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CHAPTER 1
General introduction

1.1 Radiotherapy

Radiotherapy, or radiation therapy, is one of the main cancer therapies. It is a
complex, but captivating treatment modality that uses high-energy ionizing ra-
diation to damage and kill malignant cancer cells. The goal of radiotherapy is
to deliver lethal doses to tumorous cells, whilst sparing healthy tissue as much
as possible. In standard external beam radiotherapy (EBRT), which is the ra-
diotherapy technique highlighted in this thesis, mega voltage (MV) photons are
generated by a linear accelerator, or linac. These photons interact with matter
in the human body, generating secondary electrons that damage the DNA [1]. In
case this damage is irreparable, these cells are eliminated. Since a higher dose to
the tumor results in higher tumor control probability (TCP), ideally high doses
are delivered to the tumor [1]. A favorable hallmark is the diminished repair
ability of tumorous cells, making them more sensitive to radiation. Although
normal tissue is also damaged by the radiation dose, EBRT is generally delivered
in multiple fractions (fractionation) [2] to allow normal tissue to recover. As an
example, glioblastoma multiforme, an aggressive type of brain cancer, is treated
with 30 fractions of 2 Gy spread over 6 consecutive weeks at our institution. In-
evitably, radiotherapy has to balance between delivering sufficiently high doses to
the tumor, and limiting the radiation dose to the surrounding healthy tissue to
reduce adverse effects as much as possible.

Radiotherapy treatment process

As preparation for the treatment, pre-treatment imaging scans of the patient
are acquired. On these scans, relevant anatomical structures are delineated and
material properties of the tissues that are used in the dose calculations, such
as the electron densities (ED), are defined. The radiation oncologist manually
delineates the visible tumor, called the Gross Tumor Volume (GTV), and the
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Chapter 1 General introduction

surrounding organs at risk (OARs) [3]. Since most tumors have microscopic tu-
mor spread, the GTV is often expanded to create the Clinical Target Volume
(CTV) [3]. An additional margin is added to the CTV, the so-called Planning
Target Volume (PTV) [3], to account for all geometric inaccuracies and uncertain-
ties, such as patient setup errors, delineations inaccuracies and tumor position.
Based on these delineations and predefined dose prescriptions and constraints, a
radiation treatment plan is generated that aims to deliver the prescribed dose to
the tumor, while minimizing dose to the OARs. Since the same radiation plan is
used for up to 35 fractions (i.e. 7 weeks), the PTV margin should also account
for patient weight loss, tumor shrinkage or growth, and other variations between
fractions. Since tumor margins are designed to prevent underdosage and derived
from patient population statistics, nearby OARs are sometimes irradiated with
considerable doses [4,5]. Radiotherapy of abdominal tumors, such as liver, renal,
and pancreatic tumors, is further hindered by physiological-induced motion, such
as respiratory, cardiac and peristaltic motion. Respiration, which is the prime
focus of this thesis, induces quasi-periodic tumors displacements, which can be
up to 40 mm in cranio-caudal direction [6, 7], and is therefore the main source
of motion in the abdomen. To deliver adequate dose to the target, an additional
margin encompassing this internal motion, the Internal Target Volume (ITV) [8],
is commonly used on top of the CTV. On the day of treatment, the plan is sent
to the linac where the patient is carefully positioned. Fixation devices, such as
thermoplastic masks for head-and-neck tumors [9], arm supports for breast tu-
mor [10], and corsets for abdominal tumors [11, 12], are often used to minimize
motion to a certain extent.

Stereotactic Body Radiotherapy

Most tumor types encountered in the abdomen are considered to be radioresistant
to conventional EBRT [13–15]. In combination with high radio-sensitivity of
healthy surrounding tissue, these tumors are challenging to irradiate accurately.
To get a high TCP, Stereotactic Body Radiotherapy (SBRT) gained interest in
recent years in treating abdominal tumors. This treatment method uses a small
number of high dose fractions and steep dose gradients to enable tight margins
[1, 16]. Precise targeting and accurate motion management is therefore the basis
for good treatment outcomes in abdominal tumors irradiated with SBRT. This
thesis outlines some concepts and solutions for more precise and accurate targeting
and motion management.

1.2 Imaging in radiotherapy

To achieve the required accuracy in SBRT, image guidance is essential. Besides
providing crucial information for accurate delineations, imaging is frequently used
in modern day radiotherapy to direct and monitor the treatment, a process called
image-guided radiotherapy (IGRT) [17,18]. The increased imaging opportunities
in IGRT have the potential to improve accuracy of the radiation field, reduce dose
exposure to OARs and manage respiratory motion precisely. However, precise
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1.2 Imaging in radiotherapy

imaging lies at the basis of successful IGRT, especially for abdominal tumors
that are affected by respiratory motion.

kV- and MV-based IGRT

In the pre-treatment, or simulation phase, imaging is used to define the target
volume and delineate the OARs. In addition to Computed Tomography (CT)
that is generally always acquired, other imaging modalities, including Positron
Emission Tomography (PET), Single-Photon Emission Computed Tomography
(SPECT), and Magnetic Resonance Imaging (MRI) can be used. Additionally,
these complementary techniques can reflect tumor tissue characteristics, such
as cell density, tissue metabolism and proliferation rate. Next, at the start of
each treatment fraction the patient is positioned such that the tumor is at the
same location as the tumor location in the treatment plan. In addition to skin
tattoo alignment, in-room radiographic imaging is used to verify and, whenever
necessary, refine the position using repositioning and couch shifts. In this pre-
beam phase different kilo voltage (kV) and MV-based imaging modalities are
used. The Electronic Portal Imaging Device (EPID), mounted diametrically with
relation to the MV source, uses the treatment beam to acquire MV transmission
images [19]. Due to the high energy, EPID imaging has low contrast and can
therefore only differentiate bone, air and implanted markers from soft tissue (see
Figure 1.1). Cone-beam CT (CBCT), on the other hand, uses a radiation source
in the kV range, mounted perpendicular to the MV source, to acquire CT-like
images, by rotating the gantry around the patient [20]. The higher contrast in
these lower energy images facilitates setup correction based on bones, markers,
and, to some extent, soft tissue landmarks. However, as can be seen in Figure 1.1
image quality is generally limited.

The increased accuracy in IGRT facilitates a PTV reduction and consequently
decreases dose to the OARs, while increasing the TCP. However, respiratory
motion can severely impair this increased accuracy.

First, respiratory motion during image acquisition can cause artifacts, leading to
deceptive structures and misinterpretation of images [21–23]. Even if imaging
is fast enough to minimize motion artifacts, it is often unclear what respiratory
state is represented in the images. Moreover, this motion state may not repre-
sent the motion during treatment, leading to increased uncertainty. To reduce
this uncertainty, the respiratory behavior of the tumor can be characterized using
phase-resolved imaging, such as 4D-CT, in which the fourth dimension reflects
the different respiratory phases [24]. The phase-resolved respiratory motion in-
formation can be used to generate the aforementioned ITV margin, or for other
respiratory motion management techniques like the mid-ventilation [25] or mid-
position concepts [26]. Alternatively, it can be taken into account through 4D
planning strategies [27,28].

Second, respiratory motion can change between fractions (inter-fraction) or within
a fraction (intra-fraction) [29]. Changes from abdominal to thoracic breathing
and vice versa, respiratory frequency variations, and amplitude fluctuations can
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EPID CBCT

CT MRI

Figure 1.1: Four modalities that are used in image-guided radiotherapy. Por-
tal imaging, acquired in the pelvic region, and cone-beam CT of the abdomen,
both acquired just prior to treatment, display limited soft-tissue contrast. The
lower row exemplifies pre-treatment CT and MRI of the same abdominal patient
showing increased image quality and superior soft-tissue contrast in MRI.

all result in differences in the mean abdominal tumor position, or baseline, leading
to systemtic errors [30–32]. Phase-resolved 4D-CBCT or fluoroscopic imaging is
often used to detect the inter-fraction variations, but due to the limited contrast in
these imaging modalities, restricted to changes of implanted fiducial markers [33].
Intra-fraction motion compensation is even more complicated, but is especially
relevant in hypo-fractionated treatments, such as SBRT, as (baseline) errors are
less likely to cancel out over the limited number of fractions. Gated radiation de-
livery can minimize motion errors by switching off the treatment beam when the
target is outside a predefined motion window [34]. A more time-efficient strategy
is tracking, which constantly aligns the radiation beam with the moving target
by dynamically adapting the collimator aperture using the multi-leaf collimators
(MLC). The required feedback signal can be extracted from MV imaging [35], or
a combination of kV and MV imaging [36]. However, the disadvantage of these
methods is the fact that they use markers or surrogates, either inside or outside
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1.3 MRI in radiotherapy

the body, to provide the required motion signal for abdominal tumors. The lim-
ited number of markers do not provide motion information of OARs, are invasive
and therefore increase patient stress, risk of perforation and contamination, are
not suitable for all tumors sites, and may migrate from the expected implanted
position [37]. Direct visualization of the internal organ motion could provide
accurate motion signals, leading to better treatments [38,39].

Whilst many different imaging modalities and techniques are proposed for the
aforementioned imaging tasks, combining all these data requires accurate (non-
rigid) registration to a common reference frame. This registration process intro-
duces uncertainties that propagate as a systematic error throughout the treat-
ment [40, 41]. Ideally, a single imaging modality is used that has the ability to
provide imaging data for all stages within the radiotherapy treatment workflow.

1.3 MRI in radiotherapy

MRI can provide imaging data for all processes of the radiotherapy treatment.
Its use in radiotherapy was first demonstrated in 1987 by [42] and the first MRI
simulator dedicated for radiotherapy was proposed in 1996 [43]. With its superior
soft-tissue contrast and multi-contrast abilities both tumorous tissue and OARs
can clearly be visualized in the abdomen, which aids target definition. Moreover,
opposed to CT, MRI can visualize the underlying anatomy in any desired orienta-
tion in one, two, or three dimensions and does not use ionizing radiation. Lastly,
physiological motion, including respiratory [44], cardiac [45], and peristaltic mo-
tion [46], can be mapped using dedicated MR sequences.

Concluding, MRI would be an excellent imaging modality for all stages of IGRT.
Consequently, the use of MRI in radiotherapy has become more common and
combining MRI with radiotherapy treatment gained large interest in recent years
[47].

MRI principles

MRI is a sophisticated, but intriguing imaging technique. Despite numerous
parameters that can be tuned, there is an inherent trade-off between acquisition
speed, resolution and signal-to-noise ratio (SNR), which has to be optimized for
the desired application. Here, the basic principles for understanding the ideas and
methods presented in this thesis are outlined. For a more comprehensive review
and physical background the reader is referred to [21, 48, 49] and the references
therein.

Most clinically used MR acquisitions fill k-space in a line-by-line manner on a rec-
tilinear grid, so-called Cartesian sampling. Advantages of Cartesian sampling in-
clude the direct use of a subsequent inverse FFT and therefore fast reconstruction,
reduced sensitivity to gradient imperfections, and the fact that most acceleration
algorithms have been designed for Cartesian sampling. Since MRI is generally
slow, numerous techniques have been developed to accelerate acquisitions. Paral-
lel imaging (PI) is a robust acceleration method that acquires a reduced amount of
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Figure 1.2: Illustration of Cartesian and radial filling of k-space alongside the
required gradient waveforms for acquiring these trajectories. The white dots
represent the acquired k-space points.

k-space data using multi-channel receive coil arrays that circumvent the anatomy.
The unavoidable undersampling artifacts, which appears as aliasing in Cartesian
acquisitions, are resolved using reconstruction techniques like simultaneous ac-
quisition of spatial harmonics (SMASH) [50], sensitivity enconding (SENSE) [51]
and generalized autocalibrating partially parallel acquisitions (GRAPPA) [52].
These techniques use additional encoding power from differences in spatial coil
sensitivities in a multi-channel coil array to resolve aliasing and reconstruct an
unaliased image. Since less data is acquired, defined as the reduction factor R,
the SNR is decreased by a factor

SNR
PI

=
SNR

full

g
√
R

, (1.1)

where SNR
full

is the SNR for a fully sampled data set and g is the geometry factor.
This g-factor is equal to or greater than one and expresses the spatially varying
noise amplification. From Equation 1.1 it can be deduced that an acceleration
of R=2, results in an SNR penalty of at least 29%. To alleviate this SNR loss,
simultaneous multi-slice (SMS) [53] and Controlled Aliasing in Parallel Imaging
Results In Higher Acceleration (CAIPIRINHA) [54, 55] have been introduced.
These techniques sample multiple slices simultaneously and thereby mitigate the√
R SNR penalty [53], exploit coil sensitivity variations more efficiently by con-

trolling the aliasing [55], or a combination of both [54] to increase the effective
SNR.

Although these techniques can increase SNR per slice for accelerated scans sig-
nificantly, the increased number of parameters that have to be defined in these
methods makes it increasingly difficult to take full advantage of its potential SNR
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T2 T1 Contrast-enhanced Diffusion

Figure 1.3: Different contrast weightings in MR images acquired in the same
patient, each showing unique tumor and OARs characteristics.

gain. Moreover, since 3D acquisitions are relatively slow compared to physiolog-
ical movements, even when high acceleration factors are used, motion-induced
artifacts can appear.

Alternative sampling methods to fill k-space include radial, spiral, and propeller
sampling. Due to technical improvements in hardware and software these non-
Cartesian sampling methods re-gained interest in recent years. Because of its
reduced sensitivity to motion artifacts, incoherent undersampling artifacts, and
self-navigation opportunities, radial sampling is used extensively throughout this
thesis. In a radial acquisition k-space is sampled along radial spokes, contrary to
parallel rows (see Figure 1.2). The azimuthal angle φ between subsequent spokes
can be chosen arbitrary. In this thesis either uniform sampling, for which φ is
defined as π divided by the number of spokes [56], or Golden angle sampling, in
which φ = 111.246◦, is used [57]. Disadvantages of radial sampling include the
increased sensitivity to system imperfections, such as gradient imperfections, and
the fact that data has to be regridded onto a rectilinear grid prior to applying an
inverse FFT, thus increasing reconstruction time.

MRI for simulation

The use of MRI in the radiation treatment planning has shown a rapid growth in
the past decade. By detailed imaging of the tumor, its micro-environment, and
its surroundings, a precise delineation of the tumor and OARs can be established.
Besides common T1- and T2-weighted images, functional MRI, such as diffusion
weighted (DWI) and dynamic contrast enhanced (DCE) imaging, has been used
to discriminate between healthy and tumorous tissue (see Figure 1.3). Similar
techniques also proved to be useful in assessing tumor response after radiotherapy.
Examples include determining the response of esophageal [58] and rectal [59]
tumors, and quantification of radiation-induced changes in the OARs for head-
and-neck patients [60].

Abdominal MR imaging is challenging, due to physiological and bulk motion, re-
sulting in degraded image quality and non-diagnostic images. To reduce motion-
related artifacts, numerous techniques have been proposed. Commonly used clin-
ical solutions include breath-holds, respiratory triggering, or respiratory gating,
using either 1D-MR navigators or external respiratory bellows as surrogate signal.
However, many (older) patients are unable to sustain a breath hold long enough
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2008 Prototype 2012 Prototype 2017 Clinical Prototype

Figure 1.4: Overview of the different prototypes of the MRL system developed
at the radiotherapy department of the University Medical Center Utrecht.

(often > 15 seconds). Because of its reduced sensitivity to respiratory motion,
radial sampling is a good alternative for abdominal imaging [61]. Alternatively,
a 4D-MRI can be acquired that captures (i.e. characterizes) motion, instead of
suppress it, similar to 4D-CT. Unfortunately, such acquisitions are not directly
available on clinical MR scanners and therefore an active field of research. Ideally,
a 4D-MRI acquisition is fast, has good contrast between different structures and
sufficient spatial resolution to resolve the motion accurately. Moreover, it should
cover an adequately large 3D field-of-view (FOV) and be consistent over a large
cohort of patients. In conclusion, robust abdominal imaging remains an unsolved
problem but is key to accurate delineations and tumor characterization.

MRL

Motivated by the high flexibility, superior soft-tissue contrast, and real-time imag-
ing feedback, the idea of a hybrid MRI-linac was first proposed in 1999 [62].
Despite numerous technological difficulties, such as magnetic coupling between
the MRI and the linac gun, beam transmission through the cryostat and RF
interference, the first prototypes were already developed around 2008 (see Fig-
ure 1.4). Currently, there are four different designs with various magnetic field
strengths, orientations and radiation sources that have shown proof-of-principles
or are clinically introduced.

The system proposed by the Cross Center Institute (Edmonton, Alberta, Canada)
is based on a biplanar 0.6T magnet with a perpendicular or parallel 6 MV linac
waveguide [63]. A functional prototype with a 0.2 T permanent magnet was built
and tested in 2008 [64].

The Australian MRI-linac also uses a 6 MV linac system, but has a custom
designed 1T open-bore magnet [65]. This system produced the first images in
2016 [66].

The MRIdian system (ViewRay, Mountain View, CA, United States) consists of
a split 0.35T cylindrical magnet, combined with 3 60Co sources, mounted at 120◦

angles around the patient [67]. Despite the relatively low magnetic field, it has
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Brain Head-neck Kidney

Liver
Transversal Coronal Sagittal

Figure 1.5: Example of different anatomical images acquired on the MRL at
the University Medical Center Utrecht.

been successfully used in several hospitals since 2014 [68]. In 2017, a linac-based
system was presented at ESTRO 36.

The research described in this thesis is conducted for the MRI-linac (MRL) ma-
chine, designed at the radiotherapy department in Utrecht in collaboration with
Philips and Elekta [69,70]. This machine combines a whole-body 1.5T cylindrical
MRI scanner (Ingenia, Philips, Best, the Netherlands), with a 7 MV linac (Elekta
AB, Stockholm, Sweden) mounted on a ring-shaped gantry and was unveiled at
ESTRO 36 as the Unity system (see Figure 1.4). A beam passage path, created
by splitting the gradient coil and the main magnet, allows for an irradiation field
of 23 cm in feet-head direction at the isocenter of the system. Proof-of-principle
images were acquired with and without radiation in 2009 [71], while gating [72]
and tracking [73] possibilities were shown in 2011 and 2012, respectively. At the
University Medical Center Utrecht, patients and volunteers have been imaged on
this system since early 2017 (see Figure 1.5) and the first patients were treated
in May 2017.

1.4 Imaging on the MRL

The MRL offers the opportunity to acquire diagnostic quality MR images just
before treatment, so-called pre-beam imaging, and during radiation, a process
called beam-on imaging. While the pre-beam imaging can be used for position-
ing, plan adaptation and motion characterization, the beam-on imaging yields
necessary information for gating and tracking. This increased amount of imaging
information may lead to less uncertainties and therefore allows more conformal

9



Chapter 1 General introduction

dose distributions with smaller margins. Imaging on the MRL can be divided
into three different parts that have their own specific requirements.

Pre-beam imaging

While a single pre-treatment CT provides a snapshot of the anatomy, pre-beam
imaging can produce a daily set of high spatial resolution anatomical images to
determine the daily anatomy. The pre-treatment delineations can subsequently
be transferred to this daily anatomy using deformable image registration. This
information can then be used to apply virtual couch shifts [74], or completely
re-optimized the plan [75, 76], a process called adaptive radiotherapy [77]. This
does not only require high-resolution imaging with sufficient contrast, but also fast
planning tools, as this needs to be performed while the patient is on the treatment
table. Besides set-up imaging, the pre-beam imaging phase can additionally be
used for motion characterization for moving tumors, such as abdominal tumors.
Since the pre-beam imaging time is limited, imaging should be in the order of
seconds to a few minutes, including the reconstruction, and be very robust, since
re-acquisitions are unrealistic. Ideally, sufficient contrast is present to facilitate
deformable registrations or re-delineation, and the tumor and OARs motion is
quantified over a large FOV in three dimensions with high geometric fidelity.

Beam-on imaging

Beam-on imaging has to provide adequate motion information for online gating
and tracking. This requires a sufficiently fast acquisition, reconstruction, and
post-processing to quantify motion with minimal latency. Since a respiratory
cycle typically takes between three and ten seconds, tracking requires sub-second
temporal resolution in the order of a few hundred ms. Ultimately, the imaging
should be volumetric and near real-time with sufficient contrast and resolution.
As this is currently not possible, acquisitions that have sufficient SNR and spatio-
temporal resolution are limited to 2D and therefore lack volumetric coverage.

Imaging for dose calculations

Since imaging data can be acquired during treatment, the accumulated dose could
be calculated after each treatment fraction, by correlating this imaging data with
the linac output. Knowledge of the 3D position of every voxel over the entire
treatment time is prerequisite. However, constraints on reconstruction time are
less stringent, as these calculations can be performed after each fraction. Differ-
ences between the accumulated dose and planned dose can then be accounted for
in the next fraction.

1.5 Scientific contributions and thesis outline

This thesis aims to present strategies for MR-guided abdominal radiotherapy.
These include MR methods for robust abdominal acquisitions and accurate 4D
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motion characterization for pre-treatment and pre-beam imaging, fast MR meth-
ods for beam-on imaging, and MRI-based procedures to calculate the accumulated
dose.

Chapter 2 introduces a volumetric radial stack-of-stars (SOS) acquisition scheme
for pre-treatment and pre-beam 4D-MRI motion characterization. It is shown
that this sampling method is beneficial for reformatting 3D data into a phase-
resolved 4D-MRI compared to conventional Cartesian sampling. Moreover, to
sort the acquired data, several respiratory motion surrogate signal are evaluated
and it is shown that internal surrogates are more robust than external ones. This
acquisition may replace 4D-CT in the future for robust motion characterization.

This radial SOS sampling method is used in Chapter 3 for robust free-breathing
abdominal imaging in the presence of bulk motion. The free-induction decay
(FID) is used as internal surrogate signal to automatically identify and exclude
bulk motion-corrupted data in real time. It is shown that this increases image
quality, reduces artifacts and results in an overall increase of acquisition robust-
ness.

Chapter 4 focuses on generating volumetric MR images with high spatio-temporal
resolution, so-called volumetric cine-MRI. Using the 4D-MRI method outlined in
Chapter 2, a respiratory motion model is generated by parameterizing its under-
lying motion. This model is subsequently used to generate high spatio-temporal
resolution 3D MR volumes by filling in missing volumetric information of fast 2D
beam-on cine-MR images. To ensure its correctness, the accuracy of the 4D-MRI
and 2D cine-MR images is validated using phantom measurements.

In Chapter 5 these volumetric cine-MRIs are used to calculate the accumulated
dose of abdominal tumor treatments. It is shown that precise imaging with suffi-
cient temporal resolution is required for accurate dose tracking algorithms. Both
fast and slow variations in breathing can cause significant deviations from the
planned dose and should be taken into account.

The model introduced in Chapter 4 uses a limited number of 2D slices. By in-
creasing the number of slices, the resulting volumetric cine-MR images are better
defined and more information is available for gating and tracking. SMS and
CAIPIRINHA are promising technique, but rarely used in the abdomen. Chap-
ter 6 investigates the potential acceleration factors that can be achieved using
these methods in the abdomen. By optimizing specific parameters, high acceler-
ation factors can be accomplished, resulting in fast pre-beam imaging and more
beam-on imaging data.

Lastly, the most important findings of this thesis are summarized in Chapter
7. Moreover the benefits and potential of the techniques described in the thesis
for MRI-guided abdominal radiotherapy are discussed and future perspectives are
outlined.
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CHAPTER 2
Optimizing 4D-MRI data
sampling for respiratory

motion analysis of
pancreatic tumors

Stemkens, Bjorn
Tijssen, Rob H.N.
Denis de Senneville, Baudouin
Heerkens, Hanne D.
van Vulpen, Marco
Lagendijk, Jan J.W.
van den Berg, Cornelis A.T.

The following chapter is based on:
Optimizing 4-Dimensional Magnetic Resonance Imaging data sampling for
respiratory motion analysis of pancreatic tumors, 2015, International Journal Of
Radiation Oncology · Biology · Physics; 91: 571-578
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Chapter 2 4D-MRI for respiratory motion analysis

Abstract

Purpose: To determine the optimum sampling strategy for retrospec-
tive reconstruction of 4D-MR data for non-rigid motion characterization
of tumor and organs at risk for radiotherapy purposes.
Methods: For optimization, we compared two surrogate signals (ex-
ternal respiratory bellows and internal MR navigators), and two MR
sampling strategies (Cartesian and radial) in terms of image quality and
robustness. Using the optimized protocol, six pancreatic cancer patients
were scanned to calculate the 4D motion. ROI analysis was performed
to characterize the respiratory-induced motion of the tumor and organs
at risk simultaneously.
Results: The MRI navigator was found to be a more reliable surrogate
for pancreatic motion than the respiratory bellows signal. Radial sam-
pling is most benign for undersampling artifacts and intra-view motion.
Motion characterization revealed inter-organ and inter-patient variation,
as well as heterogeneity within the tumor.
Conclusions: A robust 4D-MRI method, based on clinically available
protocols, is presented and successfully applied to characterize the ab-
dominal motion in a small number of pancreatic cancer patients.
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2.1 Introduction

2.1 Introduction

Radiotherapy treatment of pancreatic cancer is challenging due to motion, pri-
marily induced by respiration. Conventionally, margins are used to ensure full
dose coverage of the target at the cost of extra radiation to nearby organs at risk
(OARs). Prior knowledge about patient specific motion, however, may lead to
more conformal radiation plans [29].

Currently, 4D-CT is the method of choice for motion characterization in radio-
therapy. Unfortunately, CT has limited soft tissue contrast and 4D-CT often
suffers from volume inconsistencies (e.g. duplicating, incomplete, or overlap-
ping structures) caused by discrepancies between the breathing frequency and
the pitch [22, 23]. Magnetic Resonance Imaging (MRI), on the other hand, has
superior soft tissue contrast, allowing better differentiation between tumor and
surrounding tissue. Moreover, the flexibility of image acquisition in MRI could
be used to overcome some of the image artifacts typical of 4D-CT.

Previous authors have reported MRI based motion characterization using 2D-
cine MRI [6, 44, 78, 79]. However, these methods solely provide tumor motion
characteristics, and do not provide information of the OARs.

To construct high resolution 4D-MR data, both prospective gated imaging and
retrospective binning have been explored in previous studies. In prospective gated
imaging, 3D volumes are acquired at different breathing depths [80], determined
for example by a 1D-MRI navigator that records the diaphragm position [81].
However, prospective gating may prolong scan time and the probabilistic infor-
mation about the duration of each respiratory phase is not captured. Conse-
quently, retrospective binning methods have gained interest. To bin the acquired
data into appropriate respiratory phases, a number of respiratory surrogates have
been investigated, such as respiratory bellows [82], image based body area [83], or
2D navigator slices [84]. Cai et al. [83] used 2D axial slices for retrospective slice
stacking, which is closely related to 4D-CT and may therefore suffer from similar
volume inconsistencies similar to 4D-CT. To address these disadvantages, Von
Siebenthal et al. [84] and Tryggestad et al. [82] employed retrospective stacking
of 2D sagittal slices. While Von Siebenthal et al. used a custom 2D acquisition,
Tryggestad et al. used clinical sequences and a novel two-pass sorting approach.
In lieu of these multi-slice 2D methods, volumetric 3D acquired MRI scans, in
which the entire volume is excited each time, have been used by Buerger et al. [85]
for retrospective binning since they inherently have a higher signal-to-noise ratio
(SNR) and no through-plane motion. However, the last three methods either
require a custom read-out or long acquisition/reconstruction times, which is un-
desirable for clinical practice. Ideally, one would like to benefit from the higher
SNR of 3D acquisitions while still employing clinically available scan protocols.
The goal of this study is therefore to develop a robust 4D-MRI method, based on
3D acquired MR data, to characterize respiratory induced motion of pancreatic
tumors and its surrounding OARs using clinically available scan protocols within
a clinically acceptable timeframe. Two motion surrogates, which serve as input
for the binning process, are assessed for their agreement with respiratory induced
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organ motion. Moreover, two MRI sampling strategies are explored in terms of
robustness and image quality in multiple volunteers. The final resulting technique
is applied to six pancreatic cancer patients. To demonstrate the applicability of
this technique to radiotherapy, motion of both tumor and OARs are characterized
using a 3D optical flow (OF) algorithm, because of its short processing time and
minimal user intervention [86].

