chapter 6, where the main research ndings are sum-
marized, and future research perspectives are outlined.

11






Chapter 2

PHYSICAL AND TECHNICAL
BACKGROUND

2.1 Nuclear magnetic resonance

2.1.1 Spin angular momentum and magnetic moment

MRI is based on nuclear magnetic resonance (NMR). The magnetism of the nucleus
originates from its magnetic moment, which in turn arises from the spin angular
momentum of the nucleus.

Spin is the quantum mechanical property of elementary and composite particles
that is associated with their intrinsic angular momentum. The total nuclear angular
momentum J is quantized and can be written as:

3= (I +1) (2.1)

where ~ is the reduced Planck constant, given by~ = h=2 ;| refers to the spin quantum
number, | = n=2, where n can be any non-negative integer. When the atomic mass
number A is odd, | takes half-integer values. For example, for'H (proton), *3C, *N,
F etc.,| = 1=2; for ’Li, °Be, *Na, etc.,| = 3=2. When the mass numberA is even
and the atomic number Z is odd, | takes integer values. For example, forPH, N, | = 1.
When both the mass number and atomic number are even) =0, as seen in*He, 12C,
which do not have spin angular momentum.

The magnetic moment is directly related to the spin angular momentum vector as
follows:

= J (2.2)

The proportionality constant in Eq. 2.2 is called the gyromagnetic ratio and depends
on the particle or nucleus. For the proton, its value is found to be:

=2:675 1CPrad=s=T (2.3)
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While MRI can theoretically be performed with all nuclei with a non-zero spin,
proton NMR is mainly exploited in clinical routine, due to the high concentration of
hydrogen atoms in the human body (88 mol/L) [118], as well as the relatively large
gyromagnetic ratio, which provides a higher detectable signal.

2.1.2 Macroscopic magnetization

In the absence of an external magnetic eld, spin orientations are randomly distributed.
However, when placed in a strong external magnetic eld By, oriented along the z-
direction, the spin experiences a torque. Constrained by the laws of quantum mechanics,
the magnetic moment cannot align exactly with the B, direction, but instead maintains
a speci c angle, subjecting it to a constant torque. This torque induces the magnetic
moment to precess counter-clockwise around the main eld By with a constant angular
frequency, known as the Larmor frequency! o, computed as:

o= By (24)

The angular momentum component along the z-axis, J,, is quantized:
J,=~l,=~m; m= 1|, |+1;:;1 1l (2.5)

Here, m is the magnetic quantum number, which can take on2l + 1 possible values,
corresponding to 21 + 1 magnetic energy levelsE,,:

E., = Bo = ,Bo = ~l,Bg = ~mBg (26)

This phenomenon is known as the Zeeman effect. Consequently, for a proton with
| = 1=2, there are only two possible states, de ned bym = 1=2. The lower-energy
state is almost aligned with the main eld, referred to as spin-up or parallel. The other
higher-energy state, known as spin-down or anti-parallel, is aligned almost opposite to
the external eld. The energy difference between these two states is calculated as:

E= ~B (2.7)

In thermal equilibrium, the number of particles P, in each state follows the
Boltzmann distribution:
Pm/ exp( En=kT) (2.8)

where k is the Boltzmann constant, k = 1:380649 10 2J/K; and T is the thermody-
namic temperature. Therefore, the net magnetization Mg in a given volume V sample
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containing N nuclear spins is given by:

N N Mo W
Mo= —h,i= — ~T5 Mo]=JT 'm 3 (2.9)
Y, Y; P 5 om-
eXP it

m= |

where h ,i is the expectation value of z-component of the magnetic moment. Since
~Bo kT at body temperature and clinical eld strengths, it is appropriate to
perform a Taylor series expansion of the Boltzmann exponential function and apply
P P
the rst-order approximation. Note that m =0, m2=1(l +1)(21 +1)=3 and

m= | m= |

P
1 =2l +1. Substituting these expressions, Eqg. 2.9 can thus be simpli ed as:

m= |

N 2=21(1 +1)
Moo= ————=B 2.10
°T VvV xT ° (2.10)
It can be found that the lower-energy state is slightly favored, causing the direction of
the net magnetization to align exactly in parallel with the main eld By.
For the proton, replacing N=V with the proton density , the net magnetization

Mg becomes:
= —2 “Bo 2.11
Mo = .
0 4KT ( )

2.1.3 Resonance transition

To measure a signal, a radio frequency (RF) pulse is applied to induce transitions
between the two states, tipping M, to have a component in the x-y transverse plane.
For a transition to occur, the RF energy must match the difference between the two
energy states, E = ~! 4. Therefore, the oscillation frequency of the RF pulse should
satisfy the resonance excitation condition, which means it must be equal to the Larmor
frequency, ! . For an MR-Linac with a magnetic eld strength of 0.35 T, the resonance

frequency, f = ! (=2 = 14:90 MHz, while for Bo = 1.5 T, f = 63:87 MHz. These
frequencies fall within the radio wave range and are far lower than the frequencies of

ionizing radiation.

The RF pulse is produced either linearly or circularly polarized and creates a xed

magnetic eld B; along the x-axis in the ! ,; rotating frame, where ! ,,; denotes the
frame's rotation frequency. The temporal evolution of the magnetization M in the
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rotating frame is given by:

dMm I ot
—_ = M B
dt 0

rot

&+B.& = M B.& (2.12)

provided by ! o« = ! o. In this rotating frame, the magnetization M rotates about the
x-axis until the RF pulse is switched off; in the xed laboratory frame, this corresponds
to a spiraling motion away from the z-axis.

The ip angle , achieved at the end of the RF pulse with a durationt,, is given by:

= B 1tp (213)

When =90 , the RF pulse is referred to as &0 -pulse, which rotates the magnetiza-
tion into the transverse plane.

After the RF pulse application, the magnetization vectorM precesses around the
z-axis with the Larmor frequency ! o, with a longitudinal component M, = M cos and
a transverse componentM,, = Msin . The transverse component induces a voltage in
the receiver coil. The signal amplitude decays exponentially to zero within only a few
milliseconds as the protons rapidly dephase with respect to each other. This signal is
known as the free induction decay (FID) signal (Section 2.3).

2.2 Relaxation

For MR imaging, it is essential to differentiate tissues, ensuring that identical tissues
produce the same signal values, while distinct tissues yield different values. This can
be achieved by exploiting tissue-speci ¢ parameters, including the proton density , as
well as the longitudinal and transverse relaxation times, T; and T,.

Having excited the protons, the magnetization begins to relax back to the equi-
librium position as soon as the RF pulse is switched off. The temporal evolution of
the magnetization during excitation and relaxation can be described by the Bloch
equations:

dM 0 M,B, MZBy1
o M B= @wm,B, M,B,A (2.14)
MBy, M,B

X

y y
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Therefore, during relaxation, the variations of longitudinal and transverse components

can be written as:
sz(t) — MO Mz(t)

dt Ty

2.15
dMy (1) _ My (D) (2.19)
dt T,
The solution to Eqg. 2.15 in the rotating frame is:
t
M.(t)= Mo (Mo M,(0)) exp T
! (2.16)

t
Myy (t) = My (0) exp T_2

M,y and M, correspond to different relaxation features. The recovery of the
magnetization along the z-axis is referred to as spin-lattice relaxation, or T, recovery,
which results from the interaction of protons with the surrounding environment (the
lattice). In this process, the spin system loses excess energy from the RF pulse and
returns to the thermal equilibrium state. Let t = T, and M,(0) = 0 in the rst
equation of Eg. 2.16, it can be found that T, is the time required for the longitudinal
magnetization component to recover from 0 to 63% of its equilibrium value.

The exponential decay of magnetization in the transverse plane is referred to as
spin-spin relaxation, or T, decay, and arises from the dephasing of spins after the RF
pulse. This dephasing occurs due to slight variations in the precession frequencies of
spins, which are induced by random interactions between spins that generate internal
eld inhomogeneity. When two protons are in close proximity, the magnetic moment
of one proton either enhances or diminishes the local magnetic eld experienced by
the other. There is no net energy loss of the spin system in this process. Ldét=T , in
the second equation of Eq. 2.16, it can be found that T, is the time required for the
transverse magnetization component to decay to 37% of its initial value. In human
tissues, T is always shorter than T;.

