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Abstract

This thesis describes methods for imaging, analysis, and modelling of respiratory

organ motion, which is a key problem in numerous applications. The specific aim of

this work was to improve planning and targeting in radiation therapy with external

beams.

To study respiratory motion in detail, a method for time resolved volumetric mag-

netic resonance imaging (4DMRI) was developed. This method can capture irreg-

ular breathing and thus allows for studying the variability in respiratory motion.

Although the developed method is applicable to any site affected by respiratory mo-

tion, it is demonstrated for the liver as an example organ. 4DMRI sequences of the

liver were obtained from 13 volunteers and dense deformation fields describing the

respiratory motion were estimated using intensity-based non-rigid registration. The

analysis of this data provided new insights into the intrafraction motion of the liver

during free breathing. In particular, large intrafraction drifts were found in most

subjects and ranged up to more than one centimetre over 20 minutes. Simulations

of different gating scenarios demonstrated the large targeting errors that can result

from the observed drifts in gated treatment with external respiratory signals.

In order to improve targeting, we show how to capture the observed motion in a

statistical model and how to use this model as prior knowledge together with pos-

sibly few patient-specific measurements. This includes the introduction of a scheme

for intersubject correspondence that is particularly suited for motion modelling.

Additionally, we demonstrate the systematic determination of optimal predictors.

The obtained motion data was further used to evaluate the dosimetric impact of

respiratory motion in radiation therapy with scanned proton beams. We quantified

the influence of both full respiratory motion and the residual motion after apply-

ing respiratory gating. The results demonstrate the expected interference between

scanned delivery and organ motion and show the necessity of realistic motion data

when evaluating dose delivery patterns.

In summary, the developed methods for imaging, motion analysis, and modelling, as

well as the gained knowledge about liver motion and its dosimetric impact provide

a basis for improved treatment planning and targeting.





Zusammenfassung

Diese Dissertation beschreibt Methoden zur Aufnahme, Analyse und Modellierung

der Atembewegung von Organen. Organbewegungen erschweren viele medizinische

Behandlungen. Das konkrete Ziel dieser Arbeit war eine Verbesserung der Planungs-

und Bestrahlungsgenauigkeit in der Strahlentherapie.

Für die detaillierte Untersuchung der Atembewegung wurde eine Methode zur zeit-

lich aufgelösten Magnetresonanzbildgebung (4DMRI) entwickelt. Diese Methode er-

laubt es, unregelmässige Atembewegungen zu erfassen und deren Variabilität zu

untersuchen. Obwohl die entwickelte Methode beispielhaft anhand der Leber demon-

striert wird, ist sie auf alle Organe anwendbar, die sich mit der Atmung bewegen.

Von dreizehn Probanden wurden 4DMRI-Sequenzen der Leber aufgenommen. An-

schliessend wurden mittels nicht-rigider Registrierung die Verformungen zwischen

den einzelnen Leberaufnahmen bestimmt. Diese Analyse führte zu neuen Erkennt-

nissen über die Organbewegung bei freier Atmung. Insbesondere wurde bei den

meisten Probanden ein starkes Driften der Leber festgestellt, das in einigen Teilen

zu Verformungen von mehr als 1 cm innerhalb von 20 Minuten führte. Simulationen

verschiedener Bestrahlungsszenarien mit Gating, einer Methode zur Synchronisation

von Bestrahlung und Atmung, zeigten, dass bei der Lokalisierung von Tumoren mit-

tels externer Messungen ein Driften der Leber zu enormen Ungenauigkeiten führen

kann.

Zur Verbesserung der Bestrahlungsgenauigkeit wurden die gemessenen Organbe-

wegungen in einem statistischen Modell erfasst. Mit diesem Bewegungsmodell als

Vorwissen kann die Verformung der gesamten Leber bestimmt werden, selbst wenn

nur Teile davon lokalisierbar sind. Dazu wurde unter anderem ein Schema zur Be-

stimmung von Korrespondenzen zwischen den Lebern verschiedener Probanden ent-

wickelt und die systematische Wahl optimaler Messpunkte diskutiert.