2.2 Methods

We performed two different experiments in which the surrogate signal and MRI
sampling strategy were independently optimized. The optimized protocol was
then used to scan six pancreatic cancer patients. 3D motion was calculated for
both the tumor and the duodenum over the complete respiratory cycle. All exper-
iments were conducted on a 1.5T Philips Achieva MR scanner (Philips Healthcare,
Best, The Netherlands). Processing was performed using Matlab (The Math-
works, Natick, MA).

Surrogate signal comparison: correlation with pancreatic
motion

Six healthy subjects were scanned using a fast, coronal, 2D transient balanced
steady-state gradient echo (balanced Turbo Field Echo, bTFE) sequence with ra-
dial read-out (α = 30o, TE/TR = 1.3/2.6 ms, FOV = 294 x 294 mm2, pixelsize
= 1.5 x 1.5 mm2, slice thickness = 7 mm, bandwidth = 1580 Hz/px, turbo-factor
= 128, 500 dynamics (i.e. number of consecutive repeats of the 2D sequence),
temporal frequency = 2.6 Hz). The imaging plane was angulated parallel to the
spine to sample along the principal axis of pancreatic motion, thereby reducing
through-plane motion. The image acquisition was interleaved with a 1D MRI
navigator, which was positioned at the dome of the right hemi-diaphragm and
processed online using the vendors reconstruction method. The respiratory bel-
lows, provided by the MRI vendor, were placed on the upper abdomen. While
the navigator is inherently synchronized with the motion in the 2D images, the
bellows signal required minor manual synchronization, due to imperfect temporal
synchronization with the MR acquisition.

Pixel-wise non-rigid displacement was calculated on the 2D time series using
a 2D OF algorithm [87–90]. In short, the OF algorithm calculates non-rigid
displacement between two imaging frames based on intensity gradients with an
additional constraint on motion smoothness to model elastic organ deformation.
To assess the agreement of the two surrogates with the pancreatic motion, we
performed a general linear model (GLM) analysis, which is a least-squares fit to
the data described by Y = Xβ + η. Here, Y is the pixel-based cranio-caudal
(CC) motion, obtained from the pixel-by-pixel vectorfield calculated by the 2D
OF algorithm, β the parameter estimates, X the surrogate signal and η represents
the residuals. This analysis was performed on each pixel independently. The root
mean square of the residuals was calculated and plotted in a spatial residual error
map to find the surrogate with the lowest residuals. Furthermore, power spectrum
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Table 2.1: Acquisition parameters for the in-vivo experiments for 2 different
in-plane sampling strategies, with the number of healthy volunteers scanned using
the corresponding protocol.

Parameter Cartesian Radial

Time to echo [ms] 1.45 1.45
Time to repetition [ms] 3.0 3.0
Flip angle [o] 30 30
FOV [mm3] 330 x 250 x 64 330 x 330 x 96
Matrix Size 152 x 126 x 16 152 x 152 x 24
Dynamics 50 25
Tacq [min] 10:13.7 8:35.1
Bandwidth [Hz/px] 1780 1780
No. of subjects 5 10

analysis (PSA) was performed on the surrogate signals and the pancreatic motion
to get insight in the agreement in frequency range of the surrogates with the
pancreatic motion.

In-vivo experiments

Eleven healthy volunteers provided written informed consent to be scanned ac-
cording to institutional rules to test the feasibility and robustness of the proposed
4D-MRI technique. A clinically available 3D bTFE with Cartesian or radial in-
plane sampling was used, utilizing the parameters described in Table 2.1. Turbo
direction was along kz and a shot length equal to the amount of slices, thus ac-
quiring all kz lines within a single shot (see Figure 2.1a). Prior to each shot, a 1D
MR navigator, placed at the dome of the right hemi-diaphragm, was acquired. 25
dynamics (i.e. the number of repeats of a 3D volume acquisition) were acquired
for the radial protocol as a concession between imaging time and filling. For the
Cartesian protocol 50 dynamics were acquired to assure sufficient data were ac-
quired at the center of k-space. Four volunteers were scanned with both radial
and Cartesian protocol. Due to time constraints, six volunteers were scanned
using solely the radial protocol (from which two had a smaller FOV of 330 x 330
x 64 mm3), whereas one subject was scanned using only the Cartesian protocol.

Reconstruction was performed offline on an 8-core CPU computer using Recon-
Frame (Gyrotools, Zurich, CH), which is a commercial Matlab-based MRI recon-
struction software package with the ability to operate on the MRI scanner. Using
the respiratory waveform derived from the navigator, k-space data were sorted
into ten respiratory phases using phase binning (i.e. equal-time based binning),
similar to 4D-CT phase binning. Complex averaging was performed to increase
SNR, when certain k-space segments were acquired multiple times. In case no
k-lines were assigned, the lines were left blank. Image quality was assessed both
visually and using the structural similarity (SSIM) index [91], which calculates
the similarity between two images as a ratio between 0 (no similarity) and 1 (per-
fect similarity). SSIM values were calculated between undersampled images and
the full reference (i.e. 50 dynamics for Cartesian, 25 dynamics for radial).
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Figure 2.1: Workflow of the in vivo experiments. (a) Cartesian and radial
trajectories with turbo direction along kz. First, readout lines r1,1 · · · r1,n are
acquired within 1 turbo field echo shot. In the next shot, r2,1 · · · r2,n are acquired,
etc. (b) Graphic overview of the phase binning method for a respiratory signal. (c)
After reconstruction, 3-dimensional images are registered to the reference volume,
which results in a 4-dimensional deformation field.

4D non-rigid motion analysis of tumor and OAR

Six patients with an unresectable pancreas tumor were scanned using the ra-
dial protocol described in Table 2.1 according to institutional rules after written
informed consent. After phase binning and image reconstruction, non-rigid dis-
placement between the respiratory phases was estimated using a multi-threaded
optimized 3D OF algorithm [86]. All respiratory phases were registered to one
reference phase (the first, exhale phase) as can be seen in Figure 2.1c. The tumor
and OARs were delineated on the reconstructed reference volume, and the mean
motion within each delineated structure was calculated for all respiratory phases
to construct motion trajectories of the tumor and duodenum over ten respiratory
phases.

2.3 Results

Surrogate signal comparison: correlation with pancreatic
motion

Figure 2.2a shows the residual maps of the GLM analysis using either the respi-
ratory bellows (upper row) or the MRI navigator (lower row) as surrogate signal
to model the motion within the abdomen for three out of the six subjects. The
inhomogeneous residual maps indicate motion heterogeneity over the FOV. More-
over, the liver and pancreas show better correlation with the surrogates than the
intestines. It can be seen that the residuals within the delineated pancreas are
significantly higher for the bellows in subject one and two, whereas subject three
demonstrates comparable values. The residual error within the pancreas over
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Figure 2.2: (a) Residual errors of the general linear model (GLM) after regres-
sion with both surrogates in 3 representative subjects with the pancreas delin-
eated. (b) Power spectra displaying the power (x-axis) at different frequencies
(y-axis) of the pancreatic motion, navigator, and bellows signal (results shown
for subjects 1 and 2). Respiratory peaks are visible between 0.25 and 0.32 Hz
for all modalities, but low-frequency peaks only in the pancreatic motion and
navigator spectrum. Moreover, peaks induced by cardiac motion are revealed at
1 Hz for subject 2 in the bellows spectrum.

the six subjects is 2.4 ± 1.1 times higher for the bellows compared to when the
navigator is used. Moreover, the respiratory bellows signal required manual syn-
chronization. Figure 2.2b displays the power spectra of the pancreatic motion,
and the spectra of the two surrogates for the first two subjects shown in panel
a. Aside from large respiratory peaks between 0.2 and 0.32 Hz in all spectra,
the power spectrum of the respiratory bellows of subject 2 displays additional
peaks close to 1 Hz, owing to cardiac motion. Moreover, low frequencies (≤0.05
Hz) are present in the spectra of the pancreatic motion and the navigator for
both subjects, which may indicate slow frequency position drifts or noise of the
respiratory motion. These peaks are absent in the spectra of the bellows, which
could be the result of filtering of this signal by the scanner.

In-vivo experiments

Figure 2.3a displays the reconstructed images of maximum exhale (phase 1) for
Cartesian and radial sampling using an increasing amount of dynamics (i.e. de-
creasing amount of undersampling after data reordering). The Cartesian sampled
images reveal ghosting artifacts in all reconstructions as a result of undersampling.
Radially sampled images show minor streaking artifacts when 10 dynamics are
used, which become less pronounced when more dynamics are included, as a re-
sult of less undersampling). SSIM values between 10 and 20 dynamics and the
full reference are 0.69 ± 0.033 and 0.81 ± 0.033 for Cartesian and 0.76 ± 0.017
and 0.93 ± 0.023 for radial between all subjects. This shows that radial sampling
is more benign for undersampling, revealing fewer artifacts. Moreover, the large
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Figure 2.3: Resulting images for Cartesian and radial in-plane sampling. (a) Re-
constructions of exhale phase (phase 1) using an increasing number of dynamics,
and (b) fully sampled reconstructions of inhale phase (phase 5).

standard deviation for Cartesian sampled images demonstrates the large variety
in image quality, which is primarily caused by the unpredictability of sorting lines
close to the k-space center to all the respiratory phases. When these lines are
absent, this will severely deteriorate image quality, causing severe ghosting arti-
facts. Figure 2.3b displays the reconstructed images for inhale (phase 5), which is
the most difficult image to reconstruct due to large intra-phase variation. Despite
100% filling, the Cartesian sampled images still experience ghosting artifacts, as
a result of intra-view motion. The image quality of the radially sampled image,
on the other hand, is comparable to the first phase. These images demonstrate
sufficient SNR and contrast for delineations and motion analysis (see Figure e1
(www.redjournal.org) for reconstructed images of all phases using radial sam-
pling).

4D non-rigid motion analysis of tumor and OAR

Figure 2.4 shows a coronal and sagittal slice with the vectorfield displayed on
top in panels a-b. Panel c shows the cranio-caudal (CC) displacement between
the inhale and exhale phase (i.e. the reference phase) for one patient. The mo-
tion trajectories of the tumor and duodenum are shown in panels d-e for three
other patients. Each trajectory displays the average displacement over the en-
tire tumor/duodenum. The vectorfields demonstrate the motion heterogeneity
within the FOV. Figure 2.4c reveals large CC motion for the tumor and the
OARs, whereas the motion around the spine and closer to the body contour is
significantly less. Substantial differences in CC motion are observed for the two
kidneys. AP motion is considerably less, with the largest anterior motion at the
location of the psoas muscle, affecting both kidneys. LR motion is marginal in all
structures. Furthermore, heterogeneity of motion is observed within the tumor
(arrow). As the tumor shown here was unresectable, the heterogeneity could re-
sult from ingrowth into blood vessels that immobilize the tumor at this location.
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Figure 2.4: Vector fields displayed on top of (a) coronal and (b) sagittal slices
of the first patient alongside corresponding (c) cranio-caudal (CC) motion with
the tumor (arrow) and other structures delineated. (d) Coronal and (e) sagittal
motion of tumor and duodenum for 3 patients.

This phenomenon was present in four patients. Motion trajectories over all res-
piratory phases exhibit hysteresis effects for both the tumor and the duodenum
(Figure 2.4d-e). Table 2.2 lists the displacement between ex- and inhale for the
tumor and duodenum in CC, AP and LR direction for the six patients. Addi-
tionally, the magnitude of the resulting 3D vector (i.e. total motion) is noted.
Moreover, the average motion and standard deviation are displayed in the two
bottom rows. Duodenum motion was found to be larger in amplitude in CC and
AP direction and overall motion compared to tumor motion. Total processing
time, which consisted of acquisition (8:35), rebinning/reconstruction (2:44), and
4D motion characterization using optical flow (1:39), was 12:58 minutes for each
patient.
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2.4 Discussion

In this paper, a novel 4D-MRI method was presented using only clinically available
scan protocols. The total imaging and processing time was less than 15 minutes,
which makes MRI based motion characterization of tumor and OARs clinically
feasible.

We have shown a 1D MRI navigator correlated better with pancreatic motion
than external respiratory bellows. Moreover, synchronization between the ac-
quired image data and the MR navigator is more robust than for the bellows,
which require manual preprocessing, as mentioned previously [82]. It is notewor-
thy, however, that the acquisition of the MR navigator requires some additional
scanning time (±15% increase in scanning time). Additionally, the low frequency
drifts observed in the power spectra may have a significant influence on image
quality if amplitude binning is used, since these drifts influence the amplitude of
the respiratory waveform.

It was demonstrated that radial in-plane sampling is superior to Cartesian sam-
pling. In radial sampling the center of k-space is sampled for every read-out line,
which makes the sequence more robust against image artifacts resulting from un-
dersampling (i.e. incompletely filled phases) or intra-view motion (i.e. intra-phase
amplitude variation) [92,93]. For quantification of SSIM values, the full reference
was defined as an image with no image artifacts, as a result of undersampling.
Since radial sampling is more benign for undersampling, only 25 dynamics were
required (i.e. 7% undersampling), whereas Cartesian sampled images showed
sufficient image quality after 50 dynamics (i.e. 1% undersampling).

Finally, a demonstration of 4D motion analyses was shown in six patients. We
were able to detect inter-organ and inter-patient variation, which shows the clin-
ical importance of patient specific motion models. Motion heterogeneity was
apparent within the tumors, which may be caused by fixation of the tumor to
blood vessels, due to ingrowth, which was confirmed by a radiologist.

The calculated patient specific 4D motion trajectories can be used for optimizing
the radiation plan for both the GTV and the OARs in abdominal tumors. This
can be used to transition from a population-based ITV [94] to a patient-specific
ITV. Moreover, the ability to perform motion characterization of OARs, such as
the duodenum, allows for better definition of planning organs at risk volumes
(PRVs) [95], which will aid reducing toxicity. Further, with the development of
MR-Linac systems (e.g. [70]), the presented techniques can be used to calculate
the daily variation in motion, online, just prior to treatment and used for online
tracking models and beam steering. Although the technique is only used for
pancreatic tumors in this study, we believe it can be used for other abdominal
tumors, which suffer from respiratory motion, e.g. liver and kidney tumors.

This study has some limitations. Higher frequency induced motion (e.g. pulsatile
motion) will not be visualized by retrospective respiratory binning, which is a
limitation of any retrospective method. Furthermore, retrospective binning rep-
resents the motion of an average breathing cycle, whereas inter- and intra-cycle
variation is not modeled, which may vary substantially (as was seen in the 2D
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data).

Moreover, a thorough validation of the 3D OF algorithm is required for clinical
implementation. Ideally, a comparison with a gold standard is preferred. Al-
though this is a topic of active research, such a validation is beyond the scope of
this article. Previous studies, however, have examined the accuracy of the OF
algorithm on 2D MR images [87–89, 96], and in 3D on 4D-CT data [86] using
manual tracking and found an accuracy of 0.33 0.80 mm and 1.1 mm in 2D
and 3D respectively. To visually assess if 3D MRI data is registered with similar
accuracy, all images were registered to the reference phase and visually inspected
for residual motion, which revealed small residual errors, indicating good motion
estimations (see Figure e2, www.redjournal.org). Additionally, motion vectors of
consecutive phases were added in the complete FOV for all patients, resulting in a
mean residual error of 0.51 mm. Since this trajectory comprises a full respiratory
cycle, the error should be close to zero. Lastly, the OF results were compared to
displacement results obtained by Elastix [97]. Elastix is a widely used ITK-based
non-rigid registration package, employing B-spline registration. The motion tra-
jectories of the tumor and duodenum revealed similar motion paths, with an
average difference below 0.5 mm. On top of that, manual tracking of the tu-
mor in ex- and inhale revealed similar values as summarized in Table 2.2 for the
change in center of gravity between ex- and inhale. Future studies will mainly
focus on investigating the accuracy of the OF algorithm, the overall accuracy of
the 4D-MR technique and the comparison with 4D-CT.

2.5 Conclusion

A way to estimate 3D motion for ten respiratory phases based on retrospectively
binning of k-space data using solely clinically scanning protocols has been pre-
sented. Respiratory binning based on internal MR navigators, in combination
with radial in-plane sampling was found to be the most robust approach for gen-
erating 4D-MRI data. Using a fast 3D optical flow algorithm, we were able to
calculate 4D motion for all abdominal structures within 13 minutes after starting
acquisition.
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Abstract

Purpose: Non-Cartesian free-breathing MR sequences have shown
great promise for robust abdominal examination, but these sequences
can have difficulty coping with bulk patient motion (i.e. voluntary or
involuntary patient movement resulting in translation, rotation or elas-
tic deformations of the body). This work describes a data-consistency-
driven image stabilization technique, which detects and excludes bulk
movements during data acquisition.
Methods: Bulk motion is detected by identifying changes in the signal-
intensity distribution across different elements of a multi-channel receive
coil array. A short free-induction decay signal is acquired after excitation
and used as measure to determine alterations in the load distribution.
The technique was implemented on a clinical MR scanner and evaluated
in the abdomen. In addition, motion-resolved images were reconstructed
to demonstrate the possibility for further reduction of respiratory mo-
tion. Neck and knee images were acquired to show the applicability to
other body areas.
Results: Data corrupted by bulk motion was successfully detected and
excluded from image reconstruction. An overall increase in image sharp-
ness and reduction of streaking and shine-through artifacts were observed
in an abdominal volunteer study as well as in neck and knee examina-
tions.
Conclusions: The proposed technique enables automatic real-time de-
tection and exclusion of bulk motion during free-breathing abdominal
MR examinations without user interaction. It may help to improve the
reliability of pediatric examinations without use of sedation.
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3.1 Introduction

Motion poses a key challenge for diagnostic three-dimensional (3D) MR exam-
ination of the abdomen. Both physiological motion, such as respiratory and
cardiac motion, and bulk motion, caused by bulk body movements or cough-
ing, can impair the image quality and result in non-diagnostic images [98–100].
Various strategies have been proposed to handle physiological motion-related ar-
tifacts. Common approaches for avoiding respiratory-motion artifacts include
breath-hold [101] and respiration-gated acquisitions [80,102]. However, many pa-
tients are unable to suspend respiration long enough to acquire sufficient data
(often ≥15 seconds). Moreover, pediatric patients may not be able to hold their
breath at all, and they can perform sudden movements. Therefore, general anes-
thesia or deep sedation is often necessary to obtain diagnostic images in these
patients [103]. Disadvantages of sedation include health risks [104] as well as
increased logistical complexity and costs. As an alternative, gated or triggered
acquisitions can be employed, using either respiratory bellows or navigators, which
result in significantly reduced scan efficiency. Furthermore, respiratory bellows
cannot differentiate respiratory- and non-respiratory-related motion. Navigators,
on the other hand, may affect the contrast of the imaging volume or interrupt the
steady state. A comprehensive review of motion-compensation techniques can be
found in Zaitsev et al. [99], van Heeswijk et al. [100], and MacLaren et al. [105].

In recent years, free-breathing approaches based on non-Cartesian k-space acqui-
sition have become popular [61,106–108]. Residual respiration artifacts can addi-
tionally be removed by weighting the data with the amount of motion [109, 110]
or by reconstructing multiple respiratory phases [111]. However, these techniques
cannot correct for bulk motion, which includes voluntary and involuntary pa-
tient movement resulting in translation, rotation, or elastic deformation of the
body [100]. One possibility to remove bulk motion is to exclude corrupted data
retrospectively [112]. Because the duration and number of intervals with bulk
motion is not known in advance, k-space has to be acquired with significant
oversampling to provide sufficient k-space coverage. This prolongs the scan time
unnecessarily if no (or only short) intervals of bulk motion occur, or results in
residual undersampling artifacts if more bulk motion than expected occurs.

Prospective methods [113, 114] either reacquire motion-corrupted data [113] or
stop the acquisition when patient motion occurs [114], based on motion informa-
tion derived from navigator scans. Intermediate navigator acquisition, however,
prolongs the scan time and may not be compatible with all sequence types.

The aim of this work was to develop a novel time-efficient adaptive, data-consistency-
driven image stabilization technique to detect and exclude bulk movements. This
is achieved by calculating a consistency measure for the acquired data in real-
time and continuing the acquisition until sufficient consistent data is acquired.
Without user interaction, the technique automatically detects motion-free win-
dows and stops the scan if sufficient data have been acquired. The method has
been tested in five healthy volunteers.

While the proposed technique efficiently rejects data corrupted by bulk motion,
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it intentionally does not detect respiratory motion, which remains visible in the
motion-stabilized images. Residual respiratory motion can be removed in a second
processing step by applying the previously described XD-GRASP approach [111]
to the motion-stabilized data, which is shown for a free-breathing abdominal
scan. To demonstrate the techniques generalizability, additional head/neck and
knee examinations were performed.

3.2 Methods

Overall strategy

The strategy of the proposed technique is to obtain a consistent data window
that is not corrupted by bulk motion and that contains sufficient samples to
reconstruct images with diagnostic quality. To this end, k-space samples are
acquired continuously while a real-time mechanism evaluates whether bulk motion
is occurring or not.

Several possibilities exist to extract motion from the acquired data, commonly
referred to as self-navigation techniques. One option is to detect motion from
non-phase-encoded k-space center lines [111, 115]. While this can be accom-
plished efficiently for stack-of-stars sequences [111] and other non-Cartesian 3D
trajectories, for Cartesian 3D sampling this requires acquisition of additional non-
phase-encoded k-space lines, which prolongs scan time [115]. Alternatively, free
induction decay (FID) navigators can be acquired, which sample the center of
k-space immediately after the radiofrequency (RF) excitation without spatial en-
coding [116–119]. This has minimal impact on the echo time (TE), requires no
additional RF pulses, and can be generalized to many different k-space trajecto-
ries. The FID approach is used in the current work to derive a motion signal. It
has been shown previously that variations in the signal-intensity ratio between
different receive coils allow identification of bulk motion [115]. When bulk mo-
tion is detected, the data are rejected until the subject holds still. The scan is
stopped automatically when a pre-defined window of non-corrupted consecutive
k-space lines has been acquired. Data affected by bulk motion are discarded be-
cause it cannot be assumed that the absolute position of the patient before and
after bulk motion will be identical. If no such data window can be found within
a user-specified maximal scan time (e.g., when the subject moves continuously),
the best available window (i.e. longest window without bulk motion) is identified
and used for image reconstruction. The entire procedure is schematically shown
in Figure 3.1. It is important to note that if the subject does not move during
the exam, the technique does not prolong scan time relative to a non-stabilized
exam.

Implementation

Data are acquired using a T1-weighted radial 3D gradient-echo sequence with
both RF and gradient spoiling [61]. A stack-of-stars scheme with Cartesian en-
coding along the kz-plane and radial sampling in the kx-ky plane is used for
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Figure 3.1: Schematic overview of the workflow for the proposed bulk motion
exclusion technique. A radial stack-of-stars 3D sequence has been modified to
acquire a FID signal after RF excitation. The FID data are sent to the real-time
processing system, which calculates the consistency of the current projection with
a reference projection based on the correlation coefficient. Once sufficient motion-
free data have been acquired, or if the maximum scan time has been reached, a
stop signal is sent to the scanner. Data from the accepted window are then
reconstructed on the scanner.

volumetric k-space coverage. After spectral fat suppression, all partitions for one
radial angle are acquired with centric reordering before the readout scheme is re-
peated for subsequent radial projections. Golden-angle ordering with an angular
increment of 111.246◦ [57] is used for continuous data acquisition. To obtain mo-
tion information, 32 samples of the FID signal are acquired after rewinding the
slice-selection gradient, which increases the echo time by less than 0.5 ms. This
combination of FID sampling and golden-angle radial sampling may prove to be
a robust method for real-time motion compensation. The entire data acquisition
scheme is shown in Figure 3.1.

The FID signals are transferred to the real-time control component of the Siemens
image calculation (ICE) framework of the scanner where the processing and de-
tection of bulk motion has been implemented. To reduce the latency of the data
transfer, only the FID signals from the center k-space partition are sent. The first
and last four samples of each FID signal are discarded to account for pre- and
post-ringing. The remaining samples are summed and, for each projection, the
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summed values from the different coils are concatenated into a projection vector
of length Ncoil.

Motion is detected by calculating the correlation coefficient between a reference
projection vector and all other projection vectors [115]. The correlation coefficient
CC is defined as

CCx,y =

∑Ncoil

i=1 ((xi − x̄) (yi − ȳ))√
1

Ncoil−1

∑Ncoil

i=1 (xi − x̄)
2
√

1
Ncoil−1

∑Ncoil

i=1 (yi − ȳ)
2
, (3.1)

where xi and yi denote the i-th entry of the current projection vector x and
reference projection y. x̄ and ȳ are the mean values of both vectors.

A low correlation coefficient implies that the load distribution of the coil elements
has changed. This indicates that the patient position has been altered between
the projections. Since it is not known beforehand if and when bulk motion occurs,
the reference projection vector, which is defined as the projection with highest
overall correlation to all previously acquired projections, is dynamically updated
after each projection. The calculation of all correlation coefficients is computa-
tionally demanding and cannot always be done in real time. In the current imple-
mentation, the reference projection is, therefore, only calculated within a sliding
window containing the previous 100 projections. Outlier projections, which indi-
cate bulk motion, are identified using a user-defined acceptance threshold for the
correlation coefficient.

Imaging studies

All volunteer scans for this study were approved by the Institutional Review Board
(IRB) and were HIPAA compliant. Written informed consent was obtained for
all imaging studies.

Abdominal imaging

Six healthy volunteers (3 male, 3 female) were scanned on a 3T scanner (MAGNE-
TOM Skyra, Siemens Healthineers, Germany) equipped with a 24-element spine
coil array in combination with an 18-element body coil array. For each volunteer,
four separate free-breathing scans were performed during which the subjects were
asked to perform different motion tasks (Table 3.1). Additionally, a scan without
bulk motion was acquired as reference. Data were acquired with the described
3D radial stack-of-stars sequence. The maximum scan time was set to 5:11 min,
which corresponds to a total of 1500 projections. The length of the acceptance
window was set to 400 projections (1:23 min) to fulfill the Nyquist-criterion for
radial sampling. A threshold of 0.975 was used to differentiate between regu-
lar breathing motion and bulk motion. This value was chosen empirically after
evaluating results with different thresholds (an example is shown in Supporting
Figure S1). For all scans, the liver was covered with 72 transversal slices using the
following sequence parameters: field-of-view (FOV) = 350 x 350 x 216 mm3, slice
resolution = 72%, flip angle = 12◦, TR/TE = 3.35/1.71 ms, readout bandwidth
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Table 3.1: Motion instructions given to the volunteers for the four different
scans. The scan was stopped automatically when a user-defined number of con-
sistent projections were acquired.

Types of motion for the four separate volunteer scans

Free-breathing (∼45 sec) – Bulk motion (∼30 sec) – Free-breathing
(until scan stops automatically)
Bulk motion (∼30 sec) – Free-breathing (until scan stops automatically)
Free-breathing (∼45 sec) – Change position – Free-breathing (until scan
stops automatically)
Random motion, up to the subject (∼45 sec) – Free-breathing (until
scan stops automatically)

= 890 Hz/px. Using a matrix size of 256 x 256 pixels, the resulting resolution
was 1.4 x 1.4 x 3.0 mm3.