In practical MR imaging, the transverse magnetization decays at a rate ofl=T,,
which is signi cantly faster than 1=T,. In addition to internal eld inhomogeneities,
external eld inhomogeneities also contribute to dephasing. This effect is characterized
by a distinct relaxation time T9. Unlike T, decay, T decay can be recovered by creating
an echo. The overall transverse relaxation time, T, is expressed in terms ofT, and T3:

1 1 1

= — 4+ — 2.17
T, T, T9 ( )
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and My (t) in Eq. 2.15 becomes:

t
2
The proton density and relaxation times can lead to variations in the transverse

magnetization across different tissues, even when their elemental composition is similar,
which explains the high soft tissue contrast of MRI.

2.3 Free induction decay and echo creation

Corresponding to the representation in the rotating frame described by Eq. 2.18, the
transverse magnetization in the xed laboratory frame can be expressed in complex
form as:

M (1) = My (0) exp jl ot (2.19)
2
which generates a measurable time-dependent FID signalS(t), in the receiver coil:
z
S(t)= Myy(r;t) d’r (2.20)

wherer = (x;y;z) represents the position vector in three-dimensional space. The signal
exhibits a damped oscillatory behavior, characterized by the Larmor frequency! o and
an exponentially decreasing amplitude.

As mentioned earlier, spin-spin relaxation caused by external eld inhomogeneities,
described by T9Y, is a reversible mechanism that can be compensated by generating an
echo. In MR imaging, there are two types of echoes: spin echo (SE) and gradient echo
(GE).

For SE, after the excitation RF pulse, al80 -pulse is applied at time Tg =2, causing
the spins to rotate 180 about the x-axis and ip to the mirror position. After an
additional Tg =2, the transverse components of the spins rephase again, which reverses
the T9 decay process. At this moment, the resulting echo peak is :

Te
Mse = My (0) exp = (2.21)
After reaching its peak, the echo undergoes further decay according tar ,, similar to
the FID signal, as expressed by:

Te t Te

M echo(t) = M Xy (0) exp T_2 EXp T
2

(2.22)
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In GE, a magnetic gradient eld is applied immediately after the excitation RF
pulse, superimposed on the main eld. This introduces spatial variations in the Larmor
frequency, causing the transverse magnetization to dephase more rapidly than the FID
signal. After a de ned period, this dephasing is counteracted by applying an inverted
gradient eld of equal strength but opposite polarity. At echo time Tg, the spins rephase,
forming a gradient echo, with the echo peak given by:

T
Mge = My (0) exp T—E (2.23)
2
The MR imaging sequences (Section 2.6) commonly employed in clinical practice
are derived from the basic SE and GE pulse sequences.

2.4 Spatial Encoding

This section uses 2D Cartesiark-space sampling (Section 2.5), the most common and
conventional MRI signal acquisition method, as an example to introduce the principles
of MRI spatial encoding.

For MR imaging, it is essential to represent magnetization using gray-scale values as
a function of spatial coordinates, i.e., My (X;y; z). The signal in Eq. 2.20 corresponds to
the integral of transverse magnetization over all excited regions within the volume. To
obtain the spatial distribution of M,, and reconstruct an MR image, spatial encoding is
implemented by applying magnetic gradient elds that are superimposed onto the main
magnetic eld By. These gradient elds are oriented parallel to By and vary linearly in
strength along the x-, y-, and z-axis, with slopes of Gy, Gy, and G, respectively. Each
gradient enables a distinct form of spatial encoding: slice selection, phase encoding and
frequency encoding. All spatial encoding relies on the fact that the Larmor frequency is
proportional to the magnetic eld strength (see Eq. 2.4).

2.4.1 Slice selection

The slice-selective gradient, such a$5,, con nes the excited region to a slice of nite
thickness. In the presence ofG,, the Larmor frequency! at position z is:

| = (Bo+ G, 2) (2.24)

When an RF pulse with a bandwidth BW is applied during the presence ofG,, a speci c
slice is excited with a thickness z, given by:

z= —_ % (2.25)
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The location of the excited slice can be controlled by adjusting the center frequency of
the RF pulse or modifying the amplitude offset of G,.

2.4.2 Phase and frequency encoding

After the slice selection, the transverse magnetization at each location in thex-y
plane is obtained by repeatedly modulating the integrated signal, introducing spatially
varying phases to the spins across different positions. This approach is inspired by the
two-dimensional discrete Fourier transform (DFT):

W1 2 2
S(Kkyx; ky) = My (X;y) exp | N—kxx + N—kyy (2.26)
x=0 y=0 X y

where ky and ky are the spatial frequencies along thex and y directions, respectively;
and ﬁ—kxx and ,f,—kyy correspond to the phase shifts, which can be further expressed
X y
as:
2

N—kax ="' y(X)= Gyx ty

> (2.27)
N_kyy ="y(y)= Gyy ty
y

Thus, the variablesk, and kycan be manipulated either by xing Gy or G, and varying
the respective gradient durations t, or ty, or by keeping t, or t, constant while
varying G or Gy. The speci ¢ con guration depends on the assignment of the frequency
and phase encoding directions to the respective axes.

Assume a con guration where frequency encoding is applied along the x-axis
and phase encoding along they-axis. Accordingly, along the y-axis, phase encoding
is performed by activating the gradient eld G, for a duration of t,. During this
period, spins at different y-positions precess at slightly different Larmor frequencies.
Once the gradient eld is switched off, the transverse magnetization vectors at different
y-positions return to the same frequency value but have accumulated distinct phase
shifts ' y. Along the x-axis, frequency encoding is performed by activating the gradient
eld Gy during the signal readout for a duration of t,. Spins at different x-positions
precess at slightly different Larmor frequencies, resulting in transverse magnetization
vectors with position-dependent phase shifts' .

To reconstruct an MRI image, signals corresponding to differentk, and k, values
must be acquired. In this encoding con guration, multiple k values can be sampled
within a single signal readout evolution by adjusting the sampling time to obtain
distinct t, values. In contrast, different k, values are controlled by varying Gy, which
requires multiple signal readout iterations. Each iteration employs a unique G, to
sample a speci c ky value. Consequently, the temporal scale associated with thek,
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axis is negligible compared to that of ky. Given a repetition time Tg, which de nes the
duration of each signal readout iteration, the total MRI slice acquisition time Ty is
determined by the number of pixels N, along the phase encoding direction:

2.5 k-space

The k-space matrix is the repository for discretized spatial frequency signals acquired
during the evolution and decay of the echo, which is equivalent to the Fourier space of
spatial frequencies. After shifting the direct current (DC) component to the center, the
frequency axes become symmetric about the center ok-space, spanning from Kpax t0
+ kmax .

The strength and direction of the magnetic eld gradient can be rapidly modulated
over time, allowing for different possible trajectories to acquire the k-space, such as
Cartesian, spiral, and radial. Fig. 2.1 illustrates the Cartesian and radial sampling pat-
terns, which are commonly used in conventional 2D cine-MRI. In a Cartesian trajectory,
sampling points are arranged in a uniform grid along the Cartesian coordinate system,
with each readout iteration lling a horizontal line of k-space, corresponding to one
phase encoding step. In contrast, radial sampling distributes points along radial pro les,
known as spokes, that pass through the center ok-space. Upon completion of the
current readout iteration, the gradient eld shifts the acquisition to the next Cartesian
line or radial spoke. Compared to Cartesian trajectories, radial sampling is less sensitive
to motion artifacts and offers greater robustness against a certain level of azimuthal
undersampling, thereby enhancing temporal resolution. Additionally, it enables sliding
window reconstruction at a nearly arbitrary frame rate. These properties make the ra-
dial readout trajectory a preferred choice for imaging dynamic physiological processes,
but it requires relatively more complex reconstruction techniques (see Section 2.7.1).

Since the spatial and frequency domains are related by the Fourier transform (see
Eq. 2.26), each data point of k-space represents the signal amplitude contributed by all
MR image voxels corresponding to that speci ¢ spatial frequency components. Fig. 2.2
illustrates an 11 11 matrix that visualizes the image patterns associated with signals
at different k-space spatial frequency coordinates ky; ky), where the real part of the
signal values is considered. It is evident that as the location moves from the center to
the periphery of k-space, the number of line pairs per unit distance increases along the
k«- and ky-axes.
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Figure 2.1: lllustration of (a) Cartesian and (b) radial k-space sampling trajectories.
Each line corresponds to a signal readout evolution, where dots indicate acquired
samples and arrows denote the sampling direction. In the Cartesian trajectory, each
readout iteration lls a horizontal line of k-space, whereas in the radial trajectory, it
lls a radial pro le passing through the center, known as a spoke. Upon completion of
the current iteration, the gradient shifts the trajectory to the next line.