Die Bewegungsdaten der Leber wurden zudem verwendet, um den Einfluss der

Atmung bei Protonenbestrahlung mit der sogenannten Spot-Scanning-Technik zu

eruieren. Die Resultate zeigen die erwarteten Interferenzeffekte zwischen Atmung

und dynamischer Bestrahlung und unterstreichen die Notwendigkeit, Bestrahlungs-

sequenzen mit realistischen Atembewegungen zu simulieren.



iv Zusammenfassung

Sowohl die entwickelten Methoden zur Bildgebung und Bewegungsanalyse als auch

das gewonnene Wissen über die Leberbewegung und die auftretenden Interferenzef-

fekte sind wichtige Schritte zur Verbesserung der Strahlentherapie.
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1
Introduction

Respiratory organ motion is a complicating factor in many treatments. This in-

troductory chapter provides an overview over respiratory motion and the resulting

issues in external beam radiation therapy. Additionally, the state-of-the-art in han-

dling organ motion is discussed and the organisation of the thesis is outlined.

1.1 Respiratory organ motion

1.1.1 The mechanics of breathing

Human respiration is the exchange of air between the lung and the environment.

The pressure within the lungs and their volume can be changed by the motion of the

diaphragm and the ribs. For inhalation, the diaphragm actively contracts and pushes

the contents of the abdomen in inferior direction as illustrated in Fig. 1.1. At the

same time the external intercostal muscles expand the rib cage and slightly raise it.

For exhalation, the diaphragm and the external intercostal muscles relax. Thereby

the volume of the rib cage decreases and the abdominal organs can move in superior

direction again. Additionally, active exhalation can be performed by contracting the

abdominal and the internal intercostal muscles.

In healthy subjects, both mechanisms, abdominal and costal respiration, are in-

volved in relaxed breathing, but their contribution varies strongly. Only a few studies

about the proportion of the two components can be found in the literature. Davies

et al. (1994) classified 9 examined subjects into 4 abdominal, 2 thoracic and 3 un-

defined breathers by comparing the changes in the circumference of the abdomen

and the thorax. Abdominal breathers showed larger kidney displacements, but no

appreciable differences in the motion of the liver or the diaphragm. In addition to

such a classification, an open question is whether patients change between these

types of breathing and how fast this can occur. Gagel et al. (2007) observed a shift
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diaphragm liver(a)

P

A

S I

(b)

P

A

S I

Figure 1.1: (a) Maximum exhalation position. Arrows show the inhalation direc-

tion of the chest, the diaphragm, and the abdominal skin. (b) Maximum inhalation

position. The figure also illustrates the orientation labels that are used in this thesis:

A: anterior/ventral P: posterior/dorsal S: superior/cranial I: inferior/caudal

from abdominal to more reproducible costal breathing when patients were visually

guided to breathe shallowly.

Figure 1.2 shows exemplary breathing curves that illustrate the superior-inferior mo-

tion of the diaphragm. The first example (Fig. 1.2a) exhibits rather regular respira-

tory motion with small variations in the length of the breathing cycles and in the

extent of motion. For a large portion of the breathing cycle, the curve is close to

the maximum exhalation position. At maximum inhalation, in contrast, there is no

such rest and the breathing immediately turns from inhalation to exhalation. This

asymmetry was observed in numerous works [Balter et al. 1998, Vedam et al. 2001,

George et al. 2006] and led to a widely adopted model of respiratory motion proposed

by Lujan et al. (1999, 2003). The one-dimensional motion over time t is described

as

x(t) = x0 + A · cos2n

(
πt

T
− φ0

)
, (1.1)

where A is the peak-to-peak amplitude, T is the breathing period, and x0, φ0 are the

starting position and the starting phase, respectively. Figure 1.2b shows an approx-

imation of the curve from Fig. 1.2a with this periodic model and a typical value of

n = 2. The same model was found to be a suitable approximation for the trajectories

of lung tumours [Seppenwoolde et al. 2002].

The second example of diaphragm motion (Fig. 1.2c) was obtained from a different

subject. This curve shows respiratory motion with irregular amplitude, frequency,

and shape of the breathing trajectory. Frequent causes for irregular motion are

changes in the tension of the muscles involved in respiration, but also emotional

changes, sigh, or coughing. For such irregular motion, which is often observed dur-

ing free breathing, a sinusoidal function such as (1.1) is obviously a very coarse

approximation. In Chapter 6 we will compare perfectly periodic and realistic mo-

tion patterns in the context of time resolved dose calculations.
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Figure 1.2: Superior-inferior motion of the diaphragm in two subjects showing

large differences in the regularity of breathing. (a) Example of regular breathing.