Neck and knee imaging

To demonstrate the applicability of the technique to other body areas, both a
neck scan and a knee scan were performed in one volunteer each. For the neck
scan, the subject was asked to perform random head motion during the scan.
A 3T scanner (MAGNETOM Skyra, Siemens Healthineers, Germany) equipped
with a 20-element combined head/neck coil array was used to acquire data with
the radial stack-of-stars sequence. The length of the acceptance window was set
to 400 projections (1:47 min), while the maximum scan time was set to 6:42 min
(1500 projections). 72 transversal slices with the following imaging parameters
were used to cover the neck area: field-of-view (FOV) = 200 x 200 x 216 mm3,
matrix size = 256 x 256 pixels, resolution = 0.8 x 0.8 x 3.0 mm3, slice resolution =
72%, flip angle = 12◦, TR/TE = 4.40/2.25 ms, readout bandwidth = 650 Hz/px.

For the knee scan, the subject was instructed not to move during the first 40
sec of the scan, then to move the knee for 50 sec, and to suspend motion for
the remainder of the scan. A radial stack-of-stars dataset was acquired using a
3T scanner (MAGNETOM Prisma, Siemens Healthineers, Germany), equipped
with a 15-element knee coil array (QED, Cleveland, Ohio, USA). The following
imaging parameters were used to cover the knee with 72 transversal slices: field-
of-view (FOV) = 190 x 190 x 144 mm3, matrix size = 256 x 256 pixels, resolution
= 0.7 x 0.7 x 2.0 mm3, slice resolution = 72%, flip angle = 12◦, TR/TE =
4.51/2.30 ms, readout bandwidth = 670 Hz/px. The maximum scan time was
set to 6:48 min (1500 projections), while the length of the acceptance window
was set to 400 projections (1:49 min). Because breathing motion does not occur
in a knee exam and because bulk movements are expected to be less severe, the
correlation values are expected to be higher than for abdominal scans. Therefore,
the threshold value was increased to 0.995.
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Image reconstruction

After real-time detection of the motion-free data window, the window borders
are transferred to the reconstruction pipeline. Final images are reconstructed
using only the projections from within this data window. Image reconstruction is
performed using custom-developed modules in the ICE framework. First, phase
encoding along the slice direction is removed by applying an inverse fast Fourier
transformation (FFT). After density compensation with a Ram-Lak filter, images
are then reconstructed with a non-uniform FFT, which uses a Kaiser-Bessel win-
dow as interpolation kernel for the gridding step. Because the processing has been
implemented into the scanner framework, built-in post-processing steps, such as
image-distortion correction, are performed automatically, while additional correc-
tions, such as gradient delay corrections, are not implemented. A sum-of-squares
algorithm was used to combine signals from different coil channels and inhomo-
geneities in the receive profiles were compensated by enabling prescan normalize.
Calculated correlation coefficients and the borders of the accepted window are
written into a text file, which is exported for optional visualization of the motion
curves.

To demonstrate the performance of the proposed image-stabilization technique,
the automatically reconstructed images are compared with two additional recon-
structions using 1) the same window length, but starting from the first projection
(i.e. the first 400 projections), and 2) all acquired projections, corresponding to
the same maximum scan duration. To show the compatibility of the proposed
method with additional respiratory motion compensation, the XD-GRASP ap-
proach [111] was applied to the accepted data window from one volunteer dataset.
The FID navigator data allows detection not only of bulk motion but also of res-
piratory motion. This information was used to sort the data into four respiratory
states, ranging from end-expiration to end-inspiration. Each frame then con-
sisted of 100 projections, which would result in visible undersampling artifacts in
standard regridding reconstructions. Therefore, an iterative reconstruction was
performed that minimizes the total variation along the respiratory dimension to
suppress radial undersampling artifacts. As final step, the respiratory phases
were registered using a non-rigid 3D optical flow algorithm [88] and averaged to
generate one final high-quality image.

Validation

To validate the correlation measure for detection of bulk motion, the four abdom-
inal scans of one additional volunteer were acquired and recorded with a video
camera (PowerShot SX170IS, Canon Inc., Tokyo, Japan), which was mounted
outside the bore. Start of the MR acquisition was determined using the audio
signal. Bulk motion was detected from the videos by calculating the sum of ab-
solute differences (SAD) between consecutive frames. When no motion or only
slight motion occurs between frames, such as regular breathing, the SAD value
is very small. Bulk motion, in contrast, results in a high SAD value. For each
scan, the SAD values were plotted over time and visually compared with the
corresponding plot of the correlation coefficients.
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Figure 3.2: Plots of the correlation coefficients calculated from the FID navi-
gator (blue) and the sum-of-absolute differences (SAD) from the video (orange)
for the four scans from one volunteer. When bulk momotiontion occurred, the
correlation decreased, whereas the SAD increased. Note that, as a result of noise
and respiratory motion, the SAD values are nonzero even when no bulk motion
occurs.

3.3 Results

Validation

Figure 3.2 summarizes the results from the video validation for one of the volun-
teers. For all scans, the motion curve detected with the proposed technique (blue)
shows high agreement with the motion detected on video (orange). When bulk
motion occurs, the correlation coefficient decreases while the SAD increases due
to the larger differences between the video frames (see Supporting Video S1 in
Supplementary Material). Because of noise and respiration, SAD values ranged
between 0.1 and 0.2 even in intervals without bulk motion. Figure 3.2c shows
plots from the scan when the volunteer changed position. The two positions are
clearly distinguishable from the FID motion curve, whereas the video-based de-
tection only indicates the moment when the subject moved. Figure 3.2d shows
different periods of free breathing and bulk motion. The initial peaks around 40
sec were caused by coughing. The last peak around 300 sec was caused by head
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motion, which was, appropriately, not identified by the FID navigators because
the RF pulse did not excite this part of the body. Because no consistent window
of 400 projections was detected, the scan was stopped after 311 sec and the best
window, between 50 and 100 sec, was used for image reconstruction.

3D abdominal imaging with bulk motion

Figure 3.3 compares images reconstructed from the first 400 projections (orange),
all acquired projections (red), and only the accepted projections (green) with
the reference free-breathing acquisition without bulk motion for a volunteer that
changed position once. Additionally, the time course of the correlation coefficient
is shown (Figure 3.3b). A major reduction of shine-through artifacts can be seen
with the proposed technique. Although the reconstruction using all projections
shows fewer streaking artifacts and higher SNR, the images are non-diagnostic due
to the two overlapping positions of the subject. These artifacts are removed with
the proposed technique, which shows comparable image quality to the reference
free-breathing acquisition.

Figure 3.4 shows results from another subject that started moving after 36 sec-
onds (175 projections), followed by normal free-breathing after 65 seconds (317
projections). Images from the initial 400 projections show substantial motion
artifacts in both transversal and sagittal view. The artifact strength is somewhat
reduced in the transversal view when all 717 projections are used, but is worse
in the sagittal view. Best image quality is achieved if only the accepted projec-
tions are used, with similar image quality to the reference reconstruction in the
transversal view. Respiratory motion remains visible, resulting in blurring at the
top of the diaphragm on the sagittal view, which appears to be slightly less in
the reference free-breathing acquisition without bulk motion.

Motion-resolved 3D abdominal imaging

Figure 3.5 shows images with and without additional respiratory motion com-
pensation. In the motion-averaged image (Figure 3.5a), blurring is observed at
the tip of the liver in the coronal and sagittal views, as well as around the liver
vessels on the transversal view. The individual respiratory phases from the XD-
GRASP reconstruction show much sharper edges and contours in all views and
phases (Figure 3.5b). Residual undersampling artifacts are visible, which are not
completely removed by the motion-resolved reconstruction. After averaging the
non-rigidly registered volumes, these artifacts are largely removed. The respira-
tory signal extracted from the FID signal correlated well with the self-navigation
signal extracted from the center of k-space.

3D head/neck and knee imaging

Figure 3.6a shows results from the head/neck scan during which the volunteer
moved her head twice. The rotations are clearly noticeable in the correlation
plot around projection number 180 and 330. Although the movements and cor-
responding artifacts are more subtle than for abdominal bulk motion, reduced
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Figure 3.3: Results from a healthy volunteer that changed position once. (a)
Reconstructions from the first 400 projections (orange), all projections (red),
and the accepted projections (green). Additionally, the reference free-breathing
reconstruction is shown that was acquired in a separate bulk-motion-free scan.
(b) Correlation coefficients and the corresponding data windows from (a).

artifacts are observed with the proposed technique, indicated by the white ar-
rows. Results from the knee scan are shown in Figure 3.6b. The correlation plot
clearly reveals motion between projections 150 and 340. When these data are
included in the reconstruction, image quality is severely degraded, and artifacts
are clearly visible as indicated by the white arrows. With the proposed technique,
a motion-free interval was identified and improved image quality without motion
artifacts was obtained.

3.4 Discussion

While a variety of techniques for motion-robust abdominal imaging have been
proposed in literature, occurrence of bulk motion still poses an unresolved problem
and can result in non-diagnostic image quality or misinterpretation of images.
This work describes a novel technique to detect and exclude non-respiratory bulk
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Figure 3.4: Results from another volunteer that started with free-breathing,
followed by bulk motion and normal breathing without bulk motion after 330
projections. (a) Reconstructed images in transversal and sagittal orientation and
(b) corresponding data windows for the initial 400 projections (orange), all projec-
tions (red), or the accepted projections (green). Note that the proposed method
does not correct for respiratory motion, resulting in residual blurring at the di-
aphragm, similar to the free-breathing reference reconstruction.

motion from continuously acquired 3D scans, based on measuring variations in the
signal-intensity distribution between different elements of a multi-channel receive
coil. Using recordings of volunteer scans, it has been validated that the variations
in FID intensity ratios correlate with bulk motion (see Supporting Video S1 in
Supplementary Material). Five volunteers were scanned and asked to perform
different types of motion, including free breathing, bulk motion, position changes,
coughing, moving the coil or arms, and rolling around. For all motion types, the
proposed technique was able to detect motion-free data windows.

The technique has several advantages over previously described methods for ret-
rospective bulk-motion correction [112,120]. First, it is fully automatic and does
not require user interaction. Since a minimum number of projections is always ac-
quired, images can be reconstructed directly on the scanner without need for com-
plex processing such as compressed sensing [121] or registration algorithms [120].
Second, the technique is time efficient, as no assumptions are made regarding if,
when, and how much bulk motion might occur during the scan. This is important
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Figure 3.5: Respiration-resolved reconstruction for one volunteer. (a) Motion-
averaged reconstructed volumes from the bulk-motion-stabilized data with blur-
ring due to respiratory motion. These images show residual blurring as a conse-
quence of respiratory motion. (b) Motion-resolved images for the four respiratory
phases with increased sharpness in all planes. Residual undersampling artifacts
are observed, as visible in the inferior positions of the coronal view. The red line
is displayed for visual feedback to show that the different respiratory phases do
indeed represent different diaphragmatic positions and stages of the respiratory
cycle. (c) Averaged image after registration to a fixed respiratory phase, which
is largely artifact-free.

because some patients may start moving when the scan starts (due to acoustic
noise onset), whereas others may move at a later time (due to discomfort). If
no bulk motion occurs, only the minimum scan time is used, which may not be
the case for retrospective bulk-motion removal [112]. Third, to ensure that the
scan time is not unreasonably prolonged in presence of ongoing bulk motion, a
maximum allowed scan time can be defined. The longest bulk motion-free win-
dow is then used for reconstruction. If the number of projections in this window
is smaller than the required minimum number of projections, the threshold is
slightly reduced until a window with sufficient data is found. This mechanism
was implemented because images with too few projections would be affected by
undersampling artifacts. Lastly, another advantage of the proposed technique is
that it does not reacquire data [113] but continues the golden-angle acquisition
until sufficient consecutive motion-free data have been recorded. This results in
higher scan efficiency than reacquisition of the data.

In the current implementation, only consecutively acquired profiles are accepted
for reconstruction. This restriction could be relaxed by using all data except for
motion-corrupted profiles, which would result in improved time efficiency. How-
ever, the body position of the patient before and after bulk motion cannot be
assumed to be identical, especially in abdominopelvic applications (as seen in
Figure 3.2 and Figure 3.3), even for somewhat mild bulk motion, such as cough-
ing. Therefore, reconstruction from non-consecutive data would increase blurring
and result in an overlay of different patient positions, which has previously been
reported for body [112] and head [120] imaging. Nonetheless, for gentle move-
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Figure 3.6: Results from the neck (a) and knee (b) scan. The technique auto-
matically selected reconstruction windows without motion-corrupted projections
(green). Compared to the non-stabilized reconstructions (red, orange), blurring
as well as streaking (indicated by the white arrows) is decreased and overall image
quality is improved.

ments in relatively stable anatomies, such as tongue motion in the neck area, only
the projections affected by bulk motion can be removed to improve scan efficiency.

The acceptance threshold parameter was chosen heuristically, based on retrospec-
tive processing of several in-vivo data sets. For the abdominal and the neck scans,
a value of 0.975 was found to be a reasonable tradeoff between exclusion of bulk
motion and acceptance of respiratory motion. As is visible in Supporting Figure
S1, a threshold value between 0.950 and 0.980 gives comparable image quality,
suggesting that the method is not very sensitive to the exact value of the thresh-
old parameter. It is important to note, however, that the threshold value can
depend on the application and type of motion. For example, a higher threshold
was required for the neck and knee examination. Thus, it might be necessary to
select a fixed threshold value for each distinct application.

For some of the abdominal acquisitions, the number of accepted projections was
greater than the required 400 projections. This can be explained by the fact
that the reference projection is dynamically updated and likewise the correlation
coefficients. For example, the reference projection for an acquisition that starts
with free breathing followed by bulk motion and free-breathing, will be one of
the projections in the first free-breathing part for a certain period. Only when
sufficient consistent data is found in the second free-breathing part, will the ref-
erence change to one of these projections. It may happen that already more
than 400 projections were acquired at that moment, especially when the first
free-breathing period was relatively long. This can be improved by increasing
the sliding window length that is used to calculate the reference projection or by
averaging consecutive accepted projections into a mean reference projection.
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3.6 Conclusion

The proposed method is versatile and generalizable. In this initial study, a
golden-angle radial stack-of-stars T1-weighted 3D gradient-echo sequence was
used. Other continuous sampling techniques could be employed as well, such
as Variable Density sampling and Radial view ordering (VDRad) [110], Golden-
step Cartesian [122], blipped multi-echo 3D radial stack-of-stars [123], or 3D
radial [124]. Some of these trajectories have inherent self-navigation capabilities.
However, due to use of the FID navigator, the proposed method can also be ap-
plied to Cartesian sampling strategies [116, 125]. A further benefit of the FID
navigator is that it extracts motion from the entire excited volume independently
from the scan orientation, allowing it to be used also for coronal, sagittal, and
oblique acquisitions [126]. Moreover, the FID signal is not affected by gradient
imperfections, such as gradient delays, while the self-navigation extracted from
the center of k-space will have an additional dependency on the radial angle as a
result of such imperfections [56]. Furthermore, it can detect both bulk motion and
respiration, which can be compensated for in a subsequent step via retrospective
sorting or weighting of the data, as demonstrated in the XD-GRASP example
(Figure 3.5). Additionally, the FID signal provides high temporal resolution as it
is acquired prior to each read-out event. Conventional self-navigation techniques
often provide lower temporal resolution, which can be insufficient for large imag-
ing volumes, or relatively slow sampling methods, such as radial stack-of-stars
Turbo Spin Echo acquisitions. Lastly, this technique may be useful for online
feedback in MR-guided radiotherapy treatment [127], by automatically detecting
bulk motion in real-time for gated treatments.

A limitation of the approach is that it cannot be applied to all clinical imaging
protocols. While it is straightforward to apply the technique to T2-weighted se-
quences, it cannot be applied for dynamic contrast-enhanced acquisitions because
rejection of data and scan continuation is not a viable strategy when images at
defined enhancement phases are required. A further limitation of the current
work is that the method has been tested in only a small number of volunteer
scans. Evaluation in a patient study is necessary before conclusions about the
effectiveness in routine clinical application can be drawn.

3.5 Conclusion

This work describes a time-efficient method for automatic detection and exclu-
sion of bulk motion during volumetric abdominal MR examination. Bulk motion
is detected by correlating FID signals across different coil elements using a real-
time implementation. The acquisition is continued until sufficient consecutive
data without bulk motion has been acquired. Images from the motion-free pe-
riod are reconstructed on the scanner without additional user interaction. The
technique promises to improve the robustness of abdominal MRI scans and may
be of particular value for clinical examination of pediatric patients without use
of sedation.
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Abstract

Purpose: Respiratory motion introduces substantial uncertainties in
abdominal radiotherapy for which traditionally large margins are used.
The MR-Linac will open up the opportunity to acquire high resolution
MR images just prior to radiation and during treatment. However, vol-
umetric MRI time series are not able to characterize 3D tumor and
organ-at-risk motion with sufficient temporal resolution. In this study
we propose a method to estimate 3D deformation vector fields (DVFs)
with high spatial and temporal resolution based on fast 2D imaging and
a subject-specific motion model based on respiratory correlated MRI.
Methods: In a pre-beam phase, a retrospectively sorted 4D-MRI is ac-
quired, from which the motion is parameterized using a principal com-
ponent analysis. This motion model is used in combination with fast 2D
cine-MR images, which are acquired during radiation, to generate full
field-of-view 3D DVFs with a temporal resolution of 476 ms.
Results: The geometrical accuracies of the input data (4D-MRI and 2D
multi-slice acquisitions) and the fitting procedure were determined using
an MR-compatible motion phantom and found to be 1.0 - 1.5 mm on
average. The framework was tested on seven healthy volunteers for both
the pancreas and the kidney. The calculated motion was independently
validated using one of the 2D slices, with an average error of 1.45 mm.
Conclusions: The calculated 3D DVFs can be used retrospectively for
treatment simulations, plan evaluations, or to determine the accumu-
lated dose for both the tumor and organs-at-risk on a subject-specific
basis in MR-guided radiotherapy.
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4.1 Introduction

Respiratory-induced motion hampers the application of highly conformal radio-
therapy in the abdomen and thorax due to blurring of the dose. Traditionally,
mobile tumors are treated with large margins, thus restricting the dose being
applied. These margins are calculated using margin recipes, based on population
motion averages and homogenous doses [5]. In stereotactic body radiotherapy
(SBRT), stricter margins should be used. However, subject-specific motion, which
can change over the course of a radiation treatment or between treatments [29],
and inhomogeneous dose distributions within the tumor, introduces large varia-
tions in the definitive tumor dose coverage and organs-at-risk (OARs) doses. In
case cone-beam CT position verification with sufficient contrast and/or implanted
fiducial markers is available, SBRT is allowed by employing for example the mid-
vent position [25] and/or internal target volume (ITV) technique [128], which
are determined using pre-treatment 4D-CT or 4D-MRI. Nevertheless, the exact
accumulated doses in the tumor and the OARs are unknown, since the motion
during radiation is unidentified. Accurate motion estimations for both the tumor
and the OARs during radiation would allow for this information.

The recent introduction of MR-Linac (MRL) systems will enable MRI guidance
during treatment (i.e. beam-on imaging) for tracking or gating and high quality
MR imaging just prior to treatment (i.e. pre-beam imaging) [64, 67, 69]. Cur-
rent MR imaging, however, is not fast enough to acquire 3D volumetric images
with sufficient signal-to-noise ratio (SNR), spatial and temporal resolution, 3D
coverage, and contrast for treatment guidance in the abdomen. Typically, the
acquisition time for fast 3D volumetric images is in the order of seconds, while
multiple 2D slices (up to ten) can be acquired within one second [79, 129]. To
facilitate subsecond 3D MR imaging, the acquisition of multiple 2D slices can
be combined with a patient-specific 3D motion model that can be acquired in a
pre-beam phase. Pre-beam imaging involves both anatomical imaging to track
day-to-day variations, and motion characterization scans. Linking the pre-beam
imaging and beam-on imaging opens up the opportunity to retrospectively calcu-
late the accumulated dose in both tumor and OARs, based on the organ motion
and the given dose.

In the context of radiotherapy, several groups pioneered the use of motion models
that link fast 2D imaging during radiation treatment with patient-specific char-
acterization of the 4D motion to calculate 3D volumes with sufficient spatial and
temporal resolution to track the tumor. They used a 4D-CT motion model of the
lung, calculated through a principal component analysis (PCA) in combination
with fast online kV, MV or X-ray imaging [130–134]. In the field of PET-MRI,
several groups worked on MRI-based motion models [135–138]. Fayad et al. [138]
employed the generalized reconstruction by inversion of coupled system (GRICS)
approach [139] for respiratory motion correction in simultaneous PET-MRI ac-
quisitions of the lung by simultaneously estimating the physiological motion and
reconstructed MR images, using a single 1D MRI navigator. King et al. [135], on
the other hand, used an MRI motion model based on fast 3D volumetric imaging,
in combination with a fast 2D MR images for motion correction of PET-data
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in simultaneous PET-MRI lung acquisitions. Although these frameworks worked
well for retrospective motion correction of PET data in the lung, abdominal ap-
plications will be challenging due to low and unfavorable contrast in the 2D and
3D images. A comprehensive review of existing respiratory motion models has
recently been published [140].

The goal of this study is to generate 3D MR volumes with high spatio-temporal
resolution, which can be used for treatment simulations, plan evaluations, or dose
accumulation mapping in MR-guided radiotherapy of abdominal tumors (e.g. tu-
mors in the pancreas, kidney and liver). We propose to use a patient-specific,
retrospectively sorted 4D-MRI acquisition with high SNR and beneficial contrast
to build a motion model in pre-beam phase, just prior to treatment. The motion,
calculated from this 4D-MRI, is parameterized using a principal component ana-
lysis (PCA). Subsequently, this model is used to register a 3D reference volume
to fast 2D multi-slice (MS) cine-MR images that are acquired during treatment,
thereby updating the weights of the parameterized motion. The resulting 3D de-
formation vector fields (DVFs) have the same subsecond temporal resolution as
the 2D-MS acquisition (less than 500 ms) and identical spatial resolution and cov-
erage as the reconstructed 4D-MRI. For validation, the additional, orthogonally-
positioned, interleaved acquired 2D images were used to observe the correctness
of the motion characterization in the corresponding 2D plane. The added value
of this approach is the fact that the combination of these orthogonal 2D cine MR
images provides the imaging, necessary for 3D motion information of the centroid
of the tumor during MR-guided radiation therapy. The proposed method is tested
and validated in this work for future implementation on the MR-Linac.

The main contributions of this work include:

• The proposed method extends previous CT and MRI-based methods for
the lung into the abdominal area by optimization of the different steps for
abdominal tumors, solely based on input from pre-beam and beam-on MR
imaging.

• Phantom measurements are used to verify the geometrical accuracy of the
4D-MRI and 2D MR acquisitions, as well as the fitting procedure described
above.

• The proposed framework is tested in seven healthy volunteers on both the
pancreas and the kidneys, while the accuracy is independently determined
using one of the two MR images.

4.2 Methods

Framework

The proposed framework is graphically shown in Figure 4.1. The framework
consists of three parts, which are individually discussed in separate paragraphs;
1) The pre-beam imaging and generation of the subject-specific motion model
using a 4D-MRI acquisition, 2) 2D cine MR imaging during radiation therapy for
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Figure 4.1: Graphical overview of the workflow. In pre-beam imaging phase
(green), a 4D-MRI is acquired on which non-rigid registration is performed. This
motion information is parameterized using a principal components analysis from
which only the first two components are used. During treatment (blue), two 2D
slices are acquired in an interleaved fashion. The full field-of-view 3D motion
information is calculated, by optimizing the weight of the eigenvectors through
an iterative loop, in which a 3D reference volume is warped within the constraints
of the model until it matches the incoming 2D slice (red).

fast feedback of the tumor position and 3) Linking the patient-specific motion
model to the fast 2D images by fitting a 3D reference volume to the 2D images
and updating the weights for the motion model (called the fitting procedure).

To simulate the online MRL setting, sequential 4D-MRI and 2D-MS cine data
were acquired on a 1.5T MRI-RT scanner (Ingenia, Philips Healthcare, Best, the
Netherlands) using a 28-channel body coil. All processing steps were performed
in Matlab (The Mathworks, Natick, MA).
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Pre-treatment imaging and model formation

First, a retrospectively sorted 4D-MRI was acquired using a 3D, navigator-interleaved
sequence, based on a previously described method by our group [141]. In brief,
this 4D-MRI method acquires 3D-MRI data continuously using a clinically avail-
able 3D stack-of-stars balanced turbo field echo (bTFE) sequence. Interleaved
with the radial blades (shot length ∼130 ms), a 1D-navigator was acquired, which
provided the information for retrospectively sorting the k-space data. This ret-
rospective reordening was performed based on common linear phase binning, in
which the respiratory cycle is divided into ten bins of equal time periods between
subsequent exhale peaks. This respiratory correlated 4D-MRI method does not
require an external breathing surrogate, has a moderate acquisition and recon-
struction time, and, due to the balanced sequence, acquires 3D volumes with a
high SNR efficiency [142] and beneficial abdominal contrast.

Patient-specific PCA model : Non-rigid registration was performed on these ten
3D volumes using a 3D optical flow algorithm with the exhale phase as a ref-
erence volume Iref [143, 144]. This resulted in a set of 3D DVFs, denoted as
DV Fn(x, y, z) with n = [1, 2, ..., N ] the respiratory phases (N = 10 in this case)
and x, yandz the spatial coordinates. A parameterized subject-specific motion
model was build from these DVFs. A PCA was used to find an orthonormal basis
that depicts the underlying pattern of the motion cycle. This model allowed for
scaling of the parameterized motion and could therefore detect respiratory mo-
tion with higher amplitudes that were not encountered during construction of the
model (i.e. during the 4D-MRI acquisition) when the model was applied. The
PCA model was constructed in a similar way to the PCA model described by
Zhang et al. [130] and used by others [131, 133, 135, 145]. In summary, a matrix
of concatenated motion vector X = [X1, · · · ,XN] is formed in which

Xn =

(
DV F xn (1, 1, 1), DV F yn (1, 1, 1), DV F zn(1, 1, 1), · · · ,

DV F xn (X,Y, Z), DV F yn (X,Y, Z), DV F zn(X,Y, Z)

)T
. (4.1)

In here X, Y and Z are the matrix sizes in x, y, and z direction and DV F x,y,zn

(x, y, z) are 3D motion vectors. Next, the zero sample mean of the matrix X is
calculated by subtracting the sample mean µ from the vectors Xφ:

X̂n = Xn − µ. (4.2)

From this, the matrix B = [X̂1, · · · , X̂N] was constructed. The matrix B was
used to calculate the eigenvalues λ and eigenvectors through a singular value
decomposition (SVD)

B = UΣV−1. (4.3)

The matrix U consists of ten 3D eigenvectors for every voxel.

Using a linear combination of these eigenvectors (or basis vectors), the 3D spatial
transformation for each voxel was calculated through a small set of weights w:

p̂ = µ+ Uw. (4.4)
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In this work, the first two eigencomponents were used as was also proposed
by [130] and [133] to represent lung motion. This significantly reduces the di-
mensionality of the vector space. Moreover, this ensured that noise contributions
from the model were minimized, since these are described by higher principal
components. The Bayesian Information Criterion (BIC) [146] was used to demon-
strate that the first two eigencomponents were sufficient to describe the motion
in the 4D-MRI. The BIC is used to compare models with a different number of
parameters (here eigencomponents), with low BIC-scores indicating a favourable
model. Low BIC-scores are favourable as those models resolve the motion cor-
rectly, weighted by the total number of eigencomponents as penalty.

Imaging during treatment

Two fast, orthogonally-positioned, 2D slices were acquired in an interleaved fash-
ion (sagittal, coronal, sagittal, coronal, etc.) during radiation (acquisition time is
less than 250 ms per slice, thus at least two coronal and sagittal slices per second).
These slices were positioned on the target (i.e. tumor) and can be angulated in
any direction to sample the primary axis of motion. These two slices provided 3D
MR imaging on the intersection of these two slices, typically the centroid of the
tumor, and can therefore be used for fast feedback of the tumor position during
MRL beam-on imaging. In the future, we want to track the tumor using 2D
deformation vector fields. In order to do that, pre-treatment delineations will be
transferred to the daily anatomy through registration of the pre-treatment 3D
anatomical MR volumes to the daily anatomy and subsequently tracked using a
fast deformable image registration method.