Figure 2.2: Image patterns (real part) associated with signals at different k-space
spatial-frequency coordinates. From the center to the periphery, the number of line
pairs per unit distance increases along thek,- and k,-axes.
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2.6 Imaging sequences

An MR imaging sequence is a prescribed arrangement of RF excitation pulses and
magnetic eld gradient applications, designed to achieve spatial encoding and signal
readout for producing images with speci ¢ characteristics.

Fig. 2.3 presents a schematic of imaging sequences for 2D Cartesian and radial
acquisitions. During the application of the RF pulse, the slice selection gradientGss
is activated, followed by a free precession period. For a Cartesian acquisition, during
this period, a ky-value is encoded by the phase-encoding gradienGpe. The transverse
magnetization is dephased and rephased by the read-out gradienGgo with opposite
polarities, leading to the formation of a gradient echo after the echo time Tg. In
contrast, for a radial acquisition, gradient elds along the x andy directions, G4 and
Gy, are applied simultaneously, following:

Gy = Ggro cCOS

, (2.29)
Gy = Gro sin

where represents the angle between the current radial spoke and thex-axis. The
magnetization is dephased by a spoiler gradient before the pulse sequence is repeated
after the repetition time Tr. In the Cartesian acquisition, this repetition occurs with

a different Gpg for the next phase-encoding step, while in the radial acquisition, it
proceeds with a different value for the next spoke sampling.

Figure 2.3: lllustrative representation of imaging sequences. (a) Gradient echo se-
guence for Cartesian acquisition. (b) Imaging sequence for radial acquisition. RF: radio
frequency pulse. SS: slice selection. PE: phase-encoding. RO: read-out (frequency-
encoding). TE: echo time. TR: repetition time.
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The strength of the MRI signal depends on both sequence-speci ¢ parameters, such
asTg, Tg, the ipangle ,the RF bandwidth, the gradient strengths, the inversion time
T, (used in inversion recovery sequences [119]), as well as tissue-speci ¢ parameters,
including the proton density and T, and T, relaxation times. By designing the imaging
sequence and varying sequence-speci ¢ parameters, differenk-space sampling schemes
and multiple MRI modalities with distinct tissue contrast can be achieved, enabling
a range of clinical applications, such as the acquisition of T-weighted, T,-weighted,
or proton density weighted images, or the suppression of signals from speci c tissues
using additional preparation pulses.

2.7 Image reconstruction and acceleration techniques

2.7.1 Image reconstruction

An MR image re ects the distribution of transverse magnetization M,, and as indicated
by Eg. 2.26, image reconstruction for Cartesian sampling patterns can be performed
using a simple inverse Fourier transform (IFT) of the acquired k-space data, with its
discrete form given by:

W o2 2
My (X y) = S(kx; ky) exp j —kx+ —Kkyy (2.30)
kx=0 ky=0 Nx Ny

The fast Fourier transform (FFT) along with its inverse (IFFT) constitutes an ef-
cient algorithm for computing the discrete Fourier transform and its inverse. By
recursively breaking down the DFT into smaller DFTs and exploiting symmetries in
the transform, the FFT signi cantly reduces the computational complexity from O(N 2)
(which results from directly applying the DFT de nition) to O(N logN ), where N is the
number of data points, thereby minimizing redundant calculations.

For non-Cartesian sampling patterns, such as radial and spiral, reconstruction
methods based on inverse non-uniform fast Fourier transform (NUFFT) [120, 121] are
required. The basic idea of NUFFT is to interpolate Cartesian samples from adjacent
non-uniformly acquired data points, as illustrated in Fig. 2.4. Gridding is a widely
adopted approach that rst convolves the acquired data with a kernel and then resam-
ples it onto an oversampled uniform grid. Finer sampling in spatial frequency helps
shift the sampling replicas further outward, forming a transition band that mitigates
aliasing artifacts. The oversampling factor is typically chosen between 1.25 and 2 [122].
Among various kernel choices, the shift-invariant Kaiser-Bessel kernel is widely pre-
ferred in the MR community due to its effectiveness in minimizing aliasing errors [123].
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The apodization effect introduced by the gridding kernel can be corrected by dividing
the reconstructed data by the inverse transform of the kernel. Density correction is
necessary because the sample density typically varies in non-Cartesian acquisitions. The
density can be estimated based on analytical or numerical models, such as assigning
an area to each sample [122], which can then be used as the density correction factor
(DCF) to scale the sample value.

Figure 2.4: lllustration of the NUFFT reconstruction method. (a) Gridding kernel
convolution and resampling (sub gure adapted from [122]). (b) Flowchart of the
NUFFT process. "non-unif* denotes non-uniformly spaced samples, while "unif* denotes
uniformly spaced samples.

2.7.2 Image acceleration

Accelerating data acquisition has been a long-standing goal in MRI. A straightforward
approach is to collect fewer k-space samples than required. Nonethelesk-space un-
dersampling violates the Nyquist criterion and results in reconstruction artifacts. Over
the past few decades, various techniques have been developed to reconstruct images of
acceptable quality from undersampled data by exploiting intrinsic redundancies in MR
images to recover the missing information [124].

25



Chapter 2 PHYSICAL AND TECHNICAL BACKGROUND

Most clinically employed MRI protocols rely on partial Fourier and parallel imaging
techniques for acceleration. The partial Fourier technique [125] takes advantage of
the conjugate symmetry in the Fourier domain for real-valued images, where only a
portion (down to 50% and typically 75%, referred to as the partial Fourier factor)
of k-space is acquired instead of collecting the entirek-space. The missing data are
then retrospectively inferred during the reconstruction. Parallel imaging approaches
utilize multiple receiver coils in a phased-array setup, which assist with the spatial
localization of the MR signal based on the known placement and local sensitivity of
the different elements in the coils. This additional spatial information can be exploited
to mathematically reconstruct the object of interest from undersampled k-space data.
Reconstruction methods for parallel MRI with acceleration are mainly classi ed into two
categories: image-domain-based and frequency-domain-based reconstruction methods.
An example of the former class is the sensitivity encoding (SENSE) [126] method,
which rst reconstructs coil-speci ¢ images with IFFT and then unfolds aliased images
based on the spatial sensitivity maps of the coils. The latter categories includes methods
such as the generalized autocalibrating partially parallel acquisition (GRAPPA) [127],
which rst recovers the missing data in k-space based on, for example, auto-calibration
signal (ACS) lines tting, and then reconstructs the image using IFFT. By exploiting
redundancies in the image domain or in k-space, partial Fourier and parallel imaging
techniques typically achieve acceleration factors of 2—4 for most applications [124].

Compressed sensing (CS) [128, 129] has emerged as another powerful accelera-
tion technique by leveraging the sparsity of MR images in a transform domain (e.g.,
wavelets). It enables higher acceleration factors and high delity image recovery from
sparsely undersampled k-space data. However, its reliance on iterative reconstruction
imposes substantial computational demands, restricting its applicability for real-time
imaging.

Beyond these methods, deep learning has demonstrated signi cant potential in
undersampled MRI reconstruction. In particular, data-driven neural networks learn pri-
ors from pre-constructed training pairs of undersampled data and their corresponding
fully sampled counterparts, which serve as ground truth. This is achieved by itera-
tively updating the model parameters using an optimizer to minimize a prede ned loss
function that quanti es the discrepancy between the network output and the ground
truth. The network can operate in the spatial domain, where it takes undersampled
images with aliasing artifacts as input. In this case, architectures well-suited for image
feature extraction, such as convolutional neural networks (CNN), have been widely
explored [130]. Alternatively, the network can function in the Fourier domain by
directly lling the undersampled k-space, where architectures designed to learn the
inductive biases of frequency spectrum are actively being investigated [131].

Image acceleration involves a trade-off between image delity and acquisition time. In
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general, reducing the amount of available data increases uncertainty, thereby imposing
a fundamental limit on the acceleration factor. Consequently, despite the availability of
these acceleration techniques, the inherent nature of MRI imaging results in persistent
imaging latencies, which manifest as motion-related imaging errors. Chapter 4 will
present a case study where the proposed approach integrates undersampling-based
acceleration with simultaneous motion-related imaging error reduction.