(b) cos4 approximation of the same trajectory. (c) Example of irregular breathing.

In addition to the observed asymmetry between the duration of maximum inhala-

tion and maximum exhalation, the respiratory motion often exhibits hysteresis,

i.e. different trajectories during inhalation and exhalation. This leads to the typ-

ical elliptic shape of breathing trajectories. Figure 1.3 shows such a trajectory in the

sagittal plane for a point in the liver near the diaphragm. Kitamura et al. (2003)

observed hysteresis in the motion of 4 out of 20 liver tumours. Similar hysteresis

effects were also documented for tumours in the lung [Seppenwoolde et al. 2002,

Mageras et al. 2004, Weiss et al. 2007].
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Figure 1.3: Superior-inferior and anterior-posterior motion of an exemplary point

in the liver. In this sagittal view the trajectory over 20 breathing cycles exhibits

hysteresis between inhalation and exhalation.

The respiratory motion in the thorax and in the abdomen was quantified in nu-

merous works. Here we just provide a brief overview with some quantitative exam-

ples. Since respiration is mainly driven by the diaphragm, the motion is predom-

inantly in superior-inferior direction and the largest extent of motion is observed

close to the diaphragm, i.e. in the upper abdomen or in the lower lobes of the lung.

The diaphragm typically shows a superior-inferior motion of 10-30 mm during quiet

breathing [Davies et al. 1994, Hugo et al. 2006, Weiss et al. 2007]. Closely adjacent

structures show comparable amplitudes. Besides the proximity to the diaphragm,

the fixation to surrounding tissue is an important factor for the mobility of organs

or radiation therapy targets in the lung or the abdomen. Often, the mobility of

targets cannot be reliably estimated based on the tumour position and has to be

determined by time resolved imaging. In the lung, Seppenwoolde et al. (2002) ob-

served motion with an average amplitude of 12 mm for targets not attached to rigid

structures. Brandner et al. (2006) reported 1-25 mm superior-inferior motion of the

kidneys and 13 mm superior-inferior motion of the spleen. Weiss et al. (2007) found

2.4-7.9 mm motion of the heart and 0.9-7.1 mm motion of the trachea. Even in the

prostate, respiratory organ motion in the range of 1.0-10.2 mm (average 3.3 mm) was

observed [Malone et al. 2000].

In the following we will focus on the liver and on radiation therapy targets within

the liver as an exemplary site that is subject to extensive respiratory motion. How-

ever, the developed techniques can be applied to any organ or target affected by

respiratory motion.
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1.1.2 The liver and its respiratory motion

The liver is the largest internal organ and performs various functions in metabolism.

It is located in the upper abdomen behind the ribs on the right side of the body. Fig-

ure 1.4 shows orthogonal slices through the abdomen to demonstrate an exemplary

shape of the liver and its position.

A

liver

stomach

spleenspine P
LR

(a) S

liver

stomach

heart

LR

(b)

I

S

liver

lung

kidney

I
PA

(c)

Figure 1.4: Orthogonal slices showing the liver and its position in the upper ab-

domen. (a) transversal or axial, (b) coronal, (c) sagittal view.

The shape of the liver is mainly determined by the surrounding structures such as the

diaphragm or the lower ribs. The inferior surface (facies visceralis) is shaped by the

right kidney, the adjacent intestines, the stomach, and the gall bladder. This surface

is directly influenced by peristalsis, moving gases, and the filling of the intestines

and the gall bladder.

The liver shows large variations in size and shape between subjects [Couinaud 1999].

It can be small and only located in the right half of the abdomen or extend all to the

left and cover the spleen. Also the branching topology of the blood vessels and the

biliary ducts can show a variety of anomalies [Deshpande et al. 2002]. Therefore, it is

difficult to establish a standard anatomical atlas of the liver that is applicable to all

subjects. The problem of intersubject correspondence will be addressed in Chapter 5

in the context of organ modelling. The largest vessels in the liver are the portal vein

and the hepatic veins illustrated in Fig. 1.5. The portal vein brings venous blood

from the spleen, the pancreas, and the intestines, whereas the three hepatic veins

drain into the inferior vena cava (IVC).