Retrospective 4D motion calculation

The subject-specific respiratory model was linked to the 2D slices by registering
the 3D volume Iref to the 2D data through a linear combination of the first two
principal components. By warping the 3D reference volume Iref in such a way
that it corresponds to the incoming coronal 2D slice a vector of optimized weights
wopt was calculated:

wopt = arg max
w

Sim(I2D, I3D,w). (4.5)

In here, I2D corresponds to the coronal 2D slice and I3D,w to the warped 3D
reference volume. The image similarity Sim was solely calculated on the over-
lapping 2D anatomy in the coronal slice. The coronal slice was used, opposed to
the sagittal slice, since more anatomical information was available on the coronal
slice. To allow for differences in contrast between the 3D reference volume (i.e
the contrast of the 4D-MRI acquisition) and the 2D slices, an image similarity
index, based on the image gradients was used [147] defined as:

Sim(I2D, I3D,w) =

L∑
l=1

(
M2D,3D(x, y) cos(2∆θ2D,3D(x, y)

)
L∑
l=1

M2D,3D(x, y)

. (4.6)
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In here, M2D,3D(x, y) is the product of the image gradient magnitudes and
∆θ2D,3D(x, y) the difference between the image gradient directions of the 2D
coronal slice and the overlapping 2D anatomy in the warped 3D reference vol-
ume. L is the total number of voxels in the overlapping 2D anatomy. This image
similarity index was found to be more robust for differenes in contrast between
the 2D image and 3D volume, compared to other methods, such as the normal-
ized cross correlation (NCC). A pattern search algorithm was used to maximize
the similarity [148]. When converged, a full 3D DVF was calculated for each 2D
acquisition time point by applying the optimized eigenvalues wopt to the model
using Eq. 4.4. To assess the accuracy of the calculated motion on each time point,
displacements on both slices of the 2D cine-MRI acquisition were also estimated
using a 2D optical flow algorithm [149] and compared with the estimated mo-
tion from the motion model using the root-mean-squared error (RMSE) and the
normalized RMSE (NRMSE).

Phantom experiments

Geometrical accurateness of the imaging is vital for MR-guided radiotherapy
[127]. Within the proposed framework, there are three steps that can intro-
duce geometric errors (see Figure 4.2); 1) a positional error within the 4D-MRI
(ε1), 2) positional errors within the 2D-MS input data (ε2), and 3) small mis-
alignments after registering the 3D reference volume to the 2D data (ε3). The
positional errors are defined as differences between the absolute position of an
object and reconstructed position of this object on the MR images. To determine
these errors, the geometrical accuracies of individual steps of the framework were
determined using phantom measurements [150].

A torso-shaped, MRI-compatible motion phantom (Quasar, Modus Medical De-
vices Inc., London, Canada) was used, which consists of two static compartments
and one linearly moving cylinder (see Figure 4.3). The static parts were filled
with CuSO4-doped water (0.5 g/L), while the moving compartment was filled
with CuSO4-doped agarose gel (3%). A Ping-Pong (PP) ball, which simulated a
moving tumor, was filled with CuSO4-doped water and additional MnCl2 and in-
serted in the center of the moving cylinder. The moving part, which can produce
cranio-caudal (CC) motion, was controlled by software provided by the vendor.
The displacement is independently measured using a position encoder. Using the
software user-defined motion patterns were played out.
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2D cine-MRI 
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Figure 4.2: Graphical overview of the three different geometrical errors that
can be assessed using phantom experiments. ε1 is the geometrical error in the
4D-MRI acquisition, ε2 is geometrical error in the 2D-MS acquisition, and ε3 is
the error introduced in the fitting procedure.

First, the geometrical error of the respiratory correlated 4D-MRI was calculated
(ε1). Ideally, the respiratory-correlated 4D-MRI depicts the average position in
each phase, based on all the different positions within this phase. We hypothesize
that this will be the case for the employed respiratory-correlated 4D-MRI, since
radial in-plane sampling is used. This sampling method acquires the center of
k-space for every read-out line, therefore reducing motion-related artifacts [92].
Since each phantom position contributes equally to the reconstructed position of
the object, the average position will be depicted after sorting.

To test this hypothesis, static 3D volumes (see imaging parameters in Table 4.1)
were acquired at seven equidistant positions, serving as reference volumes and
compared to the images of the individual respiratory phases after reconstruction
of the 4D-MRI data set. Additionally, B0 maps were acquired at the seven posi-
tions. Various respiration motion patterns were simulated during the acquisition
of the 4D-MRI data sets (see Table 4.2); three sine waveforms with varying ampli-
tude and one respiratory bellow trace, obtained from in-vivo scans, were used in
four separate 4D-MRI acquisitions (parameters in Table 4.1) in order to test the
correspondence of the respiratory-correlated volumes with the reference volumes.
The absolute geometrical correct (GC) positions were determined for the four dif-
ferent 4D-MRI acquisitions by calculating the average amplitude for every phase
after phase binning. Boxplots were calculated for the different phases, represent-
ing the intra-phase amplitude variations, based on the input motion pattern. To
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Motion phantom
Coronal

Sagittal

Transversal(a) (c)Set-up on MR-table(b)

Figure 4.3: (a) Image of the MRI-compatible motion phantom before the dif-
ferent compartments were filled. The piezo-electric motor can be seen in the left
cylinder. (b) Set-up of the phantom on the MR table with filled compartments.
(c) Example images of the phantom with the moving cylinder in the center and
the ping-pong ball visible in the middle of the cylinder in the transversal, coronal
and sagittal view.

determine ε1, the position of the PP ball was extracted from the different 4D-MRI
phases using two methods; 1) An automatic detection of the PP ball using a 1D
profile in CC direction (called profile-determined positions) and 2) the center of
mass (COM) of the ball was calculated after manual delineation on all phases of
the four 4D-MRI acquisitions. Moreover, the PP ball was delineated on the static
3D volumes. These 3D delineation were used to determine the GC positions of
the ball within the images by interpolating the delineations to the corresponding
GC positions. The differences in COM between these (static) GC positions and
the 4D-MRI positions represents the positional error of the 4D-MRI ε1.

Next, the geometrical error of the 2D-MS acquisition was assessed (ε2). Nine
2D-MS data sets were acquired (imaging parameters in Table 4.1), while the
cylinder was moving using the motion patterns defined in Table 4.2. These motion
patterns represent all expected motions within the abdomen. Rigid registration
was performed on the coronal slice using an affine registration within the Elastix
toolbox [97] to obtain the translation in the images. The RMSE and NRMSE
between this estimated translation and the user-defined motion patterns were
calculated and serve as measure for the geometric fidelity (ε2) of the 2D-MS
acquisition.

Last, the error for the fitting procedure was calculated (ε3). Four PCA motion
models were constructed from the four 4D-MRI acquisitions that were used to
determine ε1. Combinations of these models with the different 2D-MS acquisitions
were used to test the robustness of the framework against variations in amplitude
and frequency between the construction of the model (i.e. 4D-MRI acquisition)
and applying the model (2D-MS acquisition), simulating variations in breathing
between the pre-beam phase and the radiation treatment. The frequency sweep
waveform was used to determine the highest frequency (and therefore speed) at
which the location was still accurately depicted by the framework. Since the
phantom only moves in CC direction, rigid registration was performed on the
4D-MRI acquisitions (opposed to non-rigd registration) and only one principal
component (instead of two) was used. The RMSE and NRMSE between the
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Table 4.2: Overview of the user-defined phantom motion patterns played out
during acquisition of the 4D-MRI and 2D-MS data sets.

4D-MRI acquisition 2D-MS acquisition
Sine, 0.23 Hz, ± 10 mm Sine, 0.23 Hz, ± 10 mm
Sine, 0.23 Hz, ± 15 mm Sine, 0.23 Hz, ± 15 mm
Sine, 0.23 Hz, increasing amplitude (5
- 14 mm)

Sine, 0.23 Hz, increasing amplitude (5 - 14 mm)

In-vivo extracted motion (normal
breathing)

In-vivo extracted motion, normal breathing (2x)

In-vivo extracted motion, shallow breathing (2x)
In-vivo extracted motion, deep breathing
Frequency sweep sine, 0.1 - 0.8 Hz, ± 15 mm

estimated motion and the input motion patterns were calculated as measure for
the error ε3 for the fitting procedure.

In-vivo experiments

Several in-vivo experiments were conducted to demonstrate the feasibility of the
proposed method for MR-guided radiotherapy in both the pancreas and the kid-
neys. The robustness of the method was determined by testing the method on
different breathing scenarios. Additionally, the fitting procedure was validated in
these in-vivo scans. This was only performed once for every subject and is an
extra validation step that is not part of the regular framework.

Seven healthy volunteers were scanned with informed consent. For each subject a
4D-MRI (Tacq = 8m35s) and three 2D-MS data sets (Tacq = 1m59s) were acquired
using the parameters described in Table 4.1. The subjects were not instructed
before the 4D-MRI acquisition, and therefore expected to breathe normally. The
two slices of the 2D-MS acquisition (sagittal and coronal) were positioned on the
pancreas (no angulations). To identify the robustness and validity of the frame-
work, all subjects were asked to breath normally, shallowly, and deeply during
the acquisition of the three 2D cine data sets, respectively. These different respi-
ratory challenges simulated extreme differences in both respiratory frequency and
amplitude between the model formation and were used to identify the constraints
of the proposed framework. Lastly, for six of the seven subjects, an additional
2D-MS data set was acquired in which the slices were angulated 45◦ around the
CC-axis to image both kidneys, while the subjects were breathing normally. After
non-rigid registration of the 4D-MRI data (using the exhale volume as reference),
the PCA motion model was constructed using the first two eigencomponents.

As an additional validation step, the validity of the fitting procedure was de-
termined on these in-vivo acquired data using several tests. A leave-one-out
approach was used to generate the ten phase volumes, using the PCA model and
the reference, exhale 3D volume. The PCA model should be able to reproduce
each of the ten acquired phases. Differences between the acquired 4D-MRI and
the PCA generated phase volumes reflects the amount of information lost due to
the dimensionality reduction, since only two components were used. Although
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the error for the fitting procedure ε3 was already calculated using phantom mea-
surements, this error will be different for the in-vivo experiments (ε′3) due to
differences between the phantom and the in-vivo data (e.g. number of principal
components, contrast, and (non)-rigid registration). First, the NCC between the
calculated 3D volumes and the ten 4D-MRI volumes were calculated to measure
the similarity between the warped 3D volumes and the 3D phase volumes in the
4D-MRI. Second, the pancreas was manually delineated on the reference volume,
once for every subject, and the motion of this region-of-interest (ROI) was cal-
culated for the 4D-MRI data and on the warped 3D volumes. The RMSE and
NRMSE between these motion patterns was calculated as a measure for the in-
vivo ε′3. Last, the BIC score was calculated to determine the optimal number
of eigencomponents for every subject. These analyses will determine the validity
of the model, which is important, since only a small number of eigencomponents
were used.

Next, the regular framework was executed on each of the 2D-MS acquisitions
from the different breathing scenarios (i.e. the 3D reference volume was fitted to
the 2D slices using the motion model). Since 250 2D images were acquired, this
resulted in 250 3D volumes for each data set. Spatial RMSE maps were calcu-
lated using the difference between the motion on the 2D slices and the calculated
motion in the corresponding planes. For the coronal slice these maps quantify the
correctness of the fit between the 3D and the 2D images, whereas the maps on
the sagittal slice independently quantify the model’s accuracy and applicability
outside the slice that was used as an input. The pancreatic motion on the calcu-
lated 3D volumes and the 2D slices were compared using the RMSE and NRMSE
for the three respiratory challenges (normal, shallow and deep breathing).

Last, for the six kidney scans, the framework was applied to the right kidney and
independently checked on the contralateral, left kidney. After delineation of the
kidneys, spatial RMSE maps were constructed for both slices and the RMSEs
and NRMSEs between the kidney motion calculated using the framework and on
the 2D slices were calculated.

4.3 Results

Phantom results

The differences between the positions determined by the 1D-navigator and the
prescribed motion patterns were less than 1 mm for all acquisitions. Differences
in the B0 maps, acquired at seven equidistant positions, were approximately 2
Hz, which demonstrates that geometric distortions arising from B0 variations are
negligible.

Figures 4.4a-d displays the COM positions within the different respiratory phases
in blue, the profile-determined positions in green and the median positions calcu-
lated using the waveforms as red horizontal lines for the four 4D-MRI acquisitions.
The automatically and manually determined positions correspond well with the
defined waveforms for most of the phases, with the largest difference for phase 5 in
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4D-MRI motion trajectory over the ten respiratory phases

COM positions CC profile determined ball positions Part of the waveform

Figure 4.4: Motion trajectories of the four 4D-MRI acquisitions (a-d). In blue
the center-of-mass positions of the ball are plotted, based on the manual delin-
eations. In green the positions of the ball determined using the CC profile are
plotted. The boxplots represent the intra-phase amplitude variation, with the red
line the median position.

Figure 4.4d just below 2 mm. In general, differences between the blue (COM) and
green (profile-determined) lines were small. For the exhale phases 7-10 the po-
sitions resolved from the reconstructed volumes were, on average, slightly higher
than the median positions, which were determined using the input waveforms.
The average differences in COM between the determined positions in the 4D-
MRI and the median positions from the actual positions over the ten phases for
the four 4D-MRI acquisitions, indicated by ε1, were 1.12, 1.24, 1.10 and 1.29
mm, respectively. The intraphase amplitude distributions, based on the input
motion patters, are displayed using boxplots. The largest variation for the first
two 4D-MRI acquisitions (Figures 4.4a and b) can be observed for the mid-inhale
and mid-exhale phases (i.e. phase 3 and 8), since at those phases the speed of
the phantom was largest, inducing large intraphase variations. Moreover, for the
exhale and inhale positions (i.e. phase 1, 10 and 5, 6), the variations of the am-
plitude were small. For Figure 4.4c, the boxplots are similar for all the phases,
since the amplitude variation is similar for all the phases. For the last 4D-MRI
(Figure 4.4d), the intraphase amplitude variation is very large, primarily for the
end-inhale phase (i.e. phase 5) as a result of significant differences in amplitude
and phase between respiratory cycles for this waveform.

Figure 4.5a displays coronal views of the reconstructed 3D volumes of the differ-
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Sine 10 mm Sine 15 mm Sine Variable amplitude

4D-MRI inhale 4D-MRI exhaleReference Positions

Sine 10 mm Sine Variable ampltidue In-vivo waveform

(c) Reconstructed phantom images for different waveforms at 5mm

(a)

(b)

Reconstructed phantom images and corresponding reference positions

Reconstructed phantom images for different waveforms for phase 3

Figure 4.5: (a) Coronal views of the ten reconstructed respiratory phases of
the 4D-MRI acquired while the phantom was moving using the first sinusoidal
waveform, alongside the respective position in the sinusoidal waveform. In the left
column, five coronal views of the corresponding reference positions are displayed.
The red lines represent the center of the imaging volume. (b) Coronal views of
the mid-inhale phase 3 of the first three reconstructed 4D-MRIs. Since these were
acquired while the phantom was moving in a sinusoidal fashion, the mid-inhale
phase should represent the same position. (c) Coronal views of different phases
of three 4D-MRI acquisitions that represent an identical position (at +5 mm).
Phase 2 for the first and third 4D-MRI acquisition alongside end-inhale phase 5
of the last 4D-MRI are shown.

ent phases of the 4D-MRI using the first waveform (corresponding to Figure 4.4a)
alongside the reference positions in the left column. Since a sine waveform was
used, the in- and exhale GC positions were identical. The red line represents
the center of the imaging volume. The positions in the 4D-MRI correspond well
with the reference positions. Figure 4.5b shows the reconstructed volume of the
mid-inhale position for the first three 4D-MRI acquisitions, corresponding to the
same position (0 mm). The positions of the PP ball are comparable. However,
more blurring (and ghosting to some extent) of the PP ball is observed for the
second acquisition, which may be explained by the larger amplitude variation
within this phase (see Figure 4.4b). Figure 4.5c presents the reconstructed vol-
umes of phase 2 for the first and third 4D-MRI, and phase 5 of the last 4D-MRI
acquisition. Although the intraphase variation in the last image was very large
(see Figure 4.4d), a visual comparison of the reconstructed volume compares well
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Figure 4.6: Calculated motion by the four PCA-models (red) and the in-vivo
waveform that was played out (blue). The RMSE values represents the geomet-
rical error for the fitting step ε3 in mm.

with the other reconstructed volumes, but was more blurred than the first two
reconstructed volumes.

The estimated motion on the 2D-MS slices after registration showed good overlap
with the input waveforms, with an overall average RMSE of 1.16 ±0.75 mm
(NRMSE = 5.1% ±2.0%), which equals the average ε2 for all 2D-MS acquisitions.

Figures 4.6a-d show the estimated motion using the presented framework (red)
and the input motion pattern (blue) for one of the in-vivo extracted waveforms.
The four plots originate from the four motion models, calculated from the dif-
ferent 4D-MRI acquisitions. A good overlap can be seen for all four models,
with a few overestimations at end-exhales for the last three models. The average
RMSEs for the four 4D-MRI acquisitions with the first eight 2D-MS acquisitions
were 1.23±0.27 mm, 1.85±0.36 mm, 1.44±0.13 mm, and 1.61±0.15 mm mm re-
spectively, which equals NRMSE values below 8% for ε3. This demonstrates
that the framework is robust against differences in motion frequency and ampli-
tude, between the model formation and utilization of the model by scaling the
eigenvector, based on the motion in the 2D images. Fitting on the last 2D-MS
acquisition (acquired while the speed of the phantom increased using a frequency
sweep waveform) showed that the model performed well up to periodic motions
with a frequency of 0.6 Hz, exceedings speeds of 50 cm/s, which is approximately
a factor two higher than the expected respiratory frequencies for free-breathing
patients.
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Figure 4.7: In-vivo pancreas results for one of the subjects. (a) Motion trajec-
tories within the delineated pancreas in CC, AP and LR direction, calculated by
the model (red), on the sagittal slice (green) and on the coronal slice (black). (b)
2D anatomical images, corresonding output from the model and the RMSE maps
in CC direction for the sagittal and coronal view. The pancreas is delineated in
red. The black arrow represent an increased RMSE, originating from peristaltic
motion. (c) Histograms of the differences in pancreatic motion in CC direction
between the model and the motion on the 2D slices.

In-vivo results

Assessment of ε′3 on the in-vivo acquired data demonstrated a significant increase
in NCC after registrating the 3D volumes to the ten respiratory phases within the
4D-MRI. The average NCC over all the phases and subjects was 0.91 ± 0.036,
while before registration the NCC between the ten phases and the reference vol-
umes was 0.84 ± 0.054. The RMSE between the pancreatic motion trajectories
calculated using the model and motion trajectories from the 4D-MRI over all
phases was on average 0.69, 0.20 and 0.27 mm in CC, AP and LR direction,
respectively. BIC analysis indicated that one eigencomponent was the most fa-
vorable trade-off between variance reduction and risk of overfitting as only ten
phases were used to construct the PCA-model. However, since hysteresis effects
can only be modeled with more than one eigencomponent, the remaining results
were generated using two eigencomponents.

Figure 4.7 illustrates in-vivo results from the pancreas for one of the subjects.
Figure 4.7a displays the pancreatic motion in cranio-caudal, antero-posterior and
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left-right direction calculated by the model (red) and calculated on the sagittal
slice (CC and AP in green) and the coronal slice (CC and LR in black). As can be
seen in the first plot, the CC motion calculated by the model accurately aligned
with the motion calculated on the 2D slices (RMSE = 1.04 and 0.71 for the
sagittal and coronal slice). On the sagittal slice an additional, higher frequency
modulation can be observed, which may originate from a pulsating vessel posterior
to the pancreas. The second plot shows that, despite the fact that the model is
fitted on a coronal slice, the AP motion was still modeled satisfactory. The
last plot illustrates a very small drift in lateral motion (±1mm), which is not
completely resolved by the model. Figure 4.7b shows the RMSE maps in the
sagittal and coronal plane alongside the 2D input slices and the corresponding
model output views with the manually delineated pancreas in red. Small, slightly
darker bands can be seen in the 2D input slices, due to spin history effects (i.e.
cross-talk), which are not present in the model output views. The RMSE was
small in the center of the FOV, with an average RMSE within the delineated
pancreas of 0.83 mm for this subject. Increased values were observed in the
cranio-caudal borders. Moreover, a slightly higher RMSE was observed in the
right of the coronal slice (indicated by the black arrow). As can be concluded
from the anatomical views, at these positions intestines were present. Motion
of these intestines were both respiratory- and peristaltic-induced, which is not
captured the 4D-MRI acquisition. RMSE values in CC direction for the pancreas
were 1.28 mm (± 0.47 mm), 1.15 mm (± 0.55 mm), 2.34 mm (± 1.44 mm) for
normal, shallow and deep-breathing, corresponding to NRMSEs between 10 and
15%. For the AP and LR direction, the RMSE values were all below 1 mm.
Figure 4.7c reveals the differences in pancreatic motion estimated by the model
and the 2D input images as histograms. For both the coronal and sagittal slice
the median error is close to zero, suggesting that no systematic error is introduced
by the motion model.

Figure 4.8 exhibits the results for the kidneys from a different subject. Figure 4.8a
gives an anatomical view of the positioning of the 2D slices and one of recon-
structed slices from the 4D-MRI. Both 2D slices image one of the kidneys and
cross approximately through the pancreas. Figure 4.8b shows the RMSE maps
of the two slices alongside the anatomical views. The model was fitted on the
right kidney, which shows low RMSE values in the posterior part of the anatomy
and around the kidney. Increased RMSEs were again found in the cranio-caudal
borders. The contralateral, left kidney displays low RMSEs in the posterior part
of the anatomy, close to the kidney, but increased values towards the anterior
part. This may be a result of local intestine motion, which was observed in the
2D slices, but not correctly modeled by the framework. Figure 4.8c plots the
motion calculated using the model (red) and estimated on the 2D slice on the
contralateral kidney. Although the weights were calculated on the other kidney,
the motion trajectories nicely overlap for the contralateral kidney in CC direc-
tion. However, the oblique motion, which is a combination of anterior-posterior
and lateral motion, was underestimated to some extent. The average RMSE on
the contralateral kidney for all six subjects was 0.95 mm (± 0.32 mm).
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Figure 4.8: In-vivo kidney results for a typical subject. (a) Anatomical view
illustrating the orientation of the two 2D slices. (b) RMSE maps of the differences
in CC motion for both slices, with the kidneys delineated in red. The model was
fitted on the right kidney. (c) Motion trajectories of the contralateral, left kidney
determined by the model (red) and on the 2D slice in CC direction (green) and
oblique direction (black).

Table 4.3: Overview of the geometrical errors in the phantom and in-vivo ex-
periments. The RMSE is tablated in mm, alongside the NRMSE in percentages
between brackets.

CC AP LR
phantom ε1 1.21 (4.2%)

ε2 1.16 (5.1%)
ε3 1.53 (6.8%)

in-vivo ε′3 0.69 (11.7%) 0.20 (19.4%) 0.27 (19.6%)
pancreas normal breathing 1.28 (12.7%) 0.47 (16.4%) 0.61 (17.7%)
pancreas shallow breathing 1.15 (12.1%) 0.58 (20.0%) 0.64 (18.0%)
pancreas deep breathing 2.34 (15.0%) 0.73 (17.7%) 0.90 (20.0%)
kidney 0.95 (10.5%)

4.4 Discussion

In this study we have introduced a PCA-based motion model to calculate high
spatio-temporal 3D MRI volumes for MR-guided radiotherapy in the abdomen,
using a retrospectively sorted 4D-MRI acquisition and fast 2D-MS cine MR im-
ages, which can accurately detect changes in motion amplitude, frequency and
drift. The geometric accuracy was quantified on both phantom and in-vivo data
(see Table 4.3). Subsequently, the framework was succesfully tested on seven
healthy volunteers. This study extends previous studies on subject-specific mo-
tion models of the lung [131–133, 135] to the abdomen, through the use of dedi-
cated MR sequences.
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From the phantom experiments it was concluded that the geometric errors of the
input data of the model (mean ε1 = 1.21 mm and mean ε2 = 1.16 mm) were
small, which is vital for correct motion estimations. Figure 4.4 showed that the
amplitude variation within the different phases can be large, leading to more blur-
ring in the reconstructed volumes. This was a result of significant differences in
amplitude and phase between respiratory cycles in combination with phase bin-
ning for which the data was sorted into ten equal time bins. Moreover, since the
waveforms were only sampled between subsequent shots (∼130 ms), they were
discretized. Decreasing the shot lenght or sampling the respiratory waveform for
every read-out line (for example by using the noise variance [126]) may decrease
the amplitude variation. Nonetheless, the positions of the PP ball were correctly
identified with errors that were smaller than the voxelsize. Moreover, the fitting
error ε3 was identified to be 1.53 mm for the phantom data, which demonstrates
that the framework can accurately manage changes in frequency and amplitude
between the model formation and utilization of the model. Since this was vali-
dated with the gold standard input waveform, ε3 represents the overall accuracy
of the framework for the phantom measurements.

The phantom measurements provided a quantitative assessment of the geometri-
cal accuracy of the different parts of the framework. However, the motion applied
by the phantom is a simplification of the complex in-vivo motion, since it can only
produce rigid motion in CC-direction. Moreover, due to the limited size of the
phantom in CC-direction, the 4D-MRI and 2D-MS acquisitions were adopted to
decrease image artifacts induced by the sharp transitions between the phantom
and air (e.g. Gibbs ringing). Therefore, the validity of the model, when two eigen-
components were used, was additionally evaluated in the 4D-MRI in-vivo data
through ε′3, which gave comparable results to the phantom experiments. Further-
more, the accuracy of the motion model partly depends on the accuracy of the
deformable registration method. The optical flow method was previously vali-
dated on 2D [144] and 3D [86,141] in-vivo and phantom data, with sub-voxelsize
errors of 0.33 to 1.1 mm, which was in the order of ε′3 (see Table 4.3). These small
errors are supported by the small differences in pancreatic CC motion between
the 2D coronal and sagittal slice in the presented data from this study. Lastly,
the influence of cross-talk effects (dark bands) on the 2D images was found to
be negligible, due to the multi-resolution registration scheme and the smoothing
term in the optical flow method. This was validated using additional simulations
(results not shown) in which artificial cross-talk effects were simulated showing
maximum motion amplitude errors of only 1.3%.

In-vivo pancreas data showed good results for normal and shallow breathing in
all seven subjects, with RMSEs slightly higher than the registration error for the
optical flow algorithm (RMSE = 1.28 and 1.15 mm). However, for deep breathing
RMSEs were higher (RMSE = 1.01 - 5.43 mm), primarily induced by underesti-
mation of the inhale peaks. One subject had a significantly higher RMSE (5.43
mm). Investigation of the data showed that this subject’s breathing amplitude
during deep breathing exceeded 40 mm, which was underestimated by the motion
model. The underestimation of the inhale peaks may be a consequence of incor-
rect warping of the exhale reference volume with very large amplitude motion.
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Additionally, this may be a result of a change in breathing pattern when the
subjects were asked to breathe deeply or a result of the fact that only two eigen-
components were used to warp the 3D volume. Since the model was constructed
from a 4D-MRI acquisition during which the subjects were not instructed, a dif-
ference in the way the subjects breathe may cause the model to be less accurate
for deep breathing. The RMSE maps showed small errors in the center of the
field-of-view (FOV), but increased values in the cranio-caudal borders. This was
a consequence of the fact that no anatomical information from outside the FOV
was available to correctly warp these areas. Moreover, the motion after regis-
tration may not be completely resolved, since anatomy is moving in and out at
the cranio-caudal borders, leading to inaccurate motion estimates. However, high
local similarity (i.e. small RMSE) is crucial in high dose areas, such as the tumor
and nearby structures, and to a lesser extent for low dose areas. For this study,
the FOV is CC direction was limited as a compromise between scan time and
coverage. Nevertheless, the radiation window of the MR-Linac is 200 mm at the
isocenter in CC direction [71] and to fully exploit this window, the FOV of the
4D-MRI should be extended in CC direction. The histograms of the differences
indicated that no systematic errors were found. This is an important finding in
the context of MR-guided radiotherapy, since small random errors might cancel
out over a radiation treatment. Furthermore, for the kidney data the model was
applied on the right kidney, while the accuracy of the model was independently
assessed on the left kidney. A good overlap in CC direction and low RMSEs, but
a slight underestimation of oblique motion was observed, which demonstrates the
framework’s ability to determine the motion throughout the entire anatomy.