2.8 Main technical components

2.8.1 MR scanner components

Fig. 2.5 shows a schematic representation of the main technical components of an MR
scanner. The static magnetic eld By is generated by the MR magnet. A superconduct-
ing magnet is one type that establishes an electric current in a loop of superconducting
coils at temperatures approaching absolute zero (-273.16C, 0 K), typically cooled with
liquid helium at 4 K. The magnets are usually cylindrical in shape, with the patient
placed inside the bore. Magnetic eld gradients, G, G, and G,, used for spatial
encoding along the three directions, are generated by gradient coils mounted inside
the bore of the magnet.

The RF transmit coil generates appropriately shaped pulses of current at the Lar-
mor frequency, producing an alternating B; eld. The weak MR signal resulting from
transverse magnetization is detected by receiver coils. There are two types of receiver
coil: volume and surface. Volume coils completely encompass the region of interest
and are often used as combined RF transmit/receive coils. Surface coils are speci cally
designed for different body sites and are placed close to the surface of the patient.
These coils are generally receive-only due to their inhomogeneous reception eld, and
their sensitivity is dependent on the shape and arrangement of the individual coil
elements.

A Faraday cage encloses MRI scanner room to minimize RF contamination. Outside
the Faraday cage, computer systems are housed in a separate control room, where
pulse sequence prescription, signal processing, and image reconstruction are performed.

27



Chapter 2 PHYSICAL AND TECHNICAL BACKGROUND

Figure 2.5: Schematic representation of the fundamental components of an MR scanner.

2.8.2 Linear accelerator components

Fig. 2.6 illustrates the main technical components of a representative medical linear
accelerator. The electron gun generates electrons through thermionic emission, where a
heated cathode provides suf cient energy for electrons to overcome the material's work
function. The electrons are then directed into the circular waveguide to be accelerated
by the RF pulses to a speedr ¢, with c being the speed of light [132]. The RF waves
are produced by a magnetron with an electromagnetic eld. The kinetic energy of the
electrons Eyy , is related to the voltage U applied in the magnetron, as follows:

Exn = e U (231)

where e is the elementary charge of an electron. After exiting the waveguide, the
electrons enter the ight tube, where the beam is bent and focused by a set of magnets
to hit the target. The high-energy electron beam strikes a small tungsten target and
emits photons via Bremsstrahlung and characteristic radiation. The resulting X-ray
beam has an energy range of 4 to 25 megavolts (MV).

The ionization chamber is integrated to monitor the amount of radiation that
passes through. Following beam shaping and size-limiting by the primary collimator,
the multi-leaf collimator, composed of tungsten leaves, further shapes the radiation
beam to conform to the tumor contour and enables the decomposition of the treatment
eld into smaller sub elds. The gantry rotates around the patient, with the isocenter
de ned as the intersection of the gantry's rotation axis and the central axis of the
radiation beam.
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Figure 2.6: Main technical components of a representative medical Linac from Elekta
[133]. Figure adapted from [134] with permission.

2.8.3 Integration of MRI and Linacs: the MR-Linac

The mutual interference between a strong magnetic eld and the eld-sensitive compo-
nents of the linear accelerator presents a major challenge in integrating an MRI system
with a Linac into a single treatment device.

The effects of a magnetic eld on Linac operation can be summarized as fol-
lows [70]: a standard clinical Linac has a magnetic eld tolerance of 1 G (0.0001 T),
whereas the MRI system operates at eld strengths of up to 1.5 T, posing a signi cant
challenge to the functionality of eld-sensitive components. The primary concern is
the performance of the magnetic encoders in the MLC, which control the positioning of
motor-driven leaves. Additionally, the magnetic eld can induce deviations of electrons
within the waveguide, leading to beam current loss. Moreover, the Lorentz force on the
secondary electrons—generated through photon interactions with matter—can alter
their paths. Speci cally, when the static magnetic eld is parallel to the radiation beam,
this results in an electron focusing effect (EFE), whereas a perpendicular orientation
leads to an electron return effect (ERE). These phenomena can potentially impact dose
distribution in speci c tissues.

Conversely, Linac components also impact the MRI operation [70]: The RF noise
and heterogeneity of the main magnetic eld, caused by the proximity of MLC, can
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degrade image quality and cause geometric distortions. Additionally, the RF receiver
coil in the path of the beam can attenuate the intended dose while increasing skin dose
via secondary electrons. It can also induce electronic disequilibrium in the conductors
or electronics, resulting in imaging artifacts.

Addressing these challenges requires dedicated efforts, including active shielding,
reduction in eld strength, implementation of eld-compatible components, and in-
corporation of Lorentz forces effects in dose calculations. Existing MR-Linac systems
demonstrate that different design strategies can be adopted to achieve an integrated
MRQgRT delivery system [135]. Fig. 2.7 illustrates a solution from Viewray MRIdian
MR-Linac, which employs a low- eld MRI scanner at 0.35 T with a split superconduct-
ing double-donut magnet. This system is installed at LMU University Hospital, where
it is used for both clinical treatments and research. The circular radiation gantry is
positioned within the gap between the magnet halves, allowing the treatment beam to
be emitted perpendicular to By. Six shielding compartments are mounted on the gantry
to protect the internal Linac components and MLC from the magnetic eld, while also
providing RF shielding for MR imaging during the Linac operation. Both the MRI and
Linac share the same isocenter.

Figure 2.7: (a) Photograph of the ViewRay MRIdian MR-Linac system. (b) Schematic
drawing of the system depicting the main hardware components: superconducting
double-donut magnet, circular radiation gantry and patient couch. (c) Schematic

drawing of the radiation gantry with linac components and MLC. Images courtesy of
ViewRay Inc. Figure adapted from [136].

Beyond addressing the mutual interference between the MRI magnetic eld and eld-
sensitive Linac components, the most critical challenge in this complex MR-Linac system
is geometric errors arising from latency, with MR imaging latency identi ed as the
dominant contributor. This work focuses on mitigating these MR imaging errors during
real-time motion monitoring in MRgRT through deep learning-based approaches. In the
following chapters, the motion-dependent k-space sampling process is rst simulated,
followed by the introduction of the dataset creation methods for machine learning
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(Chapter 3). Chapters 4 and 5 then present solutions tailored for Cartesian and radial
readout trajectories, respectively.
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Chapter 3

SIMULATION OF MOTION-RELATED
IMAGING ERRORS AND DIGITAL
PHANTOM-BASED DATASET CREATION

3.1 Simulation of motion-related imaging errors

As outlined in Chapter 2, the raw MR signal is sampled in the frequency domain, with
k-space being progressively lled during the acquisition process. Since the acquisition of
a single cine-MR frame occurs over a duration comparable to the physiological motion
timescale, the correspondingk-space becomes populated with signals originating from
multiple target positions. When transformed into the spatial domain, these temporally
mixed signals give rise to motion-related imaging errors, which are a critical concern in
the context of real-time motion monitoring during MRgRT.

To effectively mitigate such errors, an in-depth understanding of how the moving
target is captured, or how the intra-frame motion is encoded, during MRI acquisition—
speci cally in the raw k-space signal and its subsequent translation into image space—is
essential. Therefore, the motion-dependentk-space sampling process is simulated in
this section to facilitate a fundamental understanding of this dynamic MR imaging
behavior and to elucidate the origin and characteristics of motion-related imaging errors.
A dedicated simulation platform has been developed and validated, further serving
as the foundation for generating datasets suitable for training deep learning-based
intra-frame compensation models, as detailed in the subsequent sections.

3.1.1 Development of the simulation platform

Fig. 3.1 schematically summarizes the motion-dependent sampling in the simulation
procedure. In the Amplitude/Time curve, the black dots indicate the start/end time of
acquiring a speci c cine-MR frame and the corresponding positions. The dotted line
connecting these black dots represents the intra-frame motion trajectories of the target.
Assume that the frame acquisition time is divided into ns steps (or shots), with each
step (shot) corresponding to a segment ofk-space that can be approximated as being
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acquired simultaneously, such as a spoke in the radial trajectory or a phase-encoding
line in the Cartesian trajectory (Section 2.5). The simulation procedure consists of
three main modules: determination of the temporal images, de nition of the k-space
readout trajectory, and reconstruction of the motion-corrupted image.