There is a variety of schemes for the anatomical subdivision of the liver. A compre-

hensive overview can be found in [Rutkauskas et al. 2006]. The coarsest subdivision

distinguishes between the left and the right liver lobe, which are separated by the

middle hepatic vein. The most widely established segmentation scheme is the so-

called French subdivision, which was introduced by Couinaud (1957). It subdivides
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left loberight lobe

hepatic veins

portal vein

IVC

Figure 1.5: Anterior view of the liver showing the subdivision into the eight

Couinaud segments based on the portal vein and the hepatic veins. The latter drain

into the inferior vena cava (IVC)1.

the liver into eight segments based on the planes spanned by the hepatic and the

portal veins as illustrated in Fig. 1.51. This subdivision approximately corresponds

to segments with independent vascularisation and biliary drainage. However, for

surgical purposes this approximation is not sufficiently accurate and needs patient-

specific refinement [Fasel et al. 1998, Deshpande et al. 2002, Strunk et al. 2003].

Since the liver is located directly beneath the diaphragm, it is strongly influenced

by respiration. The liver is pushed in inferior direction during inhalation as the

diaphragm contracts, and it moves in superior direction during exhalation (Fig. 1.1).

The respiratory motion of the liver has been studied in numerous works [Davies et

al. 1994, Balter et al. 1996, Shimizu et al. 2000a, Clifford et al. 2002, Rohlfing et al.

2004]. The main component of this motion is a superior-inferior shift, typically in

the range of 5-25 mm for relaxed breathing. As quantified by Rohlfing et al. (2004),

the liver additionally shows motion in anterior-posterior (1-12 mm) and left-right

direction (1-3 mm) as well as non-rigid deformations. For example, during inhalation

the dome of the liver is flattened and at the same time the tip of the right liver

lobe is bent in medial direction as it slides along the lateral abdominal wall. The

detailed deformation of the liver due to respiration will be discussed in Chapter 3.

For tumours in the liver, Kitamura et al. (2003) showed that the extent of motion

depends to a certain degree on the position in the liver, on cirrhosis, and on the

surgical history. But these factors are not sufficient to predict the motion of a target

in the liver. Patient-specific assessment of the respiratory motion is therefore highly

recommended [Hugo et al. 2007]. Additionally, there can be a large intrasubject

1Courtesy of Robin Smithuis. Figure produced for www.radiologyassistant.nl.

www.radiologyassistant.nl
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variability from day to day or even within a single imaging or treatment session.

This variability may lead to large uncertainties in treatment methods that localise

a target from outside the body, for example in high intensity focused ultrasound

ablation [Kennedy et al. 2004] or in external beam radiation therapy.

1.2 Respiratory motion in radiation therapy

Cancer is a leading cause of death worldwide. It accounted for 13% of all deaths

in 2005 [WHO 2006]. The main types of lethal cancer are lung, stomach, liver,

colon, and breast cancer. All these sites are subject to respiratory motion, which

can be a complicating factor for treatment. An important method for the treat-

ment of non-resectable tumours is radiation therapy, which uses ionising radiation

to destroy tumour cells. The art of radiation therapy is to deliver a lethal dose to

all cancerous tissue whilst sparing as much healthy tissue as possible. Especially

organs at risk such as the heart or the spinal cord have to be spared to main-

tain a low probability of complications. Therefore, accurate target localisation is

one of the largest challenges in radiation therapy. Respiratory motion is the ma-

jor cause of positional uncertainties in the thorax and in the abdomen and has

been shown to have a large dosimetric impact [Yu et al. 1998, Keall et al. 2001,

Mechalakos et al. 2004]. Localisation is particularly important if highly confor-

mal dose distributions with steep gradients are applied, which is the case in in-

tensity modulated radiotherapy (IMRT) or in intensity modulated proton therapy

(IMPT) [Lomax 1999].

The research that will be described in this thesis was motivated by issues in proton

therapy that arise due to respiratory motion. These specific problems will be dis-

cussed in Chapter 6. However, most methods that were developed in this work are

applicable to external beam radiation therapy in general and to many other medi-

cal applications such as high intensity focused ultrasound [Kennedy et al. 2004] or

intraoperative navigation in the thorax or in the abdomen. The following sections

will detail on the motion issues that arise in radiation therapy, namely in imaging,

dose delivery, and treatment planning.