The RMSEs found in the phantom experiments (1.53 mm on average, correspond-
ing to NRMSE of 6.8%) are comparable to XCAT simulations and phantom ex-
periments, based on 4D-CT from Mishra et al. (RMSE = 0.73 mm, NRMSE =
9.5%) [131] and Li et al. (RMSE = 1.2 and 2.4 mm for XCAT and 0.65 and
0.40 mm for phantom motion, corresponding to NRMSEs of 7-8%) [133]. Sim-
ilarly, in-vivo results showed comparable results to 4D-CT methods in the lung
by Zhang et al. (errors less than 2.0 mm) [130], Mishra et al. (RMSE in 2D of
0.90± 0.65mm) [131] and Fayad et al. (mean model errors between 1.35 and 2.21
mm for different motion scenarios) [134].

The PCA model is a parameterized representation of the abdominal motion, which
can handle changes in amplitude and frequency, such as irregular breathing or
motion drifts, to a certain extent, which is unique to this method. However,
non-respiratory-induced motion, such as cardiac or bowel motion, are difficult
to model correctly, as they are not well depicted in the respiratory resolved 4D-
MRI. Moreover, since the PCA eigenvectors are fixed after model formation, large
changes in breathing patterns (e.g. change from abdominal to chest breathing)
may be difficult to model, since the motion is not accurately represented by a
linear combination of these eigenvectors.

In this work the sagittal slice was used as an independent measure for the accuracy
of the calculated motion. However, this slice can also be used in addition to
the coronal slice to increase the amount of anatomical information for fitting
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the model and increase the temporal resolution. Moreover, the direction of the
eigenvectors in the 4D-MRI can be used to position the 2D slices in such a way
that they span the first three principal components and therefore a 3D orthogonal
basis. During beam-on imaging, these orientations can be verified and updated
to consistently sample the primary axis of motion. Moreover, these slices can be
used to detect changes in breathing pattern to monitor the validity of the model
during beam-on imaging. The acquisition of the 2D images can start immediately
after the 4D-MRI acquisition. The processing of the 4D-MRI and construction
of the model can be performed on a retrospective basis for dose accumulation
purposes. This way the computing resources can readily be used for feedback of
the tumor centroid using the 2D images for e.g. gating or tracking. Although
it took approximately 3 seconds to calculate the weights w for every 2D slice, a
dedicated GPU code may allow for 3D motion estimations that are fast enough for
real-time feedback in combination with motion prediction techniques, such as an
artificial neural network [151]. Alternatively, a pre-treatment 4D-MRI acquisition
can be used. However, since during the same session the breathing pattern is less
likely to change compared to day-to-day variation, the model may be sub-optimal.
To test this, the reproducibility of the PCA-models have to be determined, which
will be subject of future studies.

The way the framework is designed allows for the individual optimization of the
three parts (i.e. 4D-MRI, 2D-MS acquisition and fitting). Several techniques for
abdominal 4D-MRI were recently proposed with various contrasts, spatial res-
olutions and FOVs (e.g. [141, 152–154]). However, the acquisition time of these
implementations all exceed 8 minutes. Since the processing of the 4D-MRI can be
performed retrospectively, an iterative compressed sensing reconstruction can be
used, in combination with a highly undersampled 4D-MRI acquisition, leading to
a decreased acquisition time [155]. Unfortunately, these techniques can not pro-
vide real-time feedback of the tumor during radiation. Moreover, improvements
on the 2D and 3D registration may lead to even smaller errors [156]. Furthermore,
the number of 2D slices can be increased, without sacrifying acquisition time, to
increase the anatomical information within the fitting procedure using specialized
acceleration techniques, such as simultaneously multi-slice techniques [54,157].

The 3D motion fields that were calculated by the framework have the same tem-
poral resolution as the 2D-MS acquisition (i.e. 476 ms per time point) and similar
spatial resolution to the reconstructed 4D-MRI (i.e. 1.9 x 1.9 x 2.0 mm3). These
high spatio-temporal resolution 3D deformation vector fields can be used to cal-
culate the accumulated dose during MR-guided radiotherapy, which was recently
shown for low spatio-temporal resolution motion fields for gated MR-guided ra-
diotherapy [158]. This enables plan adaptation for subsequent fractions, based
on the deposited dose that is different to the planned dose, due to changes in mo-
tion amplitude, frequency and drifts, which all can be detected by the presented
framework. Also, pre-treatment motion characterization can be used to evaluate
at forehand the dose of plans using subject-specific 3D motion. Moreover, dif-
ferent radiation strategies, such as margins, gating or tracking can be simulated
to establish the optimal treatment for each patient or improve the margins. Al-
though the outlook of this study is on MR-guided radiotherapy in the abdomen,
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the 3D motion information can also be used for 3D target tracking in MR-guided
High Intensity Focused Ultrasound (e.g. [159]) in the abdomen or for retrospec-
tive compensation of PET data, acquired on an integrated PET/MRI scanner
(e.g. [160]).

4.5 Conclusion

A framework is presented, which calculates high spatio-temporal resolution 3D
motion fields during the complete breathing activity, based on a pre-treatment
4D-MRI, beam-on 2D-MS acquisitions, and a PCA-based motion model. This
enables the detection of changes in motion amplitude, frequency and drifts. The
calculated 3D motion fields, that have the same temporal resolution as the 2D-
MS acquisition (i.e. 476 ms), can be used to calculate the accumulated dose in
the tumor and OARs or optimize the radiation plan on a subject-specific basis
in MR-guided radiation treatments. The geometrical accuracies were calculated
using an MRI-compatible motion phantom and found to be 1.21, 1.16 and 1.53
mm for the 4D-MRI, 2D-MS acquisition, and the fitting procedure, respectively.
The framework was successfully tested on seven healthy subjects in both the
pancreas and kidney and independently analyzed using an additional 2D slice
with an average error of 1.45 mm.
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Chapter 5 MRI-guided dose accumulation

Abstract

Purpose: Stereotactic body radiation therapy (SBRT) has shown great
promise in increasing local control rates for renal-cell carcinoma (RCC).
Characterized by steep dose gradients and high fraction doses, these
hypo-fractionated treatments are, however, prone to dosimetric errors
as a result of variations in intra-fraction respiratory-induced motion,
such as drifts and amplitude alterations. This may lead to significant
variations in the deposited dose. This study aims to develop a method
for calculating the accumulated dose for MRI-guided SBRT of RCC in
the presence of intra-fraction respiratory variations and determine the
effect of such variations on the deposited dose.
Methods: RCC SBRT treatments were simulated while the underly-
ing anatomy was moving, based on motion information from three mo-
tion models with increasing complexity: 1) STATIC, in which static
anatomy was assumed, 2) AVG-RESP, in which 4D-MRI phase-volumes
were time-weighted, and 3) PCA, a method that generates 3D vol-
umes with sufficient spatio-temporal resolution to capture respiration
and intra-fraction variations. Five RCC patients and two volunteers
were included and treatments delivery was simulated, using motion de-
rived from subject-specific MR imaging.
Results: Motion was most accurately estimated using the PCA method
with root-mean-squared errors of 2.7, 2.4, 1.0 mm for STATIC, AVG-
RESP and PCA, respectively. The heterogeneous patient group demon-
strated relatively large dosimetric differences between the STATIC and
AVG-RESP, and the PCA reconstructed dose maps, with hotspots up to
40% of the D99 and an underdosed GTV in three out of the five patients.
Conclusions: With the proposed pipeline the influence of intra-fraction
motion variations on the accumulated dose was calculated and found to
be significant. This shows the potential importance of including these
intra-fraction motion variations into dose calculations.

66



5.1 Introduction

5.1 Introduction

Stereotactic body radiation therapy (SBRT) is increasingly used in radiotherapy
treatment for abdominal tumors, such as liver [13], pancreatic [14], and renal tu-
mors [15] to increase local control rates. Recently, it was demonstrated that a few
high-dose fractions (or even a single fraction) is preferred in renal-cell carcinoma
(RCC) treatments as conventional fractionated radiation schemes are ineffective
and give poor outcomes [15]. SBRT is characterized by hypo-fractionation, steep
dose gradients, tight margins, and high fraction doses [161]. Consequently, small
geometric errors can quickly lead to underdosage of the target or increased dose
to organs at risk (OARs).

Traditionally, margin concepts, such as the internal target volume (ITV) [128],
mid-ventilation [25], or mid-position [26] approaches, are used for mobile tu-
mors. Margins are determined using either population-based metrics or individ-
ual measurements. Within such margin recipes, respiratory motion is expressed
as a random error [5]. However, intra-fraction respiratory variations, such as
in/exhale amplitude variations, can change significantly within a treatment frac-
tion [7, 29, 162, 163]. Another important factor that limits the use of population-
based margins are drifts. Von Siebenthal et al., for example, found drifts up to
12.8 mm in the liver [7]. For hypo-fractionated treatments, such as SBRT, these
variations can lead to more systematic type of errors and therefore have a greater
dosimetric effect (compared to fractionated treatments where they are represented
as random errors). In order to determine this effect, the deposited dose should be
tracked to retrospectively calculate the accumulated dose accurately. However,
this requires high spatio-temporal 3D anatomical information about the tumor
and all OARs during radiation therapy, which is not readily available on current
radiotherapy systems.

Hitherto, primarily Computed Tomography (CT) has been used to track the de-
posited dose. Either 4D-CT or interpolated in- and exhale 3D-CTs have been used
to create multiple phase volumes to determine organ motion and calculate the dose
for each respiratory phase (e.g. [164–167]). These phase volumes are subsequently
time-weighted using the respiratory probability density function (PDF), extracted
from models or patient measurements, to calculate the total accumulated dose.
However, since these studies used a small number of discretized phase volumes
(2-10), only the average respiratory motion is included. Consequently, changes
in respiration during treatment, such as intra-fraction baseline variation, mo-
tion drifts due to muscle relaxation, and in/exhale amplitude variations, are not
taken into account. These time-weighted approaches might therefore be an over-
simplified representation of reality. Others used Magnetic Resonance Imaging
(MRI) to simulate the accumulated dose [158, 168, 169]. The recent introduction
of hybrid MRI-Linac (MRL) systems [63,65,68,70,127] opens up the opportunity
to acquire the necessary MR information just prior to (i.e. pre-beam), and during
(i.e. beam-on) treatment. Unfortunately, the acquisition of 3D MRI volumes is
generally too slow to capture respiratory motion and intra-fraction respiratory
variations in three dimensions. MRI-based dose reconstruction studies therefore
focused on breath-hold, or gated treatments. Although motion induced by normal
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breathing was not included in these MRI-based dose reconstruction studies, [158]
demonstrated that motion drifts give rise to considerable dose differences. Ideally,
the breathing motion is included into these MR-based methods to characterize
the effect of breathing and motion drifts on the dose.

The purpose of this study is to show the technical feasibility of merging the CT
and MRI-based methods for evaluating the effect of intra-fraction motion varia-
tions on the dose in free-breathing treatments. To achieve this, a pipeline was
developed to simulate free-breathing MR-guided RCC SBRT treatments, while
the underlying anatomy was moving, based on motion information from different
motion models. To demonstrate the dosimetric effects of different aspects of mo-
tion (such as drift and frequency/amplitude variations), three motion models were
implemented with increasing complexity: 1) No motion characterization during
treatment (STATIC), 2) time-weighted average motion (AVG-RESP), and 3) a
method that characterizes 3D motion with sufficient spatio-temporal resolution to
capture both respiration and intra-fraction respiratory variabilities, such as am-
plitude variations and motion drifts, based on a previously published MRI-based
motion model (PCA) [170]. The different reconstructed doses are calculated and
compared to determine the effect of intra-fraction motion variations.

5.2 Methods

A pipeline was established for calculating accumulated doses, using motion infor-
mation from deformable vector fields (DVFs), derived from MR imaging. Two
healthy volunteers and five patients were included in this study after written in-
formed consent was obtained. The volunteers provided pilot data to show the
validity of the models for dose accumulation applications. An overview of the
pipeline is graphically shown in Figure 5.1. First, MR images, including 4D-MRI
and multi-2D cine MRI, are acquired to simulate an on-line MR-Linac treatment.
From these MRI data 3D motion was calculated, using three different motion
models. Bulk density pseudo CTs (pCTs) were constructed for every time point
on which 3D motion information was available (every 360 ms), by warping a
reference pCT using the reciprocal 3D DVFs. A clinically acceptable plan was
generated and delivered in-silico. Lastly, the delivered dose was reconstructed
by applying Monte-Carlo (MC) dose calculations on the warped pCTs, which
were subsequently warped back to the reference state and summed over time to
generate the accumulated dose maps.

All MRI data were acquired on a 1.5T MRI-RT scanner (Ingenia, Philips, Best,
the Netherlands) to simulate the online MR-Linac setting. All processing steps
were performed in Matlab (The Mathworks, Natick, MA).

MR imaging

Three MR sequences were used in this study. Due to time restrictions, the patients
were scanned with a slightly modified and shorter protocol, relative to the healthy
volunteers.
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Figure 5.1: Schematic overview of the proposed methods. First, imaging data
is acquired (green), including anatomical scans and scans to calculate dynamic
volumetric images using the different motion models. Next, delineations are made
and a pseudo CT is generated (blue). Then, a radiation plan is generated and
delivered on an emulator to log the machine parameters. These are used, in
combination with the fast volumetric imaging to reconstruct the accumulated
dose. Forward and backward deformation vector fields (DVFs) are calculated from
the dynamic volumes, which are subsequently used to reconstruct individual dose
segments on the dynamic grid that are warped back and summed on the reference
grid to yield to accumulated dose.

First, a T2-weighted Turbo Spin Echo (TSE) acquisition (resolution = 0.6 x 0.6 x
3.5 mm3, Tacq = ∼2 min) was performed for delineation purposes. This sequences
was respiratory-triggered to acquire slices in exhale phase. In an MR-Linac set-
ting, this acquisition could be performed in a simulation phase, for delineation
purposes to generate a plan, as well as in the pre-beam phase, for daily anatom-
ical imaging. Next, 4D-MR imaging was performed using a modified version
of a previously described implementation by our group [141] (see parameters in
Table 5.1). This respiratory-correlated 4D-MRI does not require external respi-
ratory surrogates, acquires full 3D volumes with high SNR and contrast between
organs, and has a moderate acquisition and reconstruction time. In short, this
4D-MRI implementation acquires 3D-MRI data continuously using a 3D stack-of-
stars balanced steady-state free precession (bSSFP) sequence with radial in-plane
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Table 5.1: Acquisition parameters for the 4D-MRI and 2D cine-MRI acquisition
for the volunteers and patients. For the 4D-MRI Tvol is defined as the time to
acquire a Nyquist-sampled 3D volume, while for the M2D cine acquisition it is
defined as the time to acquire both slices.

Imaging parameters
4D-MRI

(volunteer)
4D-MRI (patient)

M2D cine MRI
(volun-

teer/patient)

Acquisition type 3D bSSFP 3D bSSFP 2D bSSFP
TE/TR [ms] 1.45/3.0 1.45/3.0 1.45/3.0
Flip angle [o] 30 30 30

FOV [mm] 300 x 300 x 132
300-350 x 300-350

x 132-200
450 x 347

Slice thickness [mm] - - 8

Matrix Size 160 x 160 x 33
160-192 x 160-192

x 33-50
192 x 148

Bandwidth [Hz/px] 1868.8 866.9 2034.2
SENSE factor 1.5 (CC) - 2
Partial Fourier - 0.75 (CC) 0.75
Tvol [sec] 13.8 13.8 - 20.2 0.360
Tacq [min:sec] 5:26.2 3:22.4 - 5:03.1 6:54.0 (volunteer)

5:06.0 (patient)

sampling and Cartesian sampling along the kz direction. Instead of acquiring
a navigator interleaved with the radial projections (as was done in the original
implementation), a self-gating signal was extracted by taking a 1D Fourier trans-
formed projection profile along the kz direction through the central kx = ky = 0
points [155]. Retrospective binning was performed using standard phase binning,
in which the respiratory cycle is divided into ten respiratory bins of equal time
periods between subsequent exhale peaks. For patients, golden-angle radial sam-
pling [57] was used in combination with a compressed sensing reconstruction to
reduce the acquisition time, while keeping similar image quality [171, 172]. In
order to fully include both kidneys for all patients, the field-of-view (FOV) was
adapted for every patient, resulting in different matrix sizes and consequently
different acquisition times. The reconstructed 4D-MRI has a resolution of 1.9 x
1.9 x 2.0 mm3. Last, two fast 2D cine-MRI slices with similar contrast to the
4D-MRI were acquired in an interleaved fashion (see parameters in Table 5.1).
For patients the sagittal and coronal slice were positioned through the tumor,
while for volunteers the sagittal and coronal slice were rotated ∼ 45◦ around the
cranio-caudal (CC) axis, to image both kidneys. Using the parameters from Ta-
ble 5.1, both slices were acquired in 360 ms, which equals the temporal resolution
of the 3D motion estimations.

Motion approximation

Three motion models were implemented, which are schematically presented in
Figure 5.2: 1) STATIC, 2) AVG-RESP, and 3) PCA. For all methods, the re-
constructed 4D-MRI was non-rigidly registered using a 3D optical flow algo-
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rithm [143,144] with the exhale phase as a reference volume. The utilized optical
flow algorithm was previously validated on 2D [144,173] and 3D [86,141,170] in-
vivo and phantom data. Since both the forward and backward DVFs are used,
inverse consistency was ensured for all DVFs [158].

For the first method (Figure 5.2a), static anatomy was assumed (STATIC). This
simulates the current clinicial workflow in which no 3D motion information is
available during treatment. The 4D-MRI DVFs were used to construct a mid-
position (mid-pos) 3D reference volume for treatment planning [26]. This mid-pos
volume was constructed by applying the inverse of the mean motion DVF to the
exhale volume. The same transformation was used to warp the T2-weighted
anatomical scan to mid-pos for delineation.

The second method (AVG-RESP, see Figure 5.2b) additionally determines the
respiratory phase from the 2D cine-MR images for every time-point and sub-
sequently uses the corresponding 4D-MRI phase volume (and the concomitant
DVFs) as the current motion state. Effectively, this generates a time-weighted
4D-MRI in which every phase is accurately weighted based on the individual res-
piratory phase during radiation (beam-on time). This simulation is analogous to
the method previously described by [164–167].

The last method (PCA, see Figure 5.2c) uses a previously described image-based
motion model [170]. In short, this method generates a motion model, on a voxel-
by-voxel basis, from the 4D-MRI by performing a principal component analysis
(PCA) on the 4D-MRI DVFs to create a parameterized model of the underlying
pattern of the motion cycle. Subsequently, for every set of 2D cine-MR images
PCA weights are calculated that scale the model, creating individual 3D volumes
for every set of 2D images. These weights are calculate by warping the 3D mid-
pos volume in such a way that it corresponds to the 2D cine-MRI slices. The
advantage of this model is the fact that it allows for scaling of the parameter-
ized motion and it can therefore handle drifts and inter-cycle variations, such as
varying exhale and inhale amplitudes.

All three motion models generated high spatial (1.9 x 1.9 x 2.0 mm3) and temporal
(every 360 ms) resolution DVFs. Lastly, 2D non-rigid registration was performed
on the two 2D cine-MRI slices using an optical flow algorithm. These 2D DVFs
were used to quantitatively compare the accuracy of the three motion methods.

Pseudo CT generation

Electron density (ED) information is required for the fluence optimization in a
radiation plan, which is traditionally extracted from a CT scan. However, since
the volunteers and patients in this study did not receive a CT scan, pseudo CTs
(pCTs) were generated, based on a two compartment model [158, 169, 174]. In
this model, the automatically generated body contour on the anatomical mid-
pos volume was filled with Hounsfield Units (HUs) equal to the HUs of water
HUwater = 0. Other voxels were set to air, HUair = −2900, which resulted in
the reference pCTref . Note that the lungs are not in the FOV.

pCTref was subsequently used to generate a pCT for every cine-MRI time point
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Figure 5.2: Schematic overview of the three motion models (a) STATIC that
assumes static motion, (b) AVG-RESP that models the average breathing motion
and (c) PCA that includes motion drifts and ex- and inhale amplitude variations.

t, pCTt. The 3D DVFs, generated by either of the three motion models, were
used to warp pCTref to the dynamic grid on which each of the segments were
delivered (see Figure 5.1).

Plan generation and delivery

For patients the renal tumor was delineated by a radiation oncologist, while for
volunteers a fictitious lesion was placed in the right or left kidney. Moreover,
all OARs were delineated, which included the spleen, stomach, spinal cord, duo-
denum, liver, pancreas, small and large bowel, aorta, and both kidneys by a
radiation oncologist. Based on clinical constraints from Table 5.2 [175, 176], a
5x7 Gy step-and-shoot intensity modulated radiotherapy (IMRT) plan was gen-
erated [15], in which a 1.5T magnetic field was taken into account [75], based on
the mid-pos anatomy. A GTV-PTV margin of 3 mm was used, according to our
clinical standard [176].

Next, one fraction of the plan was delivered on a linac emulator (Elekta AB,
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Table 5.2: Dose descriptions for the target and the OARs.

Planning dose constraints

Anatomical Site Constraint Value

GTV V 35 ≥ 99%
Dmax 52.5 Gy

PTV V 33.25 ≥ 99%
V 31.5 ≥ 95%

Aorta Dmax 35 Gy
Heart Dmax 38 Gy

V 32 < 15 cc
Chest Wall Dmax 36.75 Gy

V 40 < 10 cc
Skin V 36.5 < 10 cc

V 27.5 < 5 cc
Myelum V 23 < 0.35 cc

V 14.5 < 1.2 cc
Ipsilateral Kidney Dmean 11.3 Gy
Both Kidneys V 16.8 < 67%
Ureter Dmax 42 Gy
Duodenum Dmax 32 Gy

V 18 < 5 cc
V 12.5 < 10 cc

Small Bowel Dmax 35 Gy
V 19.5 < 5 cc

Large Bowel Dmax 38 Gy
V 25 < 20 cc

Esophagus V 27.5 < 5 cc
V 35 < 0.035 cc

Stomach Dmax 32 Gy
V 18 < 10 cc

Liver Dmean 18 Gy
V 21 < 700 cc

Pancreas Dmax 21 Gy
Spleen Dmean 11.5 Gy

Stockholm, Sweden) and the machine parameters (e.g. gantry angle, dose rate,
leaf positions) were logged for every cine-MRI time point t in order to describe
the synchronized machine state with the anatomy [158].

Dose reconstruction

An MC-based dose calculation was used to reconstruct the dose at each time
point t on the corresponding pCTt, yielding a dose map Dt for every time point.
Finally, these individual dose maps were warped back to the reference state (mid-
pos) and summed for all t time points T to generate the reconstructed dose
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Drecon [164–166]:

Drecon =

T∑
t=1

DV Ft ·Dt. (5.1)

Motion accuracy and plan evaluation

The accuracy of the three motion methods was determined by comparing GTV
motion on the 2D cine-MR images with the GTV calculated by the different
motion models. Both the root-mean-squared error (RMSE) and the normalized
RMSE (NRMSE) were calculated and used as quantitative accuracy assessments.

Dose volume histogram (DVH) points and integral parameters (e.g. Dmax,
Dmean, D99) were analyzed for all three methods. Moreover, dose difference
maps were calculated to highlight local differences and the maximum and mini-
mum dose differences were reported.

5.3 Results

Figure 5.3a illustrates the different motion trajectories that can be generated by
the three motion models. While STATIC assumes no motion and therefore only
represents one position (essentially the reference position), AVG-RESP is able to
capture hysteresis, but no inter-cycle variations. The PCA method, on the other
hand, can fully characterize hysteresis and inter-cycle variations, including drifts,
and amplitude variations. This is demonstrated by the cranio-caudal (CC) motion
of the (fictitious) GTV of one of the healthy subject (subject one) that is plotted
in Figure 5.3b. The GTV motion calculated on the 2D cine-MR images (coronal
slice) is plotted by the dotted black line and serves as the reference motion, while
the GTV motion determined by the three motion models are depicted in blue
(STATIC), green (AVG-RESP) and red (PCA) lines. For this subject a clear
caudal drift of approximately 2 mm is observed, which is correctly captured by
the PCA model, despite the fact that some of the inhale peaks are over/under
estimated. Since the AVG-RESP model only uses predefined DVFs (from the
4D-MRI), the GTV motion trajectory is very repetitive and does not include any
drift or amplitude variations, leading to increased RMSE and NRMSE values.

Figure 5.4 displays an example of the reconstructed mid-pos volumes includ-
ing the delineations for the anatomical T2-TSE and 4D-MRI acquisitions in the
transversal, coronal and sagittal view for one of the patients. The delineations
were made on the mid-pos T2-weighted scans (left) and were transferred to the
4D-MRI reconstructed mid-pos volume (right). Although the contrast in these
scans is different, most delineated structures can be identified on both volumes.
Some blurring is observed in the 4D-MRI for the small (green) and large bowel
(yellow), since these organs experience peristaltic motion, which was not resolved
by the respiratory-correlated 4D-MRI.

Figure 5.5 shows the CC GTV motion for three different patients, with vary-
ing motion amplitudes, frequencies and respiratory variability. The lines are
color-coded similar to Figure 5.3. For patient one a considerable offset between
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Figure 5.3: (a) An illustration of the motion trajectories that can be produced
by the three different motion models; STATIC assumes no motion, AVG-RESP is
able to capture hysteresis, but no inter-cycle variations, PCA is able to capture
hysteresis, inter-cycle motion, and slow drifts. (b) Cranio-caudal GTV motion
trajectories for one of the healthy volunteers. GTV motion as determined on
the 2D cine-MR images are displayed in black (dashed line), while GTV motion
determined by STATIC (blue dashed-dotted), AVG-RESP (green dashed), and
PCA (red solid) are plotted by the other lines. The root-mean-squared error
(RMSE) and normalized root-mean-squared error (NRMSE) are reported for all
three methods.

the 2D cine-MR GTV motion and GTV motion calculated using STATIC and
AVG-RESP is observed. This was caused by a body shift in cranial direction of
approximately 2.5 mm between the 4D-MRI (i.e. setup imaging) and 2D cine (i.e.
images during treatment) acquisitions. While a shift between patient setup and
treatment is not captured using STATIC or AVG-RESP, it was correctly modeled
by the PCA motion model. Patient three shows large variations in amplitude and
frequency, as well as small drifts. Although the AVG-RESP methods represents
the average amplitude correctly, these variations are only correctly modeled by
the PCA method. Nevertheless, some large inhale amplitude peaks are underes-
timated to some extent by the PCA method. Patient four, on the other hand,
displays a more regular breathing pattern. However, some variations in inhale
amplitude and exhale positions are still observed that are only captured by the
PCA method to a large extent. Moreover, the AVG-RESP method underesti-
mates the motion amplitude structurally by ∼ 40%. Over all subjects (patients
and healthy volunteers) the average RMSEs for STATIC, AVG-RESP and PCA
were 2.69 ± 0.68, 2.37 ± 0.78 and 1.09 ± 0.47 mm, corresponding to NRMSEs of
24%, 21% and 9%, respectively.