Figure 3.1: A schematic diagram of the motion-dependentk-space acquisition simula-
tion procedure. This diagram takes Cartesian sampling as an example, with 5 temporal
segments (1s=5) for easier visualization. In actual applications, a signi cantly larger
number of shots is employed. This gure was originally published in [137].

Determination of the temporal images
Assume that the acquisition of a frame begins at timet,, with the target initially po-
sitioned at p;. During the acquisition period, the target transitions through various
intermediate positions, ultimately reaching its nal position p,s by the time the acquisi-
tion concludes att,s. The images corresponding to these time steps are referred to as
temporal images (I1, I2, ..., Ins ), capturing ground-truth discrete anatomical positions.
Intra-frame motion data can be represented in various forms: including translation
or rotation parameters for rigid motion, control point movements for free-form defor-
mation (FFD), or, more commonly, displacement vector elds (DVF) for image warping,
where the displacement of each pixel or voxel in the image is speci ed. Motion at each
time step is characterized individually, resulting in a series of parameters for the entire
intra-frame motion sequence. Starting from the image at the initial position ( I,) or the
nal position ( 1,) and utilizing the intra-frame motion data, the temporal images of
the target throughout the acquisition period can be established or derived by image
spatial transformations.

De nition of the  k-space readout trajectory
In alignment with the k-space readout patterns commonly used in clinical MR-Linac
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systems, this study considers both Cartesian and radial acquisitions.

For Cartesian acquisitions, the phase or frequency encoding direction is rst speci-
ed according to the requirements. The user can then customize thek-space pro le
ordering as needed along the phase-encoding axis. Fig. 3.2 presents several examples
of Cartesian phase-encoding ordering schemes with partial Fourier [138] acceleration:
linear, where encoding proceeds from bottom to top; reverse-linearwhere encoding
proceeds from top to bottom; and high-low, where, based on the frequency order, higher
frequencies are acquired rst, followed by lower frequencies.

Figure 3.2: Schematic diagram of exemplary Cartesian phase-encoding ordering
schemes with a partial Fourier factor of 80%. linear: encoding proceeds from bottom
to top; reverse-linear encoding proceeds from top to bottom; and high-low: based on
the frequency order in the phase encoding direction, higher frequencies are read rst,
followed by lower frequencies.

As illustrated in Fig. 3.3, in radial trajectories, all spokes pass through the origin,
with the rst spoke forming an angle of  with the horizontal axis. Subsequent
spokes are placed using a successive azimuthal increment of. Following real-world
applications, three types of radial trajectories are simulated and investigated in this
study based on the value of : linear, golden angle and tiny golden angle

Radial sampling with a linear pro le ordering takes = jear = =NS, COvering
k-space uniformly only after acquiring the complete set of ns spokes. To achieve a
nearly uniform pro le distribution in  k-space for an arbitrary number of radial spokes,
golden angletrajectories were proposed [139], employing

gold = = (31)

where = 1+ P 5 =2 represents the golden ratio. However, the large azimuthal
pro le increment required by this method can cause strong eddy current artifacts due
to rapid gradient switching [140]. To address this issue, a surrogate tiny golden angle
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pro le ordering, de ned by
= n==(+N 1) where N =3;4;::: (3.2)

was introduced [141] and has found widespread use in real-time MR imaging [142].

In the simulation procedure, the readout trajectories for radial sampling are
generated by de ning the coordinates of each uniformly spaced sampling point on each
spoke using and

u(s;) = % cos(+(s 1) );
vsn= 5 :grpoiml)' sin( +(s 1) ); (3:3)

for s=1;2::7;Ngpoke and r =1;2;:::; Npoint

where u(s;r) and v(s;r) represent the horizontal and vertical coordinates of the r-th
sampling point on the s-th spoke, respectively; Nypoke 2Nd Npoint denote the total number
of spokes and the number of points along each spoke, respectively.

Figure 3.3: Schematics of radial sampling trajectories. From left to right: linear, golden
angle and tiny golden angle denotes the initial spoke angle; , g4, and y indicate
the azimuthal increments of the radial pro les for the respective trajectories.

Reconstruction of the motion-corrupted image

Depending on the k-space sampling trajectories, either an FFT for Cartesian readouts
or a NuFFT for radial readouts (see Section 2.7.1) is performed to obtain the complex-
valued k-space data ¢, F», ..., F,s) of each temporal image. Their corresponding
components are then sequentially incorporated into the k-space arrays of the simu-
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lated motion-corrupted image over time. Speci cally, the rst shot extracts the %-th
components of the k-space from the initial-position image. Subsequent shots extract
the n‘—s-th components of the k-space corresponding to thei-th temporal image, up to
the nal time step, where the last components are extracted from F,s. This process
can be achieved by designing a tailored set of sampling matrices $;, S;, ..., Sus)
based on thek-space readout trajectories with respect to the shot number, where MRI
acceleration techniques like partial Fourier or parallel imaging methods [127, 138]
should be considered. These sampling matrices have only two values, 0 and 1, with 1
indicating that the corresponding part of the matrix will be sampled. Consequently, the
complex-valued k-space of the motion-corrupted imageFmotion IS formulated as:

Xs Xs

F motion = Fj Sj = FZ(Ij) Sj (34)
j=1 j=1

where j denotes the shot number; is the Hadamard product (element-wise product)
operator; and F is the 2D Fourier transform operator (FFT for Cartesian and NUFFT
for radial, see Section 2.7). In accordance with the real-world conditions, the nally
acquired k-spaceFnoion  CONsists of signals from the target at different positions.

Finally, the motion-corrupted image Imoion IS reconstructed as a complex-valued
image using relevant image reconstruction techniques, such as inverse FFT/NuFFT,
GRAPPA, and others, as detailed in Section 2.7:

Xs
| motion = le(Fmotion) = le FZ(Ij) Sj (35)
j=1

where F, ! denotes the 2D inverse Fourier transform operator.
Differences betweenlqion and the ground-truth nal-position image |,s re ect
the intra-frame motion deterioration effects, that is, the motion-related imaging errors.

3.1.2 Validation of the simulation platform
3.1.2.1 Validation based on theoretical analysis

The motion-dependent k-space sampling simulation procedure was rst validated
through a theoretical analysis based on the translational and rotational properties
of the Fourier transform, with the corresponding proof provided in the Appendix A.
The translational property indicates that shifting an image f (x;y) by x in the x-
direction and by vy in the y-direction induces a linear phase shift in the corresponding
Fourier domain, while the magnitude of the Fourier transform remains unchanged. Let
F(u;v) and F (u; v) denote the Fourier transforms of the translated and original images,
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respectively. This relationship can be expressed mathematically as:
F(u;v) = F(uv)exp[ j2 (U x+v )] (3.6)

Furthermore, the rotational property asserts that a rotation in the spatial domain
corresponds to a rotation by the same angle in the frequency domain.

Leveraging these properties of the Fourier transform, a digital cross phantom of size
140 140pixels was constructed for validation purposes and mathematically de ned
as:

f(i;))= [35;105)(i) 70T §70 [35;105)(]) 70 j;70 3.7)
) 210;1,2;:::;14Qy

where m:n)(X) is the indicator function for the interval [m;n), and . is the Kronecker
delta function, de ned as:

(
1 if m x<n; 1 if x=a;
) = ; = 3.8
i) (X) 0 otherwise: 8 0 otherwise: 3.8)

The image andk-space of the cross phantom are presented in the "Initial-position”
column of Fig. 3.4. Notably, the magnitude of k-space is non-zero throughout, display-
ing a high-contrast horizontal and vertical line that are orthogonal to the origin.

In Fig. 3.4, the cross phantom was rotated 45 counterclockwise from its initial
position during frame acquisition. The simulated motion-dependent sampling process
was divided into ns = 10 shots, with each shot rotated by 5. A comparison between
the nal-position image and the initial-position image reveals that the k-space was also
rotated 45 counterclockwise. Additionally, it is observed that the motion-corrupted
k-space sequentially captured segments of the Fourier data from the temporal images,
where each image was sequentially rotated by 5 counterclockwise relative to the shot
number, in both the spatial and frequency domains. This nding is consistent with
theoretical expectations.