1.2.1 Imaging

Imaging is performed to localise and delineate targets and organs at risk at the plan-

ning stage of radiation therapy. Additionally, imaging is increasingly used on a daily

basis for patient positioning. The standard imaging modality for treatment planning

is computed tomography (CT), which will be described in Sect. 2.1.1. Respiratory

organ motion during image acquisition can cause blurring or reconstruction artefacts
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that are visible as false structures. Even if an imaging method is fast enough to avoid

such motion artefacts and acquire an instantaneous snapshot of the anatomy, the

question remains, which state of organ motion was imaged and whether this state

is representative for the treatment. The planning image may show the anatomy at

inhalation, but during treatment delivery the target may be at the exhalation posi-

tion. When moving organs are considered, a natural extension of static imaging is to

acquire a series of time resolved images and thereby capture the temporal behaviour

of an organ. If volumetric images are acquired in a time resolved manner this is

referred to as 4D imaging with time being the fourth dimension.

Time resolved CT (4DCT) offers clear advantages over conventional CT imaging [Ri-

etzel et al. 2005]. For clinical routine, however, it is an open question how much

patient-specific data is required to really improve the treatment outcome [Kang et

al. 2007, Rosu et al. 2007]. For example, maximum inhalation and maximum exha-

lation images may contain most of the required information about respiration in a

large number of cases. The aim of this work was to examine organ motion in detail.

Therefore, possible approaches for dynamic imaging of moving organs and a newly

developed method for 4D magnetic resonance imaging (4DMRI) will be discussed

in Chapter 2.

1.2.2 Treatment delivery

Uncertainties in target localisation are obviously an issue for the delivery of radi-

ation by external beams. Geographic misses can both increase the dose to normal

tissue and decrease the dose to the tumour. At the beginning of a treatment session

the patient has to be positioned such that the target is at the correct location for

irradiation according to the treatment plan. Conventionally, patients are positioned

by aligning skin tattoos and stationary laser marks. This positioning is often refined

by using radiographic images of the bony anatomy. However, such an alignment does

not account for breathing or generally for motion of soft tissue with respect to the

bony anatomy. Ignoring respiration may lead to a setup that systematically differs

from the planning scene, for instance if planning and positioning were performed at

different respiratory states. An extension of the radiographic patient positioning to

4D patient setup was described by Shirato et al. (2006), who used image sequences

of 1-2 min from orthogonal fluoroscopic devices.

Similar localisation issues arise during the actual dose delivery, even if the patient

is perfectly positioned at the beginning of a fraction. Respiratory motion leads to

uncertainties in the position of both the target and the organs at risk. Moreover,

targeting during the actual treatment, in contrast to patient positioning, is subject

to real-time constraints. Several methods to handle this motion and to treat a target

in a possibly reproducible position will be discussed in Sect. 1.3.
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1.2.3 Treatment planning

Although planning comes before treatment delivery, a treatment plan has to take

into account the delivery method and its expected accuracy. Even if the respira-

tory motion during dose delivery can be reduced by some method, the positional

uncertainty will never be completely eliminated. The conventional method to take

positional uncertainties into account is to increase the irradiated volume by safety

margins such that the target is covered in any case, despite setup errors and organ

motion [van Herk 2004, Balter et al. 2005a]. These safety margins for localisation

errors are applied in addition to the margins that account for suspected microscopic

spread of a tumour [ICRU-62 1999]. The margins for organ motion are often planned

with a site specific extent based on experience. With the wide availability of dynamic

imaging, patient-specific safety margins are being used at an increasing number of

institutions. Hugo et al. (2007) compared different strategies to calculate margins

that are population or patient-specific, and adaptive or constant over the course of

treatment. For patient-specific margins, care has to be taken not to overestimate

the reliability of sparse measurements. It might be dangerous to calculate safety

margins and optimise a treatment plan assuming a certain motion pattern that may

not be representative for the motion during treatment. The localisation errors that

result from such a limited reproducibility of motion will be discussed in Chapter 4.

Since respiratory motion is largest in superior-inferior direction and usually much

smaller in anterior-posterior and left-right direction, anisotropic margins should be

applied. Typical sizes of superior-inferior margins for targets in the liver and treat-

ment during free breathing are 10-20 mm [Rosu et al. 2003, Mechalakos et al. 2004].

By using motion management techniques, which will be discussed below, these mar-

gins can be reduced to a few millimetres [Rosu et al. 2003].