Figure 5.6 shows the reconstructed dose maps and dose differences for patient
one, corresponding to Figure 5.5a. Figure 5.6a shows the reconstructed dose
maps with the GTV and PTV delineation for the three methods on top of the
anatomical T2-weighted images. Here, STATIC corresponds to the planned dose.

75



Chapter 5 MRI-guided dose accumulation

Anatomical T2-TSE mid-pos 4D-MRI mid-pos

T
ra

n
n

sv
er

sa
l

C
o
ro

n
a
l

S
a
g
it

ta
l

Figure 5.4: Mid-pos transversal, coronal and sagittal view of the anatomical
T2-TSE and 4D-MRI mid-pos volumes with the delineated structures (GTV in
red, PTV in blue).

Figure 5.6b displays the dose differences between the AVG-RESP reconstructed
dose and the planned dose and the PCA-based reconstructed dose and the planned
dose. While the former dose difference map shows merely minor variations, with
some cold spots just outside the PTV, the latter dose map presents distinct hot-
and cold spots caudal and cranial of the GTV. The maximum and minimum dose
differences are 2.9 and -4.8 Gy, respectively. Note that the planned dose in the
tumor was 7 Gy for this single fraction. These large differences are caused by the
2.5 mm cranial body shift, leading to increased dose caudal of the target.

Figure 5.7 demonstrates the reconstructed dose maps and dose difference maps
for patient four (matching Figure 5.5c), plotted on top of the mid-pos 4D-MRI
volume. Although the differences are smaller compared to Figure 5.6, primarily
the PCA dose difference map shows significant variations and distinct cold- and
hotspots, with a maximum and minimum difference of 1.3 and -1.6 Gy, respec-
tively. While some spots are visible in the AVG-RESP dose difference map, they
are smaller, with lower magnitude and at slightly different locations, as a result of
different underlying moving anatomy. The reconstructed dose maps of the other
patients can be found in the supplementary materials.

Figure 5.8 shows the DVHs of four patients for the different reconstructed doses
(STATIC in dashed-dotted lines, AVG-RESP in dashed lines, and PCA in solid
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Figure 5.5: Cranio-caudal GTV motion trajectories for three patients. GTV
motion as determined on the 2D cine-MR images are displayed in black (dashed
line), while GTV motion determined by STATIC (blue dashed-dotted), AVG-
RESP (green dashed), and PCA (red solid) are plotted by the other lines.

lines) for the GTV and multiple OARs. The PTV structure is also shown to pro-
vide additional insight into the differences between the three methods, although
clinically one would not assess the given dose on PTV structures. The three
motion models demonstrate small absolute differences for the OARs, as they are
all situated in the low dose regions for the investigated treatment plans. As ex-
pected, the largest differences are observed for the PTV structures, resulting from
the differences in estimated positions in the vicinity of the steep dose gradients. In
three out of the five patients, the PCA method estimated an underdosage to the
GTV, which was not shown by the AVG-RESP method. The largest differences
were observed in patient one, where the D99 in the GTV was reduced from 7.6
Gy for STATIC, to 7.5 Gy for AVG-RESP, and only 6.1 Gy for the PCA method.
For patient three and four small underdoses of 6.8 Gy and 6.9 Gy were observed,
respectively. Moreover, in patient four, the PCA-based method also showed a
lower dose to the ipsilater kidney, but a higher low dose region.

To evaluate the dose constraints from Table 5.2 on the reconstructed dose maps,
the doses were multiplied by the number of fractions (five). While this is a
simplification, since it is unlikely that the motion is identical for all fractions,
verifying the dose constraints provides valuable controls for considering accepting
of adapting the plan. For all patients the constraints were met in the planned
dose. However, the V 35 < 99% GTV constraint was not met in three patients in
the PCA case, and for one patient in the AVG-RESP case. Moreover, the Dmax
constraint for the small bowel was not met in the AVG-RESP reconstruction,
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Figure 5.6: (a) Shows the different reconstructed dose maps on top of the T2-
weighted mid-pos volume for patient one. (b) shows the dose difference maps
between the planned dose (STATIC) and the reconstructed dose using one of the
AVG-RESP or PCA method, zoomed in on the tumor region. The GTV (grey)
and PTV (black) are delineated on all views.

whereas it was within the constraints for the PCA reconstructions.

5.4 Discussion

While different strategies for calculating accumulated doses have been demon-
strated in literature, this is the first study that evaluates the effect of inter-cycle
respiratory motion variations on the accumulated dose in free-breathing abdomi-
nal SBRT treatments. For this purpose, a dose accumulation pipeline was devel-
oped, solely based on MR imaging and three motion models were compared. Using
the GTV motion in the 2D cine-MR images as reference, it was demonstrated that
the PCA method describes this motion most accurately, with NRMSEs lower than
10%. Reconstructed dose maps revealed large dissimilarities between the different
methods and between patients, induced by intra-fraction motion variations that
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(a) Reconstructed dose maps
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Figure 5.7: (a) Shows the different reconstructed dose maps for patient four,
overlayed on the 4D-MRI mid-pos volume. (b) shows the zoomed dose difference
maps. The GTV (grey) and PTV (black) are delineated on all views.

were only captured by the PCA method.

The advantage of the proposed pipeline over previously described methods for
calculating the accumulated dose is the increased accuracy of the utilized DVFs.
By incorporating variations over the entire fraction in the PCA method, RM-
SEs in the calculated motion were reduced from 2.69 mm (STATIC) and 2.37
mm (AVG-RESP) to 1.09 mm. This provides some evidence that the calculated
DVFs, and therefore the calculated dose, is most accurately reconstructed with
the PCA method. As can be seen in Figure 5.5, the GTV motion differs largely
between the patients, both in frequency and amplitude. This large variety conse-
quently leads to large variations in the reconstructed doses. In general, the PCA
reconstructed dose maps showed larger differences with the planned dose than
the AVG-RESP reconstructed doses. This was expressed either as distinct hot-
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Figure 5.8: Dose-volume histograms of the GTV, PTV, and a number of OARs
for the three motion models STATIC (dash-dotted lines), AVG-RESP (dashed
lines), and PCA (solid lines) for patient 1 (a), patient 2 (b), patient 3 (c), and
patient 4 (d).

and cold-spots in the dose difference maps, where these spots were absent in the
AVG-RESP dose difference maps, or the positions of such spots were different
in the two dose difference maps. These deviations can solely be explained by
the differences in calculated motion, and therefore the DVFs that are used in
the dose reconstruction. For example, when the GTV moves more caudal than
expected, as a result of drifts or large inhale amplitudes, the accumulated dose
on the cranial side of the GTV will be higher, while the caudal side is estimated
to receive less dose. If this motion is significantly large, this leads to underdosage
of parts of the GTV, and overdosage to OARs that are cranial of the GTV/PTV.
Note that the dose difference maps from patient one express large variations, as
a result of a structural difference in GTV position. While this is ideally captured
and corrected by re-positioning the patient prior to treatment, this body shift
occurred after the 4D-MRI acquisition that was acquired just prior to the inter-
leaved 2D cine images. On a regular linac, this discrepancy can only be detected
just prior to and/or after the treatment using online imaging, while an MRL can
provide the necessary online imaging feedback to detect this in real time during
treatment.

The dose differences found in this study are, in general, larger than previously
reported for free-breathing treatments [164–167] and gated treatments [158]. This
may indicate that the influence of intra-fraction motion variations on the accu-
mulated dose can be significant and should be taken into account. While patient
three showed larger amplitude motion and larger inter-cycle variations, the dose
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differences were smaller compared to patient four and five, leading to the con-
clusion that more systematic errors, such as structurally lower mid-positions or
motion drifts, induce the largest dose differences. Although the results depend on
the treatment choice (mid-pos in this case), radiation plan and PTV margin, the
dosimetric impact may be similar for other treatments. For example, neither an
ITV-based plan nor a slightly larger PTV margin, encompasses the GTV contin-
ually when a drift, or a structurally lower/higher GTV position occurs, leading
to distinct cold- and hotspots.

The AVG-RESP method, which relies heavily on the quality of the 4D-MRI (or
4D-CT in other studies), showed smaller dose differences than the PCA method.
This may be caused by an underestimation of the motion in the 4D-MRI, as
was observed for patient two and four. The utilized 4D-MRI has been validated
previously using phantom experiments, where it was shown that all respiratory
phases display the average position within a phase bin [170]. Nevertheless, it
has been reported by others that phase-binned 4D reconstructions (both 4D-MRI
and 4D-CT) can underestimate abdominal motion [12, 172]. Therefore, using a
motion model that parameterizes the motion, instead of using a small number of
discretized phase volumes, increases the accuracy of the estimated motion.

In this study a two compartment pCT model was used. Although, it has been
shown by [177] that this is a good approximation, this pCT can be improved
by using electron density information converted from Hounsfield units in a CT
or by using more compartments. Unfortunately, the patients in this study did
not receive a planning CT, since they were scheduled for surgery. Moreover, the
number of patients in this feasibility study is limited. However, since a large
inter-patient variations was observed for the motion and reconstructed doses, the
results provide a relatively broad range of scenarios. Lastly, only one fraction,
out of a five fraction SBRT scheme, was simulated, since the motion information
was extracted from a single MRI examination. The large differences between
the PCA-based reconstructed dose and the planned dose, might cancel out to
a certain extent by using more fractions. However, [15] concluded that higher
doses in less (or even a single) fractions give the best local control in RCC with
a maximum of five fractions. The large differences shown for this one simulated
fraction are therefore relevant for clinical SBRT RCC treatments that want to
maximize local control. The results from this study indicate that accurate intra-
fraction motion estimation is essential to precisely calculate the accumulated dose
in such hypo-fractionated treatments.

The largest discrepancies between the reconstructed dose and the planned dose
appeared to originate from slow variations in the motion, such as drifts, and
in/exhale amplitude variations. Consequently, such variations lead to a slightly
different effective average tumor position (i.e. the tumor mid-pos). Since this
leads to systematic errors, such slow variations should be accounted for, either
during planning by employing larger margins, or during treatment, by gating or
tracking. To determine the optimum treatment technique, the effect of patient-
specific respiratory changes on the deposited dose could be simulated as a pre-
treatment step. While retrospective dose calculations after treatment require
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online imaging capabilities, pre-treatment simulations can be performed using a
single MR-sim session. Alternatively, since gating may have low radiation effi-
ciency, especially when drifts occur, and tracking is technically challenging, tumor
trailing can be employed that adapts the gating window accordingly to capture
baseline drifts [178]. By dynamically updating the mid-pos volume and recal-
culating the plan [75], the low frequency motion variations may have a reduced
effect on the accumulated dose. Although the PCA method from this study takes
a few seconds to calculate a new dynamic 3D volume, it may be fast enough to
update the mid-pos volume with low temporal resolution (e.g. every minute).
Since the retrospective dose calculations in this study are not time-critical, the
computational time is less relevant for this work. Future studies will, however,
focus on speeding up the PCA calculation, utilizing the PCA model to update
the mid-pos volume, and calculating the accumulated dose for multiple fractions.
In this paper, only the dose accumulation of static (i.e. margin-based) delivery
techniques was investigated. The presented dose accumulation pipeline, however,
can be directly applied to tracked delivery techniques on an MR-linac, offering
great potential to track not only the dose to the target [65, 73, 179], but also
the OARs, something that is currently not feasible on kv- or optical-based sys-
tems [180]. Since the PCA method is able to deal with non-rigid deformations, it
opens great perspective for organs underlying complex deformations, such as the
liver and pancreas.

5.5 Conclusion

A pipeline to evaluate the dosimetric effect of intra-fraction motion variations
in renal-cell carcinoma was described, solely based on MR imaging. The PCA-
based motion model characterizes the motion most accurately, since drifts and
inter-cycle respiratory variations, which appear to be the most important factors
for precise dose calculations, are captured correctly. In the presented patient
sampling, these variations demonstrated relatively large dosimetric differences
compared to the planned dose and reconstructed dose maps using time-weighted
average breathing volumes. It demonstrates the potential importance of including
intra-fraction motion variations in dose calculations, which may be incorporated
using online MRI guidance in combination with real-time treatment planning.
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Abstract

Purpose: Parallel imaging is essential for the acceleration of abdomi-
nal and pelvic 2D multi-slice imaging in order to reduce scan time and
mitigate motion artifacts. CAIPIRINHA (Controlled Aliasing In Par-
allel Imaging Results IN Higher Acceleration) accelerated imaging has
been shown to significantly increase the signal-to-noise ratio (SNR) com-
pared to in-plane parallel imaging with similar acceleration. We hypoth-
esize that for CAIPIRINHA-accelerated abdominal imaging the consis-
tency of image quality and SNR is more difficult to achieve due to the
subject-specific coil sensitivity profiles, caused by 1) flexible coil place-
ment, 2) variations in anatomy, and 3) variations in scan coverage along
the superior-inferior direction.
Methods: To test this hypothesis, a mathematical framework is intro-
duced that calculates the (retained) SNR for in-plane and simultaneous
MS (SMS)-accelerated acquisitions. Moreover, this framework was used
to optimize the sampling pattern by maximizing the local SNR within a
region-of-interest (ROI) through non-linear, RF-induced CAIPIRINHA
slice shifts. The framework was evaluated on 14 healthy subjects and
the optimized sampling pattern was compared with in-plane acceleration
and CAIPIRINHA acceleration with linear slice shifts that are primarily
used in brain imaging.
Results: We demonstrate that the FOV in cranio-caudal direction, the
coil positioning, and the individual anatomy have a large impact on the
image SNR (changes up to 50% for varying coil positions and 40% differ-
ences between subjects) and image artifacts for simultaneous multi-slice
acceleration. Consequently, sampling patterns have to be optimized for
acquisitions employing different FOVs and ideally on an individual basis.
Optimization of the sampling pattern, which exploits non-linear shifts
between slices, showed a considerable SNR increase (10−30%) for higher
acceleration factors.
Conclusion: The framework outlined in this paper can be used to opti-
mize sampling patterns for a broad range of accelerated body acquisitions
on an individual basis.
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6.1 Introduction

2D multi-slice (MS) sequences are widely used acquisition methods for diagnos-
tic MRI examinations in the abdominal and pelvic region. Combinations of
2D MS sequences with varying contrasts (e.g. T1, T2, balanced, or diffusion
weighted) play a key role in diagnostic and oncologic imaging, e.g. for the de-
tection, characterization and delineations of tumors in the abdominal [181] and
pelvic area [182]. Besides its value in diagnostic radiology examinations, 2D MS
acquisitions have large potential in real-time tracking for MR-guided interven-
tions, such as MR-guided radiotherapy [127]. To accelerate these acquisitions,
parallel imaging (PI) techniques are commonly employed. They exploit the spa-
tial encoding power of radio frequency (RF) receiver coil arrays to unfold aliased
images. Conventional PI techniques, such as simultaneous acquisition of spatial
harmonics (SMASH) [50], sensitivity encoding (SENSE) [51] or generalized auto-
calibrating partially parallel acquisitions (GRAPPA) [52] reduce the number of
acquired phase-encoding lines, leading to aliasing artifacts. These are unfolded
in the reconstruction process, which requires sufficient receiver coil sensitivity
variation. How well the aliased signals can be unfolded can be expressed by the
geometry factor (g-factor) [51]. This factor expresses the spatially varying noise
amplification and is determined by the differences in coil sensitivities for aliased
pixels. In-plane PI techniques are usually constrained to moderate reduction
factors (up to four for coil arrays with a typically large number (16-32) of coil
elements). First, this is caused by an SNR loss due to Fourier averaging as a
result of a reduced amount of acquired data. Second, the coil array has insuffi-
cient encoding power for these higher acceleration factors, as the reconstruction
becomes ill-conditioned, leading to high g-factors.

To mitigate this SNR loss, simultaneous MS (SMS) [53] and CAIPIRINHA (Con-
trolled Aliasing In Parallel Imaging Results IN Higher Acceleration Factors) [54]
acceleration is used to accelerate 2D brain imaging [183,184]. SMS and CAIPIR-
INHA excite multiple slices simultaneously by using multiband RF-pulses. The
collapsed slices are unfolded during reconstruction, similar to in-plane PI. Com-
pared to in-plane PI the excited volume is S-times larger, where S equals the
SMS acceleration factor (i.e. number of simultaneously excited slices), resulting
in a factor

√
S higher SNR [54], analogous to the SNR advantage of 3D over 2D

acquisitions. However, encoding power in the through-plane direction is generally
limited due to the coil’s design and therefore the SMS reconstruction becomes ill-
conditioned, resulting in high g-factor type noise. CAIPIRINHA mitigates this
limitation by shifting simultaneously excited slices relative to each other in a con-
trolled, coherent fashion, thereby exploiting sensitivity variation in the coil array
more efficiently, enabling simultaneous sampling of closely spaced slices. The slice
shifts are induced by means of modified phase encoding patterns for each slice
through RF [54] or gradient phase modulation [185]. Compared to both in-plane
PI and through-plane PI (SMS), the g-factor in CAIPIRINHA is decreased, since
the variation of coil sensitivities is exploited in both in-plane and through-plane
direction. However, selecting unfavorable shifting patterns can have a large effect
on the g-factor and directly influences the resulting image quality.
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Accelerated body imaging may also profit from these benefits, as was shown
by [54]. Previous studies on accelerated body imaging focused on evaluation of
image quality of clinical scans acquired using 2D-CAIPIRINHA [55] in compari-
son to standard PI sampling for 3D volumetric imaging [186–190]. They showed
superior image quality, clinical feasibility, and reduced unfolding artifacts using
the CAIPIRINHA sampling pattern. However, Deshpande et al. [186] found that
inter-subject anatomical variations resulted in increased artifacts for larger pa-
tients. Moreover, Weavers et al. [191] demonstrated that individual optimization
of the 2D-CAIPIRINHA kernel was required for 3D subtraction contrast-enhanced
MR angiograpy to minimize noise. However, these studies only examined 2D-
CAIPIRINHA for acceleration of 3D acquisitions.

In the present work, we are interested in the acceleration of 2D MS acquisitions for
clinical abdominal protocols. Apart from the original implementation by Breuer
et al., very few body applications use CAIPIRINHA, since large variations in
anatomy and the use of flexible coils considerably change the coil’s sensitivity
patterns between subjects, which may lead to inconsistencies in image quality
between subjects and acquisitions. Throughout the rest of this article CAIPIR-
INHA refers to MS-CAIPIRINHA for SMS acquisitions. Since the coil sensitivity
patterns are subject-dependent and directly influence the resulting image SNR,
inter-subject variations may greatly affect the image quality. These inter-subject
variations, such as anatomy, coil positioning, and field-of-view (FOV) variations,
are much larger than in brain applications and therefore vary the image quality
substantially. Consequently, individual optimization of the CAIPIRINHA sam-
pling pattern may be required. In this study, we will focus on RF-induced phase
modulation, since this provides the freedom to shift each slice independently,
whereas gradient-induced phase modulation is linearly dependent in the slice di-
rection and therefore constrained to linear phase ramps in the through-plane
direction.

The purpose of this paper is twofold. First, a mathematical description for the
SNR of a SMS experiment is provided that employs both in-plane and through-
plane acceleration. This model is then used to evaluate different acceleration
sampling patterns for several clinical situations to assess the effect of inter-subject
variations on the resulting image quality. Second, this model is used to calculate
the optimal sampling pattern for a given acceleration factor, which maximizes
the local SNR. This is achieved by shifting each simultaneously excited slice inde-
pendently, allowing for non-linear slice shifts, opposed to linearly dependent slice
shifts mostly used in CAIPIRINHA-accelerated imaging thus far. Optimization
results in an SNR increase up to 40% at the cost of complex shifting patterns
for CAIPIRINHA. We demonstrate that the sampling patterns that influence
SNR depend on the FOV, individual anatomy and coil positioning and that these
factors should be taken into account for scans employing SMS techniques in ab-
dominal exams. Since the results are coil and sequence-specific, the code for
this framework is made available online to evaluate other coils and acquisition
protocols.
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Figure 6.1: Graphical overview of the workflow for the optimization. First, coil
sensitivity information is acquired and sensitivity maps are calculated. Moreover,
2D MS anatomical data are acquired to simulate accelerated images. The fixed
parameters (imaging requirements) are defined and alongside a standard, initial
sampling scheme fed into the optimization loop, which calculates retained SNR
maps for all SMS slices. Within this optimization, the mean of the 10% lowest
SNR is calculated within the ROI and compared with previous values. If SNR
converges to a maximum, the optimum sampling scheme and retained SNR maps
are returned.

6.2 Methods

We performed various experiments to simulate different acceleration methods in
clinically relevant settings. We compared in-plane and CAIPIRINHA acceleration
with linearly increasing slice-shifts (referred to as LISS-CAIPIRINHA) with the
optimized sampling pattern that provided the theoretically maximum SNR. For
each subject, a standard SENSE reference scan (3D spoiled gradient echo [TE/TR
= 0.57/8 ms, voxel size = 7.5 x 7.5 x 7.5 mm3, flip angle = 7◦]) was acquired to
determine the coil sensitivity maps (see Figure. 6.1). Moreover, 2D MS anatom-
ical data were acquired to simulate in-plane and CAIPIRINHA acceleration and
to calculate SNR maps for visualization of aliasing artifacts. ReconFrame (Gyro-
Tools LLC, Winterhur, CH) was used for resampling and reconstruction of sensi-
tivity maps and anatomical data. All simulations and analyses were performed in
Matlab (The Mathworks, Natick, MA). To optimize the balance between in-plane
and SMS acceleration, and the FOV shift for each slice, a signal model is required
that incorporates all these factors.
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Signal model

Starting from the SENSE matrix formulation of an accelerated 2D MS experiment
[51], a generalized signal model was derived.

fn(x, y, z) =

S∑
s=1

R−1∑
r=0

Cn

(
x, y +

η(φs)

R
+ r

FOVPE

R
, z + (s− 1)∆

)
ρ

(
x, y +

η(φs)

R
+ r

FOVPE

R
, z + (s− 1)∆

)
. (6.1)

In this equation, fn is the signal in the folded image of the nth coil at location
(x, y, z), Cn the sensitivity profile per coil, ρ the signal in a specific voxel, R the in-
plane acceleration factor, and FOVPE the full FOV in the phase encoding direction
(in this case, the y-direction). S is the SMS acceleration factor (i.e. number
of simultaneous excited slices), ∆ the slice distance between the simultaneously
excited slices, and η(φs) the FOV shift induced by the phase modulation vector
φ = (φ1, · · · , φS). φs is the steepness of the linear phase ramp along the phase
encoding lines for the s-th slice defined in fraction of 2π as described by [54].
For instance, φ = [0 π], results in image shifts of η = [0 FOV/2] for the two
simultaneously excited slices.

Based on this generalized signal model, the g-factor is calculated, which is subse-
quently used to determine the expected SNR in an accelerated SMS acquisition
using

SNR
acc

=
SNR

full

√
S

g
general

√
Rtot

. (6.2)

Here g
general

is the generalized g-factor, SNR
full

is the SNR of a fully encoded (non-
accelerated) single slice acquisition and S the SMS acceleration factor. The total
acceleration factor Rtot is defined as the combination of the SMS acceleration
factor S and the in-plane acceleration factor R

Rtot = S ·R, (6.3)

with Rtot ≥ S. To quantitatively compare 2D MS acquisitions, that use in-
plane, CAIPIRINHA or CAIPIRINHA with additional in-plane acceleration, the
retained SNR is defined as

SNR
retained

=
SNR

acc

SNR
full

. (6.4)

Quality metric

For the detection of small structures within the abdominal area, such as lesions
or tumors, sufficient image quality has to be guaranteed. Since image quality
depends on the expected SNR, which is affected by the used acceleration method
(as can be derived from Eq. 6.2), an SNR quality metric was employed to estimate
the resulting image quality. For robustness and to minimize the influence of noise
in the sensitivity data, the mean of the relative SNR values that lie below the
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10th percentile (SNR10) was used as quality metric for all acceleration methods.
Moreover, a region-of-interest (ROI) specific SNR10 was calculated to assure a
threshold SNR within a pre-defined part of the image, which is important in the
detection and characterization of small structures.

Optimization parameters

For the optimization of the acceleration parameters, the SNR10 is maximized by
penalizing low SNR values, to minimize image quality degradation within this
ROI. The goal of the optimization is therefore:

~popt = arg max
~p

SNR10(~p). (6.5)

Here, ~p = (S,R,∆, η(φs)) is the vector of optimization parameters and ~popt the
vector of optimized parameters. Since a threshold SNR is required, the optimiza-
tion aims to maximize low SNR values, while preserving high SNR values. It is
expected that this selection criterion ensures superior SNR and image quality in
the selected ROI.

The SNR was calculated using Eq. 6.4 where SNR
full

was set to 1, which resembles
a fully-sampled single slice acquisition (i.e. Rtot = 1). Prior to this calculation,
noise prewhitening was performed using the noise covariance matrix Ψ to decor-
relate the noise within the coil sensitivity maps, as described in [192].

Several fixed parameters were required as input for the optimization problem (see
Figure 6.1). A fixed FOV was determined, based on the anatomical acquisition,
and a predetermined total acceleration factor Rtot. Moreover, a predefined ROI
was used for local optimization. Given these fixed parameters, the optimal balance
between SMS acceleration S and in-plane acceleration R, and FOV shift per slice
η(φs) (if S > 1) were calculated, based on the coil sensitivity matrix C.

A pattern search [148] algorithm was used within Matlab (using the patternsearch
function) to calculate the set of optimization parameters that resulted in the high-
est SNR10, for the given set of acquisition parameters. The pattern search is a
direct-search optimization method and does not require the gradient of the ob-
jective function, which in this case is not differentiable. Retained SNR maps (i.e.
SNR calculated using Eq. 6.4) were calculated for all simultaneously excited slices
(e.g. for S = 3, three retained SNR maps were calculated). To keep calculation
time at a minimum, no SNR maps were calculated for the other sets of slices
within the FOV. Moreover, all simultaneously excited slices are equally spaced
over the FOV. Lastly, the optimizer was allowed to vary S and R independently
between 1 and Rtot), while Rtot ≥ Rtot,desired.

In-vivo experiments

Abdominal data were acquired for three different simulation experiments to eval-
uate the acceleration methods and to demonstrate the performance of the opti-
mization algorithm for clinically relevant situations. Written informed consent
was obtained from all subjects before the examination using an institutionally
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approved protocol. Coil sensitivity maps were calculated using the parameters
described in Table 6.1.

Table 6.1: Table with the acquisition parameters.

Experiment name
FOV
experiment

Coil position
experiment

Inter-subject
variation
experiment

FOV (mm3) 350x280x175 350x210x105 350x280x150-175
Size C (voxels) 66x48x50 66x40x30 66x48x43-50
Maximum
acceleration factor

3 4 8

Number of subjects 2 2 12†

† 2 out of 12 are also included in the FOV experiment

Fourteen subjects were scanned on a 1.5T Philips Achieva (Philips Healthcare,
Best, The Netherlands) using the vendor’s standard 16-channel abdominal coil
array. Triggered axial 2D MS turbo spin-echo images were acquired for anatom-
ical reference based on a clinical protocol (TR/TE = 493/68 ms, voxel size =
1 x 1.3 x 3.5 mm3, flip angle = 90◦, bandwidth = 396 Hz, SENSE = 2) with
phase encoding in anterior-posterior (AP) direction. Two subjects from the first
experiment were also included in the last experiment. For all experiments an
ellipsoid encompassing the pancreas was delineated and used as ROI, because of
its central location within the abdomen.