The simulation procedure was further validated by examining the imaging behavior
of the cross phantom's translation, where the relationship betweenF (u;v) and F (u; V),
as described in Eq. 3.6, was veri ed. Since the phase of the complex number lies within
the interval ( ; ]and to avoid phase wrapping, rather than directly comparing the
phase or magnitude of the two terms, a transfer matrix M (u; v) was de ned for the
cross phantom as:

F(u;v)

M (u;Vv) = !
(U:v) F(u;v)
where F (u;v) was substituted with the complex-valued k-space data of the initial-
position phantom image, which was non-zero throughout; and F (u; v) was replaced
by the corresponding k-space data of either the nal-position image or the simulated

(3.9)
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motion-corrupted image. The magnitude and phase ofM (u; v) were then computed as
the modulation transfer matrix and phase transfer matrix, respectively.

Figure 3.4: Rotation experiment of the cross phantom. The phantom has been rotated
45 counterclockwise from its initial position during frame acquisition, with ns = 10.
The gure displays images at the initial and nal positions, as well as the simulated
motion-corrupted image, in both the spatial and frequency domains; the phase encoding
direction is vertical (up-down).

Fig. 3.5 presents the results of the translation experiments. To minimize potential
interpolation errors, each shot was con gured to move the phantom by exactly one
pixel. In the rst two experiments, the phantom was shifted 4 pixels downward and
4 pixels to the right from its initial position, respectively, with the simulated motion-
dependent sampling process divided intons = 5 shots. In the third experiment, the
phantom was moved 9 pixels both downward and to the right simultaneously, with
ns = 10.

The results indicate that, aside from computational precision limits, the values
of the modulation transfer matrix for both the nal-position image and the motion-
corrupted image were equal to 1 across all experiments. Moreover, the phase transfer
matrix derived from the nal-position image exhibited a periodic pattern in the direction
of movement, with the number of phase cycles matching the displacement magnitude.
Speci cally, Experiment 1 displayed 4 cycles of ( ; ]in the vertical direction, and
Experiment 2 showed 4 cycles in the horizontal direction; whereas in Experiment 3, the
pattern revealed 9 cycles in both the vertical and horizontal directions simultaneously.
Nevertheless, the frequency-domain information of the temporal images had been
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spatially and temporally encoded in the motion-corrupted k-space. The accumulation of
displacement over the acquisition time steps, re ected by the progressively increasing
number of cycles along the shift direction within the phase transfer matrix, is clearly

represented in the motion-corrupted image. This observation aligns with what was
theoretically anticipated based on Eq. A.4.

Figure 3.5: Translation experiments of the cross phantom. From left to right: Ex-
periment 1, the phantom is shifted 4 pixels downward with ns = 5; Experiment 2,
the phantom is shifted 4 pixels to the right with ns = 5; Experiment 3, the phantom
is shifted 9 pixels downward and to the right simultaneously, with ns = 10. The
modulation and phase transfer matrices derived from both the nal-position image
and the motion-corrupted image are displayed; the phase encoding direction is vertical
(up-down).

3.1.2.2 Validation against literature: Imaging latency experiments

In the work by Borman and colleagues [88], the target positioning errors were character-
ized as imaging latency, further identi ed as the largest contributor to the total system
latency in MRgRT [32,33]. They measured MR imaging latency through simulations
and experiments using an MR-compatible motion platform (ModusQA,CA) in a 1.5T
MR-linac and a 3T MR scanner. By synchronizing machine-acquired images with the the
physical motion platform, and tting the sinusoidal model, x(t) = Agsin(2f [t + tg]),
to both the reference and MR-derived position traces, they estimated the latency for
Cartesian and radial acquisitions with various k-space pro le orderings. In this section,
the proposed simulation procedure is validated against the ndings of these imaging
latency experiments reported in the literature [88], ensuring that it is closely aligned
with real-world conditions.

Following Borman and colleagues' work, where the simulated imaging latency was
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determined by tracking the movement of an analytical square during k-space lling,
a digital square phantom was constructed, as shown in Fig. 3.6 (a). Figs. 3.6 (b)
and (c) illustrate examples of motion-dependent Cartesian acquisition with a vertical
(up-down) phase encoding direction, where the phantom moved downward and to
the right, respectively. Compared to motion in a perpendicular direction, the motion-
corrupted image appeared slightly more blurred when the motion was parallel to the
phase encoding direction. However, target positioning errors were more pronounced,
emerging as the dominant factor in imaging errors. The center of mass (COM) of
the target was computed from the motion-corrupted images as the measured position,
while the reference position was determined from the actual target COM at the end of
the frame acquisition, corresponding to the nal shot. By analyzing the target motion
speed and computing the distance between the measured and reference positions, the
imaging latency was estimated.

Figure 3.6: Square phantom for imaging latency experiments. (a) Phantom at the
initial position. Examples of simulated motion-corrupted images in the Cartesian
experiments are shown for the phantom moving downward (b) and to the right (c).
The red contours indicate the actual target positions at the end of the frame acquisition
(corresponding to the last shot); the phase encoding direction is vertical (up-down).

The Cartesian experiments were carried out with a range of partial Fourier factors,
de ned as the ratio of sampled data to the full matrix, across the three phase-encoding
ordering schemes depicted in Fig. 3.2. Thek-space phase encoding direction was
orthogonal to the primary direction of target motion. Fig. 3.7 compares the results
obtained from the literature [88] with those generated by the motion-dependent sam-
pling simulator developed in this study, revealing close agreement. For a given partial
Fourier factor and k-space pro le ordering scheme, the ratio of imaging latency to frame
acquisition time remained relatively consistent across all experiments. Prior studies
have shown that, for Cartesian readout trajectories, the object position is primarily
determined by the moment at which the central k-space pro le is acquired [143]. The
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simulation results reproduced this behavior, demonstrating that imaging latency can be
approximated as the time difference between the shot of acquiring the centralk-space
pro le and the last shot. Speci cally, the linear phase-encoding ordering yields similar
imaging latency regardless of the partial Fourier factor; however, with the reverse lineay
the ratio of imaging latency to frame acquisition time remains unchanged as the partial
Fourier factor increases, thus showing a latency proportional to the acquisition time;
furthermore, the high-low scheme leads to the minimum imaging latency since the
central k-space pro le is always the last to be acquired.

Figure 3.7: Results of Cartesian imaging latency experiments. (a) from Borman et
al. [88], featuring the 1.5T MR-Linac (left) and 3T MR scanner (right); (b) from the
simulation procedure developed in this study.

The radial experiments were conducted usinglinear and golden anglepro le
orderings (illustrated in Fig. 3.3), with the corresponding results presented in Fig. 3.8
and Fig. 3.9. To vary the sampling fractions, the number of radial spokes was adjusted
proportionally. The oversampled central k-space of radial sampling, along with the
nearly uniform k-space coverage provided by thegolden anglepro le ordering, allows
for the application of various k-space data weighting schemes [144, 145]. To reduce
the radial imaging latency, Borman et al. implemented a spatial-temporal (k-t) Iter
that attenuated the low-frequency components of previously acquired spokes while
preserving the high-frequency components [88]. The k-t Iter was de ned as a function
of the spoke index s and the readout point k, and was mathematically expressed as:

1
1+e (s ns=2)

f(k;s)=[1 S(s)]k?+ S(s); where S(s) = (3.10)
Here, ng was the total number of spokes, and was a parameter determined via hy-
perparameter search. The Iter employed a sigmoid function to distinguish between
earlier and later sampling of the spokes, while a quadratic function applied high-pass
weighting to the readout points along each spoke. For comparison, this study also
conducted experiments using this same lter.
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Figure 3.8: Results of radial imaging latency experiments with linear pro le orderings.
(a) from Borman et al. [88], featuring the 1.5T MR-Linac (left) and 3T MR scanner
(right); (b) from the simulation procedure developed in this study.

Consistent with the Cartesian experiments, the radial imaging latency estimated
using the proposed procedure closely aligns with the ndings reported in the literature.
The latency was approximately 50% of the total frame acquisition time, indicating that
each radial spoke plays an equal role in determining the target position within the
image. Fig. 3.9 demonstrates that retrospectively weighting the radial k-space data
with a k-t Iter for golden anglesequences, as de ned by Eg. 3.10, can effectively halve
the imaging latency.