After all, the challenge in margin design is to obtain a proper estimate of the un-

certainties that have to be accounted for. It is important to distinguish between

systematic and random errors [van Herk 2004], because random errors may average

out under certain conditions. However, the distinction between systematic and ran-

dom errors often depends on the viewpoint. Over the course of a treatment, errors

in the target delineation due to motion artefacts are systematic, whereas the errors

in daily patient positioning should be random and preferably have zero mean. But

if we consider a single fraction, then a misalignment at the beginning of the fraction

can be considered a systematic deviation, whereas the respiratory motion is a source

of random error. The assumption of motion as a random error may be too simplistic

for time varying dose delivery, because such dynamic irradiation schemes are prone

to more complex motion effects. Interplay between dynamic dose delivery and or-

gan motion can lead to unpredictable artefacts in the resulting dose distributions. In

such cases, the conventional margin approach may not be appropriate [Goitein 2004,
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Lambert et al. 2005]. Interplay effects will be discussed in Chapter 6, together with

the possibilities of time resolved dose calculations for 4D treatment planning.

1.3 Handling respiratory organ motion

This section introduces various methods to handle respiratory motion. For dose de-

livery, the aim is to obtain a possibly static target in the beam’s eye view whenever

the beam is on. Such a reduction of motion during beam-on time allows for reducing

the safety margins and sparing healthy tissue [Ten Haken et al. 1997], or for deliver-

ing a higher dose to the tumour without increasing the probability of complications.

Countless works on handling respiratory organ motion have been published in the

last ten years. A comprehensive overview including practical guidelines can be found

in a recent report of the American Association of Physicists in Medicine [AAPM-91

2006, Keall et al. 2006b]. This report states that respiratory motion management is

appropriate for motion larger than 5 mm provided that a method is available and the

patient can tolerate the procedure. Motion management is also recommended with

a lower extent of motion if the sparing of normal tissue is significant. Engelsman

et al. (2005) questions the effort for compensating motion below 10 mm, because it

allowed only for small margin reductions in the demonstrated examples.

A first measure to handle organ motion is often to reduce the extent of breathing. A

straightforward approach is to instruct the patient to breath shallowly. This can be

assisted by providing oxygen [Uematsu et al. 2000], or by applying gentle pressure

on the abdomen using a belt [Uematsu et al. 2000], a cushion [Zhang et al. 2005], or

a compression plate [Herfarth et al. 2000, Lu et al. 2006]. The resulting reduction

of target motion is beneficial on its own, but it is often used in combination with

other methods for motion management that we will discuss below.

1.3.1 Respiratory signals

Before we detail on specific methods for motion management, we discuss the moni-

toring of respiratory motion, which is a key component in most methods. Typically,

a one-dimensional respiratory signal is determined, which should reflect the target

motion. Exemplary trajectories that show the superior-inferior motion of the di-

aphragm were already given in Fig. 1.2. Here we briefly sketch the commonly used

methods to obtain such trajectories. Thereby we distinguish between internal sig-

nals, which directly monitor structures inside the body, and external signals.
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Internal respiratory signals

The ideal respiratory signal would be an accurate real-time measure of the three-

dimensional target position. The most widely available imaging modality for imaging

during treatment is fluoroscopy. Unfortunately, most lesions are not sufficiently vis-

ible under fluoroscopy and therefore it is not possible to directly observe the target.

A structure that is typically well visible under fluoroscopy is the diaphragm or, more

specifically, the interface between the upper abdomen and the low density lung tis-

sue. Although the diaphragm is only a surrogate for the actual target motion in

the thorax or in the abdomen, it mainly drives the respiratory motion and is there-

fore expected to correlate strongly with the motion of the target. Particularly for

tumours in the upper part of the liver, the diaphragm has a large potential as a

surrogate [Balter et al. 2001].

To visualise the motion more directly at the location of the target, radio-opaque

fiducial markers, usually gold seeds, can be implanted in the tumour or in its close

vicinity. Currently used markers have a spherical shape with a diameter of 1.5-

2.0 mm or they are cylindrical, for example with dimensions of 0.8 mm × 3 mm [Tang

et al. 2007]. To determine a respiratory signal, these markers are followed under

fluoroscopy [Shirato et al. 2000, Shimizu et al. 2001, Shirato et al. 2007]. In most

settings, a single marker is used, which simplifies the automatic detection. However,

multiple markers can provide a more robust estimate of target motion or even show

rotational components and deformations. Shirato et al. (2003) discussed different

implantation techniques and the potential of using three markers per target. This

was also recommended by Imura et al. (2005). Tang et al. (2007) recently proposed

a method for automatic and simultaneous tracking of multiple fiducial markers.