In the first experiment the effect of changes in the FOV in the through-plane
direction was examined, since in clinical practice the FOV in this direction is
frequently adjusted, both the size and the position of the FOV. This is a direct
result of variations in the patients’ anatomy and spread of the disease in the
through-plane direction. This changes the relative differences in coil sensitivities,
and due to the coil array’s shape (two rings in CC direction of 2x4 (APxLR)
elements), this may have a significant influence on the SNR when CAIPIRINHA
is used. To address this, we reduced the FOV along the z-direction for two
subjects retrospectively and investigated the differences in SNR10 for two LISS-
CAIPIRINHA sampling patterns (i.e. [0 FOV

2 0] and [0 FOV
3

2FOV
3 ]) and the

optimized phase modulation scheme for Rtot = 3. Moreover, in-plane acceleration
was simulated on the corresponding three slices and the SNR10 was averaged
over these slices. This analysis was only performed for Rtot = 3, since for this
acceleration factor the largest variation was expected.

Next, the impact of variations in the coil setup were investigated. Two data sets
were acquired for which the anterior part of the coil was shifted ∼5 cm in cranial
direction with respect to the posterior part for the second scan to simulate clinical
setup variations in positioning the coils. Using the optimization tool the SNR10

was maximized and compared with in-plane and LISS-CAIPIRINHA acceleration.
The LISS-CAIPIRINHA simulations used linear slice shifts, which showed good
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results in previous experiments [193] and are described in Table 6.2. The sampling
parameters were optimized on one set of S simultaneously excited slices. Using
these parameters, the acquisition of the entire FOV was simulated and the SNR10

was calculated on each set of slices.

Last, inter-subject variation was examined by comparing SNR10 values for twelve
subjects for in-plane, LISS-CAIPIRINHA, and the optimized sampling pattern.
A two-sided paired Student’s t-test was used to determine the significance of the
SNR10 increase after optimization. Inter-subject variation was examined before
and after optimization by calculating the coefficient of variation of SNR10, which
is defined as the ratio between the standard deviation to the mean.

6.3 Results

Figure 6.2 demonstrates the different simultaneously excited slices with their cor-
responding phase modulation and FOV-shifts for Rtot = 3, the resulting folded
image, and one of the retained SNR maps with the matching unfolded slice for
LISS-CAIPIRINHA (with FOV shifts [0 FOV

3
2FOV

3 ]) and after optimization. An
increase of SNR is clearly visible in the retained SNR maps and unfolded images
after optimization. This is confirmed by the difference between the two unfolded
images, which reveals an area of increased noise in the center of the body.

Figures 6.3a and b display one of the resulting retained SNR maps for Rtot = 4
for another subject using CAIPIRINHA (i.e. S = 4, R = 1) before and af-
ter optimization, respectively. Lower SNR values are present using the LISS-
CAIPIRINHA pattern, as a result of overlapping simultaneously excited slices
and insufficient encoding power of the array coil. This is primarily noticeable in
the center of the FOV. After optimization, low SNR values are suppressed over
the entire FOV. This is confirmed by Figure 6.3c, which presents the cumula-
tive histograms within the ROI for both SNR maps. These histograms illustrate
higher SNR values within the ROI after optimization, with an SNR10 of 0.65 be-
fore and 0.71 after optimization. These cumulative histograms display a typical
shape of the curves, which indicate an overall SNR increase within the ROI.

Figure 6.4 shows the SNR10 as a function of the FOV in through-plane direction

Table 6.2: Table with LISS-CAIPIRINHA slice shifts for each slice for acceler-
ation factors up to Rtot = 8.

Acceleration factor FOV shift for each slice

2 [0 FOV
2 ]

3 [0 FOV
3

2FOV
3 ]

4 [0 FOV
2 0 FOV

2 ]
6 [0 FOV

3
2FOV

3 0 FOV
3

2FOV
3 ]

8 [0 FOV
4

FOV
2

3FOV
4 0 FOV

4
FOV

2
3FOV

4 ]
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Figure 6.2: Example for Rtot = 3 of a LISS-CAIPIRINHA acquisition (a) and
the acquisition with the optimized sampling pattern (b). The different simul-
taneously excited slices are shown with their phase modulation value and FOV
shift for each slice alongside the folded images. Moreover, retained SNR maps
are shown next to the unfolded images, which both demonstrate decreased noise
amplification after optimization.

(i.e. CC direction) for in-plane, LISS-CAIPIRINHA with two sampling schemes
(i.e. [0 FOV

2 0] and [0 FOV
3

2FOV
3 ]), and the optimized sampling scheme for an

acceleration factor of Rtot = 3. Optimized parameters solely used CAIPIRINHA
and no extra in-plane acceleration (i.e. S = Rtot = 3 and R = 1). This was
calculated by the optimizer and not imposed by the user. As expected, in-plane
SENSE reconstruction is not affected by the changing FOV in z-direction, since
it only uses in-plane sensitivity encoding power for unfolding. SMS acceleration
shows considerably higher SNR compared to in-plane acceleration, but the SNR
decreases for smaller FOVs, which is a result of lower encoding power along SI
in this reduced FOV. For a larger FOV, there is a clear SNR benefit for using a
FOV shift of [0 FOV

2 0], which is very close to optimal. This can be explained
by a larger variation in sensitivity profile between the multiple slices, resulting
in increased encoding power. However, for an FOV ≤ 90 mm a FOV shift of
[0 FOV

3
2FOV

3 ]) outperforms the [0 FOV
2 0] scheme. The optimization algorithm

automatically calculates the scheme resulting in the highest SNR. This increases
SNR primarily for smaller FOVs (up to 15%), which is interesting for acquisitions
with an FOV in slice direction between 70 and 110 mm, such as several prostate
acquisitions. Moreover, comparison of both subjects reveals significant differences
in SNR10 for standard CAIPIRINHA and the optimized schemes as a result of
anatomical differences.

Figures 6.5a and b display the mean SNR10 for Rtot = 3 and 4 obtained with
in-plane, LISS-CAIPIRINHA and the optimized sampling patterns for both sub-
jects. The mean SNR10, which is defined as the average over the different slices,
is displayed alongside an errorbar representing ± one standard deviation. The
standard deviation was calculated for the SNR10 values within the ROI over the
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Figure 6.3: Schematic overview of the calculation of the SNR10 selection crite-
rion (Rtot = 4 is shown as an example). First retained SNR maps are calculated
using the acceleration parameters before (a) and after (b) optimization. Then,
the mean of the SNR values within the predefined elliptical ROI that lie below
the 10th percentile are calculated, which equals the SNR10 quality metric. The
cumulative histograms of the SNR values within the ROI are shown in (c) before
(black) and after (red) optimization alongside their SNR10 values.
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Figure 6.4: SNR10 for an increasing FOV size in through-plane direction for in-
plane, LISS-CAIPIRINHA with different FOV-shifts, and the optimized sampling
patterns with an acceleration factor of Rtot = 3 for two subjects.

different slices. This way, the standard deviation is an indication of the robust-
ness of the acceleration method over the FOV. The blue data points represent
the first scan, whereas the red data points display the results for the second scan
after the anterior coil was re-positioned. For both subjects in-plane accelera-
tion shows comparable results for both scans, with little variation over the FOV.
LISS-CAIPIRINHA, on the other hand, is largely influenced by the position of
the anterior coil, primarily for the first subject, which shows severely reduced
SNR10 values. Moreover, the larger errorbars indicate an increased variation
over the FOV, as a results of varying coil sensitivity profiles in CC direction.
Optimization is able to recover the reduced SNR10 values to some extent and
increases SNR10 for the second scan considerably (5 − 70%) for Rtot ≥ 3. Fur-
thermore, the variation over the FOV is noticeably smaller. This indicates that
the optimized scheme produces more robust and consistent image SNR compared
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Figure 6.5: Comparison between the SNR10 for two coil positions (blue and
red) for Rtot = 3 and 4. SNR10 is calculated before (blue) and after (red) shifting
the coil for in-plane (circle) and LISS-CAIPIRINHA (square) acceleration. The
optimized sampling pattern (triangle) is only calculated after shifting the coil.
The errorbar represents ± one standard deviation of the SNR10 over the FOV
in z-direction. For subject 1 (a) a significant drop in SNR10 is observed after
shifting the coil for LISS-CAIPIRINHA, which is partly recovered after optimiza-
tion. Subject 2 (b) displays less differences in SNR10 between the coil positions.
(c) Retained SNR maps of one of the four slices for the three acceleration meth-
ods corresponding to the measurements indicated with the stars, alongside the
optimized sampling parameters.

to LISS-CAIPIRINHA for the accidental variation of coil sensitivity as a con-
sequence of sub-optimal coil positioning. Figure 6.5c shows the retained SNR
maps corresponding to the data points highlighted with stars in Figure 6.5b for
in-plane, LISS-CAIPIRINHA and the optimized values alongside the optimized
sampling pattern. SNR values within the entire ROI increased substantially for
CAIPIRINHA, which rise even more after optimization.

Figure 6.6 plots the SNR10 for an increasing acceleration factor obtained with
in-plane, LISS-CAIPIRINHA, and the optimized parameters for all twelve sub-
jects on an individual basis. The average time for optimization on an 8-core
CPU computer using the Matlab implementation ranged typically between 8 and
95 seconds for Rtot = 2 and Rtot = 8, respectively. In-plane acceleration dis-
plays considerably lower SNR values with an SNR10 < 0.1 for Rtot ≥ 6. LISS-
CAIPIRINHA, on the other hand, reveals a significantly higher SNR, but more
inter-subject variation. For Rtot = 2, optimizing the acceleration parameters in-
creases the SNR marginally, since the optimized schemes are very similar to the
LISS-CAIPIRINHA sampling scheme. However, for Rtot ≥ 3, a significant SNR
increase can be observed with p-values of P < 0.01. The coefficient of variation
decreased for all acceleration factors after optimization, indicating less variation
in SNR10 after optimization (CV = 0.14 before and CV = 0.11 after optimization
for all subjects and acceleration factors). Additionally, for Rtot = 3 the SNR10

values for CAIPIRINHA with a [0 FOV
2 0] FOV shift are displayed. It can be

observed that these values are very similar to the SNR10 values after optimization
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Rtot = S x 1).

as a result of the large FOV used in these scans and therefore close to optimum.

6.4 Discussion

In this work we have introduced a framework to evaluate and optimize CAIPIR-
INHA accelerated 2D MS abdominal acquisitions. The framework combines in-
plane acceleration, and SMS acceleration using CAIPIRINHA to optimize the lo-
cal SNR on a individual basis by minimizing noise amplification. This is achieved
by controlling the aliased regions through appropriate phase modulation of the
different simultaneously excited slices.

The method was applied on fourteen subjects for different clinical situations that
can be encountered in abdominal imaging. The results of the three experiments
show that the SNR of CAIPIRINHA-accelerated images is highly influenced by
the size of the FOV in SI direction, the coil setup, and the individual anatomy.
Mainly for an FOV of 80 to 120 mm (which is typical for various prostate and
cardiac exams), this may result in a sub-optimal SNR. For larger FOVs, on the
other hand, standard, linear phase modulation schemes produce high SNR val-
ues, since larger variations in coil sensitivities enable appropriate unfolding with
minimal noise amplification due to large inter-slice distances. This is confirmed
by Figure 6.4, which illustrates that [0 FOV

2 0] are suitable FOV-shifts for large
FOVs in CC direction despite the fact that the first and third slice fold on top
of each other. Moreover, the position of the flexible coil array affects the image
quality as can be seen in Figure 6.5 resulting from altered coil sensitivities due
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to re-positioning of the anterior part of the coil. For the first subject this signifi-
cantly reduced the SNR, which may indicate that the FOV was fully encompassed
by one of the coil’s rings, omitting the sensitivity variation of the other ring for
unfolding and therefore reducing the overall encoding power. However, for the
second subject there was a small increase in SNR. This demonstrates that the
relative coil sensitivity differences change in an unpredictable way, induced by
the coil position and the anatomy. Since abdominal coils are flexible, opposed
to rigid head coils, the position of the coil relative to the acquired FOV may be
different for each subject. Figure 6.6 illustrates the relatively large variation in
SNR10 between subjects, predominantly for Rtot = 3 and Rtot = 4, which can be
explained by differences in coil sensitivity profiles and coil position between these
subjects. For higher field strengths (> 1.5T), these differences may be even larger.
In-plane acceleration shows less inter-subject variation, but an overall lower SNR,
which is consistent with previous results [54]. Generally, larger subjects had a
lower SNR10 for all techniques, since the quantity of aliased pixels is increased,
whereas smaller subject have less overlap in aliasing slices and hence lower noise
enhancement, which was also observed by Deshpande et al [186]. Although these
results are specific to the coil array employed in this study, they suggest that one
should be careful in selecting the phase modulation scheme for CAIPIRINHA in
abdominal exams.

Optimization of the acceleration parameters can increase the SNR significantly
(11− 42%) for Rtot ≥ 3 and reduce inter-subject variation (see Figure 6.6). This
can have a large impact on the resulting image quality and contrast (e.g. for
tumor visibility for delineations), as can be seen in Figure 6.2 for a LISS and
optimized CAIPIRINHA situation. Moreover, as illustrated by Figure 6.4, the
optimal sampling pattern is influenced by the FOV in CC direction. Previous
work on the optimization of acceleration parameters focused on 3D volumetric
imaging [186, 191, 194] for different parts of the body. This work extends these
previous studies to accelerated 2D MS body imaging. To verify that the optimized
parameters are still preferred over the standard CAIPIRINHA values, the SNR10

was calculated over the entire FOV for all fourteen subjects in the inter-subject
variation experiment. For all subjects, the optimized parameters outperformed
the standard acquisition parameters for acceleration factors Rtot ≥ 3 throughout
the entire FOV.

The optimized acceleration parameters that give the theoretically maximum SNR
include FOV shifts that demand complex phase modulation schemes (e.g. the
shifts in Figure 6.2 or Figure 6.5c). This requires a tailored multiband RF pulse for
each phase encoding line. Although these schemes may be impractical, since many
tailored RF pulses are required, they provide insight into choosing appropriate
LISS-CAIPIRINHA sampling patterns. Figure 6.7 shows the SNR10 for different
FOV shifts for Rtot = 3 (slice one has no slice shift). When the sampling schemes
are constrained to multiples of FOV

2 to reduce the number of required RF-pulses,
the SNR10 values at the location of the crosses are found. The red cross depicts the
optimized sampling scheme that was calculated by the optimization framework,
which resulted in the highest SNR10.
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As for LISS-CAIPIRINHA and the optimized parameters, the number of SMS
was constrained to Rtot, resulting in high SMS acceleration factors for high Rtot.
T2 Turbo Spin Echo (TSE) sequences in the body are often acquired with SENSE
= 2 to decrease the echo train length. To simulate this, the framework can be con-
strained to lower SMS factors in combination with higher in-plane acceleration.
Since in-plane and SMS acceleration are complementary strategies, calculating
the best acceleration scheme can increase the SNR significantly for R = 2 and
S > 1. Moreover, multi-band RF pulses are limited to moderate acceleration fac-
tors by the peak power of the RF amplifiers. Higher acceleration factors can be
achieved by constraining the SMS factors in the framework or reducing the peak
power through multi-transmit excitation [195], optimized RF excitation phase
schedules [196], or numerically designed RF-pulses [197]. Constraining the SMS
factor, in combination with higher in-plane acceleration, also decreases the spe-
cific absorption rate (SAR), which is primarily beneficial for TSE sequences that
deposit a substantial amount of RF energy. Furthermore, multiband RF pulses
with imperfect phase modulation over the phase encoding lines induce inter-slice
cross talk and lower signal within the slice [198]. These imperfections can be
quantified using a quick calibration scan over a few read-out lines. Subsequently,
this information can be used within the optimization framework to account for
these imperfections.

In this study, the SNR10 is used as a quality metric to ensure a threshold SNR
in a specified ROI and reduce outlier sensitivity. For the optimization, using
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this selection criterion, a decrease of low SNR values within the entire ROI is
observed (see Figure 6.3). Consequently, the SNR outside this ROI may become
lower. Inspection of the SNR outside the ROI showed, in general, higher val-
ues after optimization than using LISS-CAIPIRINHA sampling, although this
is subject-specific. Furthermore, the size and position of the ROI will alter the
optimized sampling schemes and resulting SNR. Again, this is subject-specific.
When a large ROI, encompassing the entire anatomy was used for optimization,
and subsequently re-optimized on a smaller ROI around the pancreas, liver or ei-
ther kidney, the SNR10 increased for one subject up to 30% for Rtot ≥ 3, whereas
another subject showed only SNR10-increases up to 10%.

In this work only cartesian sampled images were considered from a clinical per-
spective. Further improvements in acceleration may be obtained using non-
cartesian sampling schemes, since encoding power in all three spatial dimensions
can be used for unfolding [199–201]. A similar approach as presented in this
paper could be taken to optimize non-cartesian sampling schemes, although the
signal equation (Eq. 6.1) would have to be adjusted accordingly to allow for these
types of read-outs. Moreover, this framework was designed for RF-induced phase
modulation for the different slices, since this can be used for a wide variety of ac-
quisitions and is flexible in phase modulation schemes [54]. For gradient-induced
phase modulation, such as blipped-CAIPI [185], these schemes are linearly de-
pendent in slice direction and therefore constrained to linear phase ramps in the
through-plane direction. However, Zhu et al. [202] recently showed incoherent
(non-linear) aliasing for echo planar imaging using pseudorandom gradient blips
in an attempt to minimize the maximum g-factor over the entire slice. Further-
more, phase-constrained reconstructions have been shown to decrease the g-factor
by RF-induced relative phases between different slices (e.g. [203]). This requires
an individual spatial phase map for optimum results. Therefore, this is not taken
into account for optimization in this framework. However, the framework can be
extended to include these parameters. Although the framework was only eval-
uated on abdomen data, it can be generalized to other imaging regions. It is
expected that regions with large inter-subject variation (such as neck or prostate
imaging) or very specific imaging regions (such as the visual cortex for retino-
topic mapping) can benefit greatly from an individual ROI-specific optimization.
Finally, this study only considered integer values for the in-plane acceleration R.
Since all the optimized sampling patterns only used SMS acceleration (i.e. Q =
Rtot) and no extra in-plane acceleration, it is expected that non-integer in-plane
acceleration will not increase the SNR significantly. Non-integer values of R where
R is reduced to R < 1 (and therefore S > Rtot), on the other hand, may result
in higher SNR values. However, this would require the FOV in PE direction to
be 1/R larger with very high SMS-factors, resulting in challenging RF-pulses and
therefore beyond the scope of this article.

The presented results indicate that abdomen-specific variations largely affect the
resulting SNR for CAIPIRINHA-accelerated acquisitions. These factors are dif-
ficult to control in clinical practice. The implemented framework opens up the
opportunity to test different sampling schemes and compare them to the optimized
pattern, which provides the maximum achievable SNR, given the input param-
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eters. For certain conditions, mainly large FOVs, LISS-CAIPIRINHA sampling
schemes can achieve results close to optimal, since encoding power is sufficient.
Moreover, for Rtot = 2, LISS-CAIPIRINHA sampling showed good results with
minimal noise amplification. However, for smaller FOVs and higher acceleration
factors, optimal results are more difficult to accomplish using standard schemes
and individual optimization may be required. This can be facilitated through an
online implementation of the optimization. Once the coil sensitivities are mapped
and the geometrical parameters are defined, the software calculates the optimal
acceleration parameters, which can be constrained to practically feasible phase
modulation schemes. Figures 6.5 and 6.6 demonstrate that this would make the
exam more robust in terms of SNR on an individual basis

6.5 Conclusion

CAIPIRINHA is a viable alternative to in-plane PI for acceleration of abdominal
2D MS acquisitions with less SNR loss. In this study, we demonstrated that
abdomen-specific variations in coil positioning, FOV, and subject-specific coil
sensitivity patterns have a large impact on the SNR performance of CAIPIRINHA
in 2D abdominal acquisitions. An optimization algorithm can be used to examine
a range of LISS-CAIPIRINHA and compare them to the optimized scheme in
terms of retained SNR. This information can be used to determine the most
robust phase modulation for a specific acquisition. In conclusion, care should be
taken in selecting the sampling patterns, based on prior knowledge of the resulting
image quality.
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CHAPTER 7
Summary and Discussion

The use of MRI in radiotherapy increased significantly the past decade, fueled by
an ever-growing desire towards more conformal and better targeted treatments.
This lead to a gradual shift from a CT-based workflow, with its known limita-
tions in soft-tissue contrast, to MR-guided radiation treatments for potentially
better patient outcomes [41]. MR-guided radiotherapy has the potential to boost
successful treatment outcomes by decreasing uncertainties in tumor detection,
location and shape, through unprecedented soft-tissue imaging. With the intro-
duction of hybrid MRL machines, the opportunity to acquire MR images just prior
to and during treatment is now a reality. For abdominal tumors this could induce
smaller margins for more conformal dose distributions using precise pre-treatment
imaging, tracked or gated dose delivery by means of real-time image feedback of
the tumor and OARs positions, and accurate dose calculations throughout a large
FOV. To maximize this potential for abdominal radiotherapy, accurate MR im-
age guidance in all stages of treatment is essential. A general challenge for these
tumors is physiological-induced motion. This thesis describes various acquisition,
reconstruction and post-processing methods for managing this motion in all steps
of the treatment.

7.1 Pre-treatment and pre-beam imaging

Successful MR-guided radiotherapy starts with robust pre-treatment and pre-
beam imaging to visualize the tumor and all OARs, and characterize their respiratory-
induced motion excursions. Pre-treatment imaging for abdominal MR-guided
treatments could comprise of a comprehensive, fast, and robust imaging protocol
in which several anatomical images are acquired, as well as functional images.
Functional imaging includes contrast-enhanced and diffusion-weighted imaging,
but also the generation of pCTs for MR-only treatment planning (e.g. [204]).
Additionally, motion can be characterized using a dedicated 4D-MRI acquisition.
Since the accuracy, and thus the margins, of an MR-guided treatment is largely
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determined by the geometrical accuracy of pre-treatment imaging, it is of vital
importance to generate precise and conclusive MR images. For these images it is
not only important to provide sufficient contrast between tumor and surrounding
tissue for delineations, but also depict a representative motion state for treatment
planning.
Pre-beam imaging has to fulfill similar conditions, but is much more time-critical.
Pre-beam imaging will start with a fast anatomical scan for position verification,
after which the contours are transferred to the anatomy of the day. If necessary,
fast replanning tools can generate a new plan, optimized for the current anatomy.
In the meantime, the motion of the tumor and OARs has to be characterized
using fast 4D-MRI acquisitions.

4D-MRI

Similar to 4D-CT, 4D-MRI can be used to provide fundamental information for
treatment planning of abdominal tumors, including individual ITV margins and
the generation of mid-vent/-pos volumes. Additionally, a 4D-MRI can provide
unique information about the motion of the OARs for better definition of PRVs
due to superior soft-tissue contrast, be used to transfer all MRI acquisitions to
the same respiratory state for better delineations, and as input for motion models
to simulate treatment possibilities. Driven by these advantages, many different
approaches have been taken in the last decade to generate 4D-MRI data for ab-
dominal and thoracic tumors. Most early work focused on sorting 2D images in
different respiratory phases in image space [7,82,83,205]. Although this approach
is easy, it is prone to long acquisition times, volume inconsistencies, such as miss-
ing slices, overlapping structures, and stitching artifacts similar to 4D-CT [206],
and limited resolution in through-plane direction. 3D acquisitions, on the other
hand, do not suffer from volume inconsistencies, can be acquired with isotropic
voxels, and have an intrinsic higher SNR and should therefore be used to gener-
ate robust 4D-MRIs. In Chapter 2 the volumetric radial stack-of-stars (SOS)
acquisition was introduced as a more robust alternative to Cartesian sampling
for reconstruction of phase-resolved 4D-MRI data. This trajectory is both more
forgiving to undersampling and less affected by respiratory-induced artifacts [92]
after sorting data into respiratory phases. This technique was tested in several
healthy volunteers and pancreatic cancer patients and abdominal motion was cal-
culated using fast non-rigid registration, using a 3D optical flow algorithm. The
observed motion of the pancreatic tumors and duodenum, which is the primary
OAR for these tumors, was mainly in CC direction and was larger for the duo-
denum compared to the tumor. The bSSFP radial SOS acquisition exhibited
valuable contrast between structures, good spatial resolution, and a sufficiently
large 3D FOV for these tumors. In combination with a fast 3D optical flow algo-
rithm, 4D motion for all abdominal structures was calculated within 13 minutes
after starting the acquisition. This can directly be exploited as pre-treatment
motion characterization method for treatment planning, and be used as starting
point for a faster pre-beam 4D-MRI implementation

To sort the data, a respiratory surrogate signal is required. Chapter 2 showed
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that internal surrogates are better than external surrogates. Using quantitative
analyses, it was concluded that respiratory bellows have higher errors and are un-
able to capture low frequency motion, opposed to a 1D-MR navigator. These nav-
igators are therefore reliable, internal, respiratory motion surrogates, although it
increases scan time by approximately 15%. Ideally, these surrogates are acquired
with minimal or no extra scanning time. Examples of robust internal surrogates
include the FID signal that is used in Chapter 3, self-navigation [155], which
is used in Chapter 5, low-frequency k-space points [207], or the thermal noise
variance [126]. Since most of these surrogates are compatible, a combination of
surrogates could be a powerful solution for providing robust respiration signals,
both for pre-treatment/-beam imaging and beam-on imaging. Sorting the data
can be performed in a number of ways, such as phase, or amplitude binning [22].
In phase binning, data is sorted into a number of equal time length bins for each
respiratory cycle, similarly to what most CT scanners do. The rationale is that
the bins hold probabilistic information, which is interesting for probabilistic plan-
ning techniques, but phase binning increases the intra-bin amplitude variations
(i.e. the difference in amplitude at which data was acquired within one respiratory
bin). This can induce blurring and increases artifacts in the reconstructed bin
volumes for 3D acquisitions. Amplitude binning, on the other hand, sorts data
in equal amplitude bins and therefore decreases intra-bin variations, possibly in-
creasing image quality, but requires longer scanning to fill all the bins. To keep
the probabilistic information, variable amplitude bins could be used, or a hybrid
between amplitude and phase binning, such as relative amplitude binning [208].

Since 3D acquisitions are generally slow, compressed sensing (CS) [209] techniques
have recently been introduced for a faster 4D-MRI generation [152,172,210]. This
can significantly reduce acquisition time (e.g. down to 40 seconds for a large
FOV encompassing the lungs and liver [210]), but increases reconstruction times
tremendously (i.e. in the order of several minutes to multiple hours). Although
this might not be a problem for pre-treatment imaging, pre-beam imaging would
benefit from a 4D-MRI with fast acquisition and reconstruction. Albeit it has
been shown that a planning 4D-CT is often not representative for respiratory
motion during a 3-5 week treatment [39, 211], the ”durability” of a 4D-MRI (i.e.
how long the estimated motion is valid) is an unstudied field. Moreover, since
respiration can change on an inter- and intra-fraction basis, for example when the
patient switches from chest to belly breathing or vice versa, ideally the 4D-MRI is
acquired before each fraction. A moderate acquisition time (i.e. 1-3 minutes) with
a fast, parallelized reconstruction in the order of seconds is most likely the best
compromise. Moreover, CS reconstructions employ regularization in space and/or
over the different respiratory phases. Such regularized reconstructions may result
in underestimated motion patterns [172]. Validation of these techniques before
clinical introduction is therefore essential, but not straightforward. Before 4D-
MRI can be adopted widely, the geometrical accurateness, such as the correctness
of the body outline and the represented positions in the different phases, has to be
determined (as was shown in Chapter 4). MR-compatible 4D motion phantoms
can provide some validation [212]. Such phantoms should be able to represent
respiratory tumor motion as good as possible, including respiratory variations,
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Figure 7.1: Liver and lung examples of an accelerated 4D-MRI with moderately
regularized compressed sensing reconstruction that takes approximately 2 minutes
to acquire. The white line is plotted to demonstrate the difference in anatomical
positions between exhale and inhale.

but also remain highly reproducible and controllable. Moreover, it should be
relatively easy to handle and flexible to simulate different types of tumors and
tissue characteristics and ideally be used for dosimetry in all four dimensions.