Figure 3.9: Results of radial imaging latency experiments with golden anglepro le
orderings, with (red) and without (blue) k-t Iter. (a) Adapted from Borman et al. [88],
measured on a 3T MR system; (b) Obtained from the simulation procedure developed
in this study.

The results of both Cartesian and radial experiments validated the accuracy of the
motion-related imaging error simulation procedure developed in this study.
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3.2 Formulation of the inverse problem and deep
learning solution for intra-frame motion
compensation

The observation of motion-related imaging errors underscores the practical signi cance
of compensating for intra-frame motion, particularly in cases involving rapid anatomical
variations.

The motion-dependent k-space acquisition process, together with the simulated
motion-corrupted images and k-space representation in Fig. 3.4 and Fig. 3.5, demon-
strates that part of the frequency domain information from each temporal image is
spatially and temporally encoded within the k-space of the obtained motion-corrupted
image. The encoding is uniquely dictated by the prede ned k-space readout trajectory.
As a result, an inverse problem can be formulated to recover the implicit real-time
nal-position image (i.e., the last-shot temporal image) from the motion-corrupted
image or its k-space, thereby compensating for the intra-frame motion:

Ins = T (I motion)

3.11
Fns = TE (Fmotion) ( )

where T, and T ¢ denote the transformations that aim to derive the nal-position image
and k-space, respectively, from their motion-corrupted counterparts. Owing to the
information loss and non-uniqueness induced by intra-frame motion-dependentk-space
acquisition, the problem is inherently ill-posed. To obtain a stable and reliable solution,
appropriate regularization terms or learned priors should be incorporated.

A neural network, by learning a mapping function between the input and output
spaces, provides a compelling data-driven solution to address the inverse problem.
In particular, supervised learning is widely adopted for such tasks, where the net-
work is trained to minimize the discrepancy between predicted and reference outputs.
Accordingly, the optimization problem associated with Eqg. 3.11 is given by:

) P ) )
min | ) L N|(I|(’1I1)otion; I),Igs?
P . . (3.12)
min. L Ne(F{uon: £);F&

where L denotes the loss function (e.g., ; or ", norm). N, and Ng denote the neural
networks that approximate the transformations T, and T¢ in Eq. 3.11, respectively.
 and ¢ represent the trainable weights of the networks, andi indexes the training
samples.
Through deep learning, the network can be trained to extract relevant information
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from the later-acquired portions of motion-corrupted data and leverage this informa-
tion to correct earlier acquired components, thereby aligning the reconstructed image
with the target's nal-position reference. Given the unique characteristics of Cartesian
and radial k-space readout trajectories, the network architecture must be speci cally
tailored to accommodate each sampling pattern. Moreover, constructing a suitable
training dataset is crucial to ensure the network'’s effectiveness.

3.3 Motivation for creating datasets using simulated
phantoms

To enable supervised data-driven learning, the creation of labeled datasets is essential.
In this study, this involves pairing each motion-corrupted image with its corresponding
ground-truth nal-position image for the moving target.

However, in clinical practice, cine-MR frames are often already contaminated by
the intra-frame motion of the target, leading to errors in target positioning and shape
representation. Determining the ground truth for motion-related imaging error reduc-
tion in the clinic is more challenging compared to other Al application scenarios in
MRgRT, such as image segmentation, where training pairs consist of clinically acquired
images as inputs and ground-truth contours, generated and approved by radiation
oncologists, as outputs [114]. This increased dif culty arises because imaging errors
are often harder for domain experts to detect than segmentation errors [90]. A similar
setup to synchronize the machine-acquired images with the physical motion platform
may be required, as implemented in Borman et al.'s work [88]. Nonetheless, typical
MR motion phantoms [146] are often overly simplistic in geometry, and are restricted
to the rigid motion of small targets, which is inadequate for building comprehensive
training datasets. More suitable alternatives include anthropomorphic phantoms or
relatively complex phantoms, such as the porcine lung phantom [147].

While the physical MRI-compatible anthropomorphic moving phantom incurs
signi cant costs in both time and nancial investment, and the complexity of clinical ex-
periments demands considerable and dedicated efforts, digital phantoms have emerged
as a practical solution to address the lack of in vivo ground truth [148, 149]. This is
supported by the following considerations:

Firstly, the signal acquisition simulator can be designed to closely replicate real
machine conditions. As demonstrated in the previous section (Section 3.1.2.2), the
imaging latency results obtained from the simulation procedure developed in this study
show negligible differences compared to those reported by Borman et al. [88] in clinical
experiments conducted on the 1.5T MR-Linac and 3T MR scanner.

Secondly, compared to clinical experimental data, simulated data offer precise
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nal-position images and target segmentation for ground truth and evaluation, remain-
ing unaffected by other sources of imaging uncertainty.

Thirdly, suf cient spatial resolution is a prerequisite for studying intra-frame mo-
tion. Digital phantoms overcome the spatial resolution limitations typically encountered
in clinical cine-MR images, which may be insuf cient for investigating positioning accu-
racy. They also enable complex-valued image reconstruction with various dedicated
k-space readout trajectories and noise models, facilitating exploratory research.

Finally, as indicated in the literature, respiratory motion exhibits patient-speci ¢
characteristics, making it unpredictable, irregular, and subject to temporal variation.
Variations in uenced by tumor location and pathology result in unique patterns of
displacement, direction, and motion phase. This study focuses particularly on rapid and
uncommon anatomical changes. In real-world scenarios, most cases involve small or
moderate motion; nevertheless, although rapidly moving targets are less common, they
require compensation more urgently. Simulated data facilitates the creation of deep
breathing motion scenarios and enables the customization of arbitrary motion patterns,
both of which are highly relevant and central to the study of intra-frame motion com-
pensation. Additionally, extreme motion scenarios, which are uncommon or unlikely in
real-life conditions, can be incorporated to introduce a signi cant deviation between
the network's input and output, forcing the model to focus on dynamic mechanisms
and avoid potential extrapolation errors related to motion amplitude.

Therefore, to conduct a proof-of-concept study on the deep learning-based intra-
frame motion compensation technique and to demonstrate its feasibility and real
potential in reducing cine-MR imaging errors, simulated data will initially be utilized
for dataset creation, facilitating some principle results and evidence.

3.4 Digital phantom-based dataset creation

High-quality datasets play a critical role in the successful application of deep learning-
based techniques. This section outlines the process of creating labeled datasets speci -
cally for deep learning-based intra-frame motion compensation.

The primary consideration when establishing the database is the development
and integration of various types of motion data. Fig. 3.10 illustrates the two-scale
discretization of the motion trajectory throughout this work, capturing anatomical
variations at both coarse and ne levels of granularity. This coarse-to- ne strategy
underpins the two main steps in the dataset creation process: (i) the generation of 4D
MRI digital anthropomorphic phantoms to represent key anatomical positions during
breathing, and (ii) the synthesis of intra-frame motion data for determining temporal
images, as described in Section 3.1.
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Figure 3.10: Coarse-to- ne grid scale representation of patient-speci ¢ motion data.
The upper panel shows a coarse temporal grid (red) sampling key respiratory positions
at time points T4, T,, ..., Ty, aligned with the overall breathing motion curve (gray
dotted line). Superimposed is a ne temporal grid (blue ticks) that densely samples
within each coarse interval. The lower panel zooms in on one such interval [T;, Tj.1]
illustrating the intra-frame motion curve (blue dotted line) sampled by the ne grid [ .,

t2, ey tns].

In the rst step (corresponding to Section 3.4.1), time-resolved volumetric MRI
data are created, capturing key anatomical positions of human organs throughout
the respiratory cycle. The breathing motion curve is discretized intonf phases, each
corresponding to one of the nf frames in the sequence on the coarse grid [T, T, ...,
Tat ]

In the second step (corresponding to Section 3.4.2), the intra-frame motion trajec-
tory is depicted on a ner temporal grid, which subdivides the time intervals between
consecutive coarse grid points intons ner steps ([ ty, t, ..., ths]), corresponding to
the ns temporal images. An intra-frame motion model, coupled with a motion pattern
perturbation scheme, is introduced to enable a comprehensive representation of the
real-world complexity, thoroughly exploring the potential anatomical variations during
the frame acquisition period.

With the frames selected from the time-resolved volumetric MRI and the intra-
frame motion data design method, it is possible to customize arbitrary synthetic yet
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realistic breathing motion curve, including a dedicated intra-frame motion trajectory.
Subsequently, the simulation procedure introduced in Section 3.1 acts as the dataset
generator, producing paired motion-corrupted images and ground-truth nal-position
images as needed.

3.4.1 4D MRI digital anthropomorphic phantom generation
3.4.1.1 Work ow

The 4D extended cardiac-torso (XCAT) phantom was developed to simulate realistic,
highly detailed whole-body human anatomies for use in medical imaging research, en-
compassing thousands of anatomical structures. It incorporates parameterized models
for both cardiac and respiratory motions, and provides users with signi cant exibility

to customize anatomical and motion variations [150]. In this section, the MRI version
of the extended 4D XCAT phantom, referred to as the 4D MRI digital anthropomorphic
phantom, is generated. The step-by-step work ow for this process is outlined in Fig.
3.11.

Figure 3.11: Work ow of 4D MRI digital anthropomorphic phantom generation. The
phantom was schematically binned into 5 phases for each breathing cycle, but in
the actual application, more breathing phases were used. This gure was originally
published in [137].
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Patient at initial position (3D CT) The work ow begins with a static representa-
tion of the virtual patient at the starting position of the breathing cycle, providing a
baseline 3D CT volume of the anatomical structures. The complex shapes of real human
organs are realistically modeled by setting detailed anatomical parameters in XCAT.

Spherical tumor at initial position (3D CT) Alongside the static virtual patient, a
spherical tumor is positioned within a 3D CT volume, aligned with its initial position in
the breathing cycle. The physical coordinates of the corresponding voxels for both the
patient and tumor CTs are matched to ensure spatial consistency between the tumor
and surrounding anatomy. This spherical tumor serves for localizing and propagating
the centroid of a realistic tumor during motion, with the centroid—determined from its
simpli ed geometric shape—acting as the reference for tumor motion tracking.

Motion Curve Design This step corresponds to de ning motion on a coarse grid,
as described in Fig. 3.10. In XCAT, respiratory motion is governed by two time-resolved
curves: one indicating the variation in diaphragm height and the other describing the
degree of chest expansion. This study de nes these two curves by applying amplitude
ampli cation coef cients (AAC) to a patient-speci ¢ respiratory motion waveform.
Speci cally, several types of motion waveforms are designed with amplitudes ranging
from 10to O mm (with negative values representing relative positions along the
Sl axis), indexed by frame number, to mimic both regular and irregular respiratory
trajectories throughout the breathing cycle. Different AACs are then assigned to scale
the waveform, characterizing the superior-inferior (Sl) diaphragm motion and anterior-
posterior (AP) chest-wall expansion. Additionally, tumor motions are categorized as
either moving in sync with the surrounding lung tissues, or being guided by user-de ned
motion curves based on the waveform.

The beating heart motion in XCAT is de ned by establishing parameters for the
heart period, the timing of the cardiac cycle, and left ventricle volume at key phases:
end-diastole, end-systole, the beginning of the quiet phase, the end of the quiet phase,
and during reduced lling. The interaction between the cardiac and respiration motions
is also accounted for [150]. By adjusting the translation or rotation parameters for
heart respiratory motion, the extent of heart movements in speci ¢ directions during
breathing can be tuned.

Patient with Realistic Tumor (4D CT) The motion curves are then applied to
both the patient's anatomy and the spherical tumor, generating Patient (4D CT) and
Spherical Tumor (4D CT) , respectively. Realistic tumors are initially segmented from
treatment planning 4D CT scans of non-small cell lung cancer patients, relying on
the exhale phase [151]. By aligning the centroid of a static 3D realistic tumor with

the centroid positions extracted from the 4D CT of the spherical tumor, a 4D CT of
the realistic moving tumor ( Realistic Tumor (4D CT) ) is obtained and subsequently
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integrated into the anatomical image (Patient with Realistic Tumor (4D CT) ).

4D MRI Once the 4D CT phantom has been established, the anatomical data from
the 4D CT is converted into 4D MRI data. This conversion is carried out by mapping
the attenuation coef cient to the corresponding MRI signals of the same tissues. bSSFP
pulse sequences, such as true fast imaging with steady-state precession (TrueFISP),
which are typically performed for high-speed imaging, are of particular interest in this
study for MRI signal simulation. The signal intensity in bSSFP Syssrp), With the RF
pulses alternated by 180, is generally believed to be expressed as [89, 152]:

1 e TR=T1

Spssep /- sin 1 (e /RTL g TR=T2)cQs (e TR=TL)(g TR =T2)e T (319
where is the ip angle; T1, T2, and are tissue-speci c values for longitudinal
relaxation, transverse relaxation, and proton density, respectively; To maintain signal
stability and reduce the sensitivity of the sequence to magnetic eld inhomogeneities, a
very short TR interval (a few milliseconds) is used for bSSFP [153]. Therefore, TR
Tland TR T2, TR/T1 and TR/T2 approach 0. By evaluating the limit according to
L'Hopital's rule, Eq. 3.13 can be simpli ed as:

- 1 TE=T2
14
Sssee /- SIN T oS v @ cos )(TI=T2)C (3.14)

Tissue-speci ¢ parameters are determined following the reported values in the
literature [89, 149, 151, 154], as summarized in Table 3.1.This study considers =60
and TE = 1:27msto match the acquisition parameters typically employed in the Viewray
MRIdian [136] at LMU University Hospital. By converting the attenuation coef cient
values in the 4D CT to the bSSFP signals for each tissue based on the corresponding T1,
T2, and maps, ideal noiseless 4D MRI phantoms are generated.

4D MRI with Noise To create more realistic MRI images, inherent noise present
in real-world MRI acquisitions is simulated by adding independent and identically
distributed (i.i.d.) complex Gaussian noise into the k-spaceF(ky;ky) of the noiseless
4D MRI, processed slice by slice. This results in additive Rician-distributed noise in the
magnitude of the image domain:

T=F, (F(kok)+ re*tj im); resm N 0 2 (3.15)

where T denotes the noisy MR slicesfF, * represents the inverse 2D Fourier transform
operator; and is the standard deviation of the Gaussian distribution, which can be

50



3.4 Digital phantom-based dataset creation

derived from the prede ned signal-to-noise ratio (SNR) using:

SNR

_ KF (ke kyk, 10 %
= P— P=

= . (3.16)

where M is the total number of elements of the k-space matrix.

The simulated time-resolved volumetric MRI phantoms effectively capture key
anatomical positions throughout the breathing cycle, as represented in the coarse
grid de ned previously (Fig. 3.10). By altering the order of the frames in the se-
guences, it becomes possible to customize arbitrary complex breathing motion patterns.
Therefore, 2D+t cine MR sequences can be obtained by extracting speci ¢ slices from
these phantoms, enabling further investigation into the intra-frame motion of the target.

Table 3.1: Tissue-specic T1, T2, and values used in calculating the bSSFP signal
intensity. The values for are reported in arbitrary units, relative to water. This table
was originally published as supplementary material in [137].

Background Air lung  Adipose Water Red Bowel Pancreas Muscle Kidney

/Bowel marrow /Lesion

T1 (ms) 0 0 376 376 276 122 909 825 921

T2 (ms) 0 0 30 30 13 8 28 28 40
(a.u.) 0.00 0.00 1.00 1.00 0.32 0.09 0.85 2.39 1.48
Heart Liver Spleen  Blood Thyroid Cartilage Spine Skull Rib
bone bone

T1 (ms) 1032 506 1466 1500 376 588 753 753 753

T2 (ms) 20 30 52 20 30 16 36 36 36
(a.u.) 1.01 151 1.07 9.56 1.00 0.82 0.78 0.78 0.78

3.4.1.2 Basic information and motion data assignment for the simulated patients

According to the work ow outlined in the previous section (Section 3.4.1.1), a total

of 25 4D MRI digital phantoms from lung cancer patients were generated, comprising
11 female, 11 male, and 3 adolescent subjects. Ten types of motion waveforms were
designed using the amplitude-versus-frame-number curves, as shown in Fig. 3.12. In
healthy adults at rest, the typical respiratory rate ranges from 12 to 15 breaths per
minute, regulated by the respiratory center—typically involving an inhalation phase
lasting approximately two seconds and an exhalation phase lasting around three seconds
[155]. Considering the frame rate of cine-MR in currently commercially available MR-
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