The ideal 4D-MRI remains an active field of research, but the radial SOS proves
to be a versatile acquisition with many benefits. Combining the radial SOS tra-
jectory with moderately regularized CS reconstruction is a viable possibility for
a fast and accurate 4D-MRI with moderate reconstruction times. In the past
year such implementation was tested at our institute with different contrasts and
on different anatomical sites, including pancreas, liver, kidney and lung with
promising results (see Figure 7.1). To possibly leverage contrast between tumor
and nearby tissue, 4D-MRIs with different contrasts, like a mixed T2 / T1 (see
Chapter 2), fat-suppressed T1 (see Figure 7.1), or pure T2 [213], should be de-
veloped as certain tumors may benefit from different contrasts. Alternatively, a
multi-echo read-out can be employed, opening the way for ultra-short echo time
(UTE) imaging and Dixon reconstructions [123]. This does not only provide
excellent fat-suppressed images, but can also be used to generate 4D-pCT data
sets [214], expediting dynamic MR-only workflows.

Robust abdominal imaging

Abdominal imaging has long been an obstacle in MRI due to respiratory-induced
motion, leading to artifacts. Breath-holds and gated or triggered scans, using
external respiratory bellows or internal MR navigators are able to reduce these
artifacts to a large extent. However, patients are often unable to maintain a
sufficiently long breath-hold. Moreover, this definite breath-hold time limits the
acquisition time and therefore spatial resolution, coverage, or SNR. Furthermore,
triggered and gated scans can have low efficiencies, leading to significantly in-
creased scan times. Recently, 3D free-breathing approaches have shown great
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potential for abdominal imaging [61]. This removes the need for breath-holds,
thereby making the acquisition more efficient and more consistent. However,
these free-breathing techniques fail when bulk motion occurs. For some exams
this leads to non-diagnostic image quality or misinterpretation of the images. Res-
canning of these patients is often the only solution, which is not an option during
pre-beam imaging. In Chapter 3 the radial SOS acquisition was extended to a
robust motion compensation technique for preparatory MRI acquisitions. This
was accomplished by identifying bulk motion through changes in the signal inten-
sity distribution across elements of a multi-channel receive array using the FID
signal. Using video recordings it was validated that variations in FID intensity
ratios can detect bulk motion. The online, fully automated implementation en-
ables a continued acquisition until sufficient data without bulk motion has been
acquired, after which bulk-motion-free images are reconstructed on the scanner.
This technique has the potential to greatly improve the robustness of abdomi-
nal MRI scans, and decrease the need for rescanning, reducing imaging time and
cost. Moreover, respiratory-induced motion can additionally be characterized by
generating a phase-resolved 4D-MRI, similar to Chapter 2, or be discarded by
reconstructing volumes in a specified respiratory state in a post-processing step
for sharper image contours and edges with reduced artifacts. Apart from increas-
ing robustness for (uncooperative) elderly patients, this technique may even allow
scanning pediatric patients without sedation. Due to its generalizability it can
be employed for a large range of image sequences and even different anatomical
locations.

7.2 Beam-on imaging

Respiratory-induced motion during treatment hampers the effectiveness of highly
conformal SBRT in the abdomen due to blurring of the dose. One of the key
features of the MRL is the ability to visualize the tumor and all OARs during
treatment and adapt treatment delivery accordingly. The first step to realize this
adaptive workflow is by generating high temporal resolution images. As MRI is
currently too slow to acquire full 3D volumes in a large FOV with sufficient tem-
poral resolution, intermediate steps have to be taken to aid radiation adaptations
based on MR imaging. Only a limited amount of 2D slices can be acquired with
sufficient temporal resolution. Two orthogonally oriented slices, positioned on
the tumor and acquired in an interleaved fashion can provide the necessary 3D
motion of the tumor centroid [79, 90]. However, this does not provide any infor-
mation about the OARs and may not cover the entire tumor. To increase spatial
coverage without compromising temporal resolution, several promising options
were explored in this thesis.

Motion models

Chapter 4 introduces a model-based approach to solve the problem of slow
volumetric MR acquisitions. To generate these 3D cine-MR volumes, a pre-beam
4D-MRI is acquired, similar to the 4D-MRI introduced in Chapter 2, from which
the motion is calculated through non-rigid registration, and parameterized using
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a PCA. This parameterized model is used in combination with beam-on M2D
cine-MR imaging to synthesize full FOV 3D cine-MR volumes with sub-second
temporal resolution. The beam-on imaging can readily be used to track the
tumor centroid for fast imaging feedback. Since geometrical accurateness is vital
for MR-guided radiotherapy, the geometrical accuracy of the different input data
and processing steps are determined using measurements on an MR-compatible
motion phantom. The geometrical error for the 4D-MRI, 2D cine-MR imaging,
and the fitting procedure were 1.21 mm, 1.16 mm, and 1.53 mm, respectively.
In-vivo data were acquired for both the pancreas and kidneys. While one of the
M2D cine-MR images served as input for the model, the other slice was used to
independently quantify the model’s accuracy and applicability outside the slice
that was used as input. Root-mean-squared errors (RMSE) were generally below
2 mm in all directions for the pancreas and kidney.
The generated high spatio-temporal resolution 3D MR volumes can be used for
treatment simulations, plan evaluation, and dose accumulation. Although the
generation of 3D volumes using the motion model is currently not fast enough to
provide real-time feedback (i.e. in the order of several seconds depending on the
FOV), optimizing the reconstruction pipeline may reduce the calculation times
significantly, enabling rapid image-based gating and tracking.

Multi-slice CAIPIRINHA

Beam-on imaging that has been described in this thesis mainly used two 2D slices,
acquired in an interleaved fashion. To enable tracking of multiple structures, such
as the tumor and several OARs, and possibly improve the accurateness of the PCA
model described in Chapter 4, multiple slices can be acquired simultaneously
using CAIPIRINHA-accelerated acquisitions. Since the image quality consistency
of such acquisitions might be difficult in the abdomen, due to subject-specific
coil sensitivity profiles, a mathematical framework is described in Chapter 6
that enables optimization of the CAIPIRINHA sampling pattern. In different
simulation experiments it was shown that the FOV in through-plane direction,
the coil positioning, and the individual anatomy have a large impact on the image
SNR and artifacts. Optimizing sampling patterns on an individual basis can
increase SNR up to 30%.
This framework is not only useful in acquiring more images with high SNR in a
pre-treatment and pre-beam phase [215], but can also be used to acquire multiple
images during treatment with sufficient SNR for tracking purposes and increase
the number of input slices to our motion model. Apart from exciting two parallel
slices as described in Chapter 4, orthogonal acquisitions have also been explored
more recently [216]

Undersampled 3D imaging

Acquiring many 2D slices is an intuitive approach to sample as much of the re-
quired imaging volume as possible. However, since the same slices are sampled
throughout the entire treatment, the incoherence over time is low, leading to a
low information density. Contrary to looking at a subset of images of the entire
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3D FOV, acquiring an undersampled part of the full 3D k-space may be favor-
able, since temporal incoherence is increased. Some 3D acquisitions, including
the radial SOS acquisition, have possibilities for multi-temporal resolution re-
constructions. They can provide both fast imaging for tracking purposes, and
undersampled 3D information at a lower temporal resolution for sanity checks
and dose reconstructions. One of the advantages lies in the fact that temporal
and spatial resolution are interchangeable in these acquisitions. Moreover, under-
sampled reconstructions are a very active field of research and hence it is expected
that reconstruction will become much faster in the upcoming years [217].

Tracking on beam-on imaging

The increased amount of image information per unit of time can significantly
reduce uncertainties in the positions of the tumor and OARs. In order to provide
feedback to the linac, the position of the tumor has to be encoded. In this thesis
the optical flow algorithm was used extensively, because it produces a voxel-
by-voxel deformable vector field, is robust in different acquisitions, such as EPI
[149] and radial [89], and can be implemented on a GPU architecture to reduce
computational times to 15 ms for a single 2D slice [159]. Alternatively, since we
are primarily interested in the tumor motion during treatment, other algorithms
that only focus on a single structures can be used, such as a particle filter [218]
or MOSSE tracker [6] to reduce calculation times even further. Based on the
output of the tracking algorithms, the treatment can be adapted by temporary
blocking the beam when the tumor is outside a predefined gating window, or
by dynamically changing the MLC leaves to track the tumor [179, 180, 219]. A
dynamic type of gating, in which the gating window is adapted if drifts occur,
may prove to be the perfect combination of gating and tracking.

7.3 Dose accumulation

While tracking methods can increase target coverage, the dosimetric impact of 3D
deformation of the target and OARs are not taken into account. The previously
introduced motion model was used in Chapter 5 to calculate the accumulated
dose in SBRT renal-cell carcinoma treatments. To show the added value of the
high spatio-temporal resolution of this model, it was compared to other state of
the art dose accumulation models that are unable to capture intra-fraction respi-
ratory motion variations, such as drifts, and in- and exhale amplitude variations.
The accurateness of the motion models was measured by comparing the GTV
motion, as calculated by the models, with the GTV motion on the 2D cine-MR
imaging. The proposed motion model was the only one to correctly characterize
drifts and amplitude variations, represented by the lowest RMSE of 1.09 mm,
compared to 2.69 mm and 2.37 mm for the other models, respectively. These
motion estimates were fed into a dose accumulation algorithm by deforming bulk
density pCTs for five RCC patients. Within a single 7 Gy SBRT fraction, it was
concluded that the GTV was underdosed for three out of the five patients, when
inter respiratory cycle variations were included. Moreover, distinct hotspots of
overdosage were observed just outside the PTV margin that may lead to critically
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high doses to OARs on these anatomical locations.
The outlined pipeline is a practical tool to determine the accumulated dose and
shows the importance of including intra-fraction motion variations into dose calcu-
lations for abdominal tumors. Moreover, it may prove its value for treatment sim-
ulation and to test different treatment adaptation methods, primarily for highly
mobile tumors such as the liver, kidneys and pancreas. Lastly, it can be combined
with very fast plan adaptation tools, such as the adaptive sequencer [75], to adapt
the plan online.

7.4 Synergy with other MR-guided applications

Hadron therapy is, besides MR-guided radiotherapy, another important devel-
opment in radiotherapy in the last two decades. In hadron therapy, protons or
heavy ion, such as carbon, are used for radiation. Contrary to photon beams that
have a slow dose fall off and relatively large dose deposition on the entry site,
hadron beams increase to a sharp maximum (so called Bragg peak), followed by
a rapid drop-off [220]. Although the sharp dose drop-off can potentially reduce
radiation to OARs and therefore adverse effects, the high level of uncertainty
in range, dose calculation, and biology limits the usefulness of the Bragg peak.
Without knowing where the target is at all times during treatment, the effect of
geometric uncertainties and intrafractional motion is even more considerable for
hadron therapy than photon therapy. Robust plan optimization has been pro-
posed to account for random range and setup uncertainties [221]. Unfortunately,
the effect of respiratory motion on dose distributions is more difficult to account
for. A small drift, for example, can result in a significant target dose degradation
and, more severely, a serious dose increase to surrounding tissue, much larger
than the results presented in Chapter 5 for photon therapy. Accurate imaging
that could visualize the tumor and surrounding tissue during treatment, would
reduce uncertainties in hadron therapy enormously. MR-guided proton therapy,
or hadron therapy in general, is therefore of potentially great value [222].

A different treatment that has successfully been combined with MRI guidance
is High Intensity Focused Ultrasound (HIFU), in which tumors are ablated by
thermal energy deposition of an ultrasound beam. Although mainly used for the
ablation of uterine fibriods [223], it has also been proposed for moving targets,
such as liver [224, 225], and kidney tumors [225]. The techniques introduced in
this thesis can readily be used in MR-HIFU, although anatomical imaging or cine
imaging has to be interleaved with dynamic temperature mapping to provide
feedback for treatment monitoring. Similarly, tracking methods developed for
MR-HIFU can directly be translated to MR-guided radiotherapy.

Recently, integrated whole-body MR-PET scanners have been introduced. These
hybrid scanners are able to simultaneously acquire PET and MR images with
perfect spatial and temporal correlation. This would, for example, be beneficial
in visualizing individual lymph nodes and detecting the active lymph nodes, for
individual lymph node boosts. Respiratory motion induces a blurring of the PET
signal, similarly to the radiation dose [226]. Using the MRI, respiratory motion
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Figure 7.2: Five dimensional reconstruction showing different enhancement and
respiratory phases in the transversal, coronal and sagittal view.

can be mapped and used to reconstruct a motion-resolved 4D-PET volume, or a
motion-compensated 3D-PET volume. Similarly to Chapter 4, motion models
have been proposed for these tasks (e.g. [135]), as well as tagged MR acqui-
sition [227] and the generalized reconstruction by inversion of coupled systems
framework [139]. An interesting opportunity lies in the joint reconstruction of
MR and PET data [228].

In conclusion, MR-guided radiotherapy can benefit from the developments in
hadron therapy, MR-HIFU, and MR-PET and vice versa. This symbiotic rela-
tionship can be used in a range of applications from the generation of attenuation
maps, and the development of radio transparent coils, to calculating motion mod-
els and tracking algorithms for motion compensation and characterization.

7.5 Future Perspectives

Within the MRI community several techniques emerged the last couple of years
that may prove very useful for abdominal imaging. Motivated by improvements
in soft- and hardware, alongside a drive for increased value proposition in MR
imaging, different trends are becoming visible, which could also be adopted into
MR-guided abdominal treatments.

A trend is seen in sparser data sampling, but denser dimension reconstructions.
This trend was initialized by the development of CS [209], in which quasi-random
undersampling and nonlinear reconstructions are used to reconstruct sparsely
sampled images. Exploiting more incoherence in the acquisition and sparsity
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in the reconstruction achieves better image reconstructions. One way to get
more sparsity and correlations is to encode more dimensions. Apart from the
three spatial dimensions, different physiological or functional dimensions can
be encoded, such as respiratory motion [216], cardiac motion [229], contrast-
enhancement [171], or flow [230]. Moreover, correlations can be exploited in mul-
tiple dimensions, thereby creating five dimensional [155], or even six dimensional
data sets [230] from a single acquisition. An example of a five dimensional data
set, in which respiratory motion and contrast enhancement are encoded using a
continuous 3D radial SOS acquisition, can be seen in Figure 7.2. Not only can this
add valuable information in the pre-treatment and pre-beam imaging phase in less
time, it may potentially also result in more robust free-breathing imaging, since
respiratory and cardiac motion can be encoded, rather than suppressed [107].
Moreover, for beam-on imaging sparsity can be exploited for multi-scale recon-
struction, both spatially and temporally to provide the necessary imaging infor-
mation for tracking and plan adaptation.
To improve the performance of CS, the reconstruction is often combined with
parallel imaging (PI) methods. Since PI relies on the variations in coil sensi-
tivity profiles, it benefits from an increased number of coil elements. Although
abdominal MR imaging is nowadays often performed using coil arrays with 16 to
32 elements, the MRL has an eight-channel coil array to minimize interference
with the radiation beam. To optimally use advances in image reconstruction, a
radio-transparent coil array with 32 to 64 coil channels should be designed. Such
design should not only take radio transparency into account, but also noise cor-
relation, PI performance, and skin dose effect, as a result of the electron return
effect [231]. Simulations using for example the framework outlined in Chapter 6
are an essential part of the design process.
In order to seamlessly integrate these novel reconstructions into the treatment
pipeline, an automated reconstruction framework is required [61]. Since CS uses
an iterative, non-linear reconstruction, long reconstruction times are typical and
an online reconstruction on the scanner is often not feasible. Besides optimizing
reconstruction algorithms in terms of speed, robustness and efficiently, the use of
modern hardware, such as GPUs, and an offline reconstruction server with suf-
ficient computational resources to automatically reconstruct multi-dimensional
data and save images onto a DICOM storage server is required. This also expe-
dites clinical introduction of advanced acquisition/reconstruction techniques as
the images can directly be viewed by clinicians.

A consequence of this trend is the fact that a continuous, high-density data stream
is acquired, from which several parameters and dimensions can be determined,
leading to more information per unit of time. For MR-guided radiotherapy, where
images are acquired during every stage of the treatment, this means a massive
amount of data. To efficiently handle all this data, machine learning can play
a key role. In different parts of an MR-guided treatment, machine learning can
assist. First, the reconstruction of vastly undersampled multi-dimensional MR
data, which can take minutes to hours using CS algorithms, can severely be
accelerated using deep learning [232]. Since training the reconstruction model,
which is modeled as a set of filter kernels and activation functions, is the time-

110



7.6 Concluding remarks

consuming step, applying it may only take a fraction of a second. Second, once
images are available, machine learning can be employed to facilitate OARs and
possibly tumor delineations [233], automatically generate pCTs, or calculate mo-
tion in a time-series using supervised learning of optical flow estimations [234].
Lastly, machine learning can aid the treatment planning, or predict the outcomes
of therapy, based on pre-treatment imaging and patient characteristics [235]. All
these examples share the underlying assumptions that they can be accelerated
significantly and made more robust with the use of machine learning, an attrac-
tive feature for the many time-critical processes in an adaptive workflow on the
MRL.

Abdominal MRL treatment

Taken these trends into account, an abdominal MRL treatment may comprise of
the following steps.
In the pre-treatment phase, one, or a few free-breathing continuous acquisitions
will be performed, after which the necessary image contrasts, pCT, and quantita-
tive parameters are reconstructed in a single representative motion state, such as
the mid-position. In combination with machine learning, a robust SBRT plan is
created. Just prior to treatment, a fast scan is acquired to visualize the anatomy
of the day and characterize the motion, which is immediately taken into account
into an optimized plan-of-the-day. Beam-on imaging involves acquiring as much
data as possible and reconstructing with minimal latency. Based on the extracted
motion gating or tracking is performed. Simultaneously, the accumulated dose is
calculated and any necessary adaptation of the plan are performed online.

7.6 Concluding remarks

The developments in MR-guided radiotherapy will drive a paradigm shift in ra-
diotherapy. For the first time we have the ability to visualize both the tumor
and OARs before and during treatment in real time. A constant drive towards
faster, more comprehensive imaging is required to fully exploit the opportunities
of the MRL. In this thesis methods were presented for pre-treatment, pre-beam,
and beam-on MR imaging, as well as dose calculations for abdominal MR-guided
radiotherapy. These techniques will directly add valuable information for robust
pre-treatment imaging, treatment simulation and planning, day-to-day plan ad-
justments, and ultimately can be used for real-time image-guidance and online
plan adaptation. In combination with developments in MRI, image-guided thera-
pies and image analysis, the outlined methods will advance MR-guided abdominal
radiotherapy into clinical use.
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CHAPTER 8
Samenvatting

Het doel van radiotherapie is om kankercellen te doden door het DNA te beschadi-
gen met behulp van een hoge dosis ioniserende straling. Hierbij moet worden
gezorgd dat gezond omringend weefsel zo veel mogelijk wordt gespaard. Naast
fractionering, waarbij de totale dosis in kleinere fracties wordt gegeven om gezond
weefsel in staat te stellen het DNA te herstellen, worden verschillende beeldvor-
mende technieken gebruikt om de tumor beter te kunnen visualiseren. Hierdoor
kunnen kritische gezonde organen zoveel mogelijk worden gespaard. In dit proef-
schrift staat het gebruik van MRI voor radiotherapie centraal. Door het su-
perieure weke delen contrast en de hoge flexibiliteit kan zowel de tumor als het
omliggend weefsel uitstekend worden gevisualiseerd. Dankzij deze eigenschappen
kan de positie van de tumor in real time worden bepaald. Hierdoor is het gebruik
van MRI voor radiotherapie de afgelopen jaren flink gestegen, wat uiteindelijk
heeft geleid tot de ontwikkeling van de hybride MR-Linac. Dit apparaat, dat
MRI beelden kan acquireren voor de behandeling en zelfs tijdens de behandeling,
is ontwikkeld binnen de afdeling radiotherapie van het UMC Utrecht, in samen-
werking met Philips en Elekta. In mei 2017 zijn de eerste patiënten in Utrecht
behandeld met deze revolutionaire techniek.

Het is de verwachting dat MRI-gestuurde radiotherapie in de toekomst bij veel
meer patiënten behandelingsresultaten kan verbeteren door onzekerheden in tu-
mor detectie en locatie te minimaliseren. Bij tumoren in de buik kan dit leiden
tot kleinere marges voor een meer conforme dosisverdeling, tracked of gated do-
sis afgifte door middel van real-time beeld feedback van de tumor positie en
nauwkeurige dosis berekeningen in het hele abdomen. Om deze mogelijkheden te
realiseren is nauwkeurige MRI-beeldgeleiding in alle stadia van de behandeling
van essentieel belang. Een algemene uitdaging voor deze tumoren is fysiolo-
gisch gëınduceerde beweging. Voor een veilige, klinische introductie van MRI-
geleide stereotactische behandelingen van abdominale tumoren, zijn robuuste en
nauwkeurige MRI-technieken cruciaal. Dit proefschrift beschrijft diverse acquisi-
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tie, reconstructie en post-processing methoden voor het controleren van deze be-
weging voor en tijdens de behandeling.

Succesvolle MRI-geleide radiotherapie begint met robuuste beeldvorming in de
pre-treatment (simulatie voor de behandeling) en pre-beam (net voor radiatie)
fase om de tumor en alle kritieke organen te visualiseren en hun respiratoir
gëınduceerde beweging te karakteriseren.
In Hoofdstuk 2 wordt de radiële stack-of-stars (SOS) acquisitie gëıntroduceerd
als een robuust alternatief voor Cartesische sampling voor het genereren van een
4D-MRI om de ademhaling te karakteriseren. Deze radiële sampling is meer
vergevingsgezind voor undersampling en wordt minder bëınvloed door ademhal-
ingsgëınduceerde artefacten na het sorteren van de data in de ademhalingsfasen.
Deze techniek is getest bij verscheidene gezonde vrijwilligers en patiënten met
alvleesklierkanker waarbij de beweging werd berekend met behulp van een snelle,
non-rigide registratie. De waargenomen beweging van de alvleeskliertumoren was
hoofdzakelijk in de cranio-caudale richting en was groter voor het duodenum in
vergelijking met de tumor.
Met behulp van de radiële SOS acquisitie en de snelle 3D-registratie werd 4D-
beweging voor alle organen in de buik berekend binnen 13 minuten na aanvang
van de beeldopname. Deze techniek kan direct gebruikt worden om de beweging
te karakteriseren en te gebruiken in de behandelplannen.

In Hoofdstuk 3 wordt dezelfde radiële SOS acquisitie uitgebreid naar een robu-
uste techniek voor bewegingscompensatie voor abdominale MRI. Foutieve acquisi-
tie lijnen, die zijn opgenomen ten tijden van beweging (d.w.z. bulk bewegingen
door bijvoorbeeld discomfort of hoesten), worden met deze techniek gedetecteerd
en automatisch verwijderd door variaties in de spoellading te bepalen aan de hand
van veranderingen in het FID signaal. De online implementatie zorgt ervoor dat
de scanner automatisch stopt wanneer voldoende data is geacquireerd. Addi-
tionele respiratoire beweging kan verder worden gefilterd of er kan een 4D-MRI
van worden gemaakt, zoals beschreven in Hoofdstuk 2.
Deze techniek heeft de potentie om MRI scans van het abdomen robuuster te
maken, zodat scans niet hoeven te worden herhaald of patiënten terug moeten
komen voor een extra scansessie. Dit is niet alleen waardevol voor niet-coöper-
atieve ouderen, maar ook voor pediatrische patiënten, waar anesthesie kan worden
verminderd of zelfs helemaal weg worden gelaten.

Ademhaling tijdens de behandeling belemmert de effectiviteit van conforme ra-
diotherapie als gevolg van blurring van de dosis. Om echter inzicht te krijgen
in het effect van ademhalingsbeweging op de dosisverdeling van de tumor en de
kritieke organen, is 3D beeldvorming met adequate temporele resolutie vereist.
Helaas zijn MRI-acquisities over het algemeen relatief traag en is de snelle ac-
quisitie van zulke 3D-beelden een probleem.
Hoofdstuk 4 introduceert een bewegingsmodel om dit probleem op te lossen.
Met behulp van een pre-beam 4D-MRI, zoals beschreven in Hoofdstuk 2, wordt
een model opgesteld door de beweging te parametriseren. Dit model wordt in
combinatie met snelle beam-on 2D cine-MR imaging gebruikt om 3D cine-MR
volumes te genereren met sub-seconde temporele resolutie. Deze hoog resolute
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beelden kunnen direct worden gebruikt voor feedback van de positie van de tu-
moren en al het omringend weefsel. Dit is waardevol voor simulatie van de be-
handeling, om verschillende plannen te evalueren en om de geaccumuleerde dosis
te berekenen.

Het eerder gëıntroduceerde bewegingsmodel wordt in Hoofdstuk 5 gebruikt om
de geaccumuleerde dosis van een gehypofractioneerde nierkanker behandeling te
berekenen. De waarde van de hoge temporele resolutie is aangetoond door de
geaccumuleerde dosis te vergelijken met andere modellen die deze hoge temporele
resolutie niet hebben. Het voorgestelde model kan de beweging van de tumor het
beste karakteriseren, waarbij zelfs drift kan worden gevisualiseerd. Met behulp
van dit model is aangetoond dat voor drie van vijf patiënten de tumor onvol-
doende dosis kreeg, wat niet kan worden gemodelleerd door de andere modellen.
Daarnaast stijgt de dosis in enkele kritieke organen rond de tumor wat tot on-
voorziene bijwerkingen kan leiden.
Met behulp van de voorgestelde techniek kan nauwkeurig de afgegeven dosis wor-
den berekend. Hierbij kunnen alle aspecten van de ademhaling worden meegenomen,
zoals variatie tussen verschillende ademhalingsteugen. Dit is niet alleen waardevol
voor online dosis accumulatie op de MR-Linac, maar ook voor behandelingssim-
ulaties gebaseerd op een pre-treatment MRI van tumoren die veel bewegen, zoals
in de lever, nieren en pancreas.

Beam-on imaging dat tot dusver is beschreven in dit proefschrift maakte gebruik
van twee orthogonale 2D slices. Om tracking van meerdere structuren mogelijk
te maken, zoals de tumor en kritiek omliggend weefsel, kunnen meerdere slices
tegelijk worden geacquireerd met behulp van CAIPIRINHA-versnelde acquisities.
Het is echter moeilijk om consistent goede beeldkwaliteit te kunnen garanderen in
het abdomen, door patiënt-specifieke variatie, zoals de spoelgevoeligheid. Hoofd-
stuk 6 beschrijft een mathematisch model om CAIPIRINHA sampling patronen
te optimaliseren. In verschillende experimenten is aangetoond dat het FOV in
de cranio-caudale richting, de positie van de spoel en patient-specifieke anatomie
allen grote invloed hadden op de SNR en het artefact level. Het optimaliseren
van het sampling patroon met behulp van het mathematisch model kan de SNR
met 30% verhogen.
Het model kan niet alleen worden gebruikt om SNR te verhogen van MRI ac-
quisitie in de pre-treatment en pre-beam fase, maar ook om het aantal slices dat
wordt gebruikt tijdens beam-on imaging te vergroten voor tracking of als input
voor een bewegingsmodel.

In dit proefschrift zijn meerdere methoden beschreven voor pre-treatment, pre-
beam en beam-on MR imaging, alsmede een methode om de geaccumuleerde dosis
te kunnen berekenen voor MRI-gestuurde radiotherapie in het abdomen. Deze
technieken kunnen direct waardevolle informatie toevoegen voor robuuste pre-
treatment MRI, behandelingssimulatie en planning, dag-tot-dag aanpassingen en
kunnen uiteindelijk worden gebruikt voor real-time beeldgestuurde behandelingen
en online planadaptaties.
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