One issue with implanted markers is that they are still surrogates for target motion

and can potentially migrate. Migration or complete dropping of markers in the lung

was reported in some works [Imura et al. 2005, Nelson et al. 2007]. In the liver,

Kitamura et al. (2002) estimated that the marker migration is below 2.5 mm. The

main disadvantage of radio-opaque markers is the invasiveness of the procedure.

On the one hand, the implantation can lead to complications such as infection or

pneumothorax [Le et al. 2006, Kupelian et al. 2007]. On the other hand, fluoroscopy

delivers a considerable dose to the patient. This is especially the case for acquisitions

over several minutes with multiple X-ray sources for detailed motion studies as

discussed in Chapter 2. A comprehensive overview on imaging dose in radiation

therapy can be found in the AAPM Report 95 [Murphy et al. 2007].

Alternative methods based on fluoroscopy that do not follow specific anatomical

structures and do not require implanted markers are being developed. Possible

approaches involve template matching [Korreman et al. 2006, Cui et al. 2007] or

exploiting the intensity fluctuations that result from density changes during respi-
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ration [Berbeco et al. 2005a]. The recently launched Xsight Lung tracking system

(Accuray, Sunnyvale, USA) directly tracks tumours without implanted markers.

An emerging method for monitoring target motion is electro-magnetic tracking

(EMT) of implanted beacons [Seiler et al. 2000, Balter et al. 2005b]. The applied

trackable beacons are becoming smaller and smaller and at the same time the ac-

curacy of the tracking methods is improving. Although EMT for radiation therapy

is still under development at the time of writing, first commercial systems are avail-

able. The main advantages over radio-opaque markers are that no ionising radiation

is used and that no line-of-sight between the target and the localisation device is

required. The inherent disadvantage of EMT is its sensitivity to large conductive

objects or electro-magnetic radiation.

A further approach for monitoring internal structures is ultrasound imaging (US).

This modality is already used in clinical practice for patient positioning [Fuss et al.

2004, Fung et al. 2006] and for intraoperative navigation in the abdomen [King et

al. 2001, Blackall et al. 2005]. Sawada et al. (2004) reported on successful phantom

experiments, in which US imaging and online correlation with planning images was

used to derive a respiratory signal. Hsu et al. (2005) demonstrated the feasibility

of using US during radiotherapy with minimal mutual interference of the US probe

and the linear accelerator.

External respiratory signals

An external approach to determine respiratory signals is to measure the displace-

ment of the chest or the abdomen. During relaxed breathing in supine position the

abdominal skin and the chest typically move by a few millimetres up to one cen-

timetre. This motion can be measured in several ways. A widely used system is the

Real-time Position Management system (RPM, Varian Medical Systems, Palo Alto,

USA). The RPM system uses an infrared reflective marker block, which is usually

placed between the umbilicus and the xyphoid process. A video camera with an

attached infrared illuminator is used to track the anterior-posterior motion of this

marker block [Mageras et al. 2001, Giraud et al. 2006]. Vedam et al. (2003b) and

Mageras et al. (2001) observed strong correlations between the motion of the ab-

domen and the diaphragm. Koch et al. (2004) have shown that the superior-inferior

motion in the lung was better described by the displacement of the abdominal skin,

whereas the anterior-posterior motion in the lung correlated better with the motion

of markers on the chest.

Yan et al. (2006) used a combination of multiple reflective markers on the chest,

which was also suggested by Gierga et al. (2005), and demonstrated an improved

correlation with the motion of the tumour compared to a single marker. Gierga

et al. (2005) demonstrated mostly high correlations between tumours in the liver
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and external skin markers during fluoroscopy sequences of 30 seconds. However,

they correctly warn of relying solely on such short-time correlations. The limited

temporal validity of the correlation between external signals and internal motion

will be discussed in Chapter 4.

Other systems to measure skin displacements involve laser sensors [Tada et al. 1998,

Tsunashima et al. 2004, Berbeco et al. 2005b, Ionascu et al. 2007], electro-magnetic

sensors [Hoisak et al. 2004], or stereo cameras to track markers [McClelland et al.

2006]. A further option is the real-time reconstruction of the entire chest surface

using stereo vision as in the recently launched GateRT system (Vision RT, London,

UK). Alternative methods that measure the expansion of the chest or the abdomen

are pressure sensors [Kleshneva et al. 2006] or strain gauges [Minohara et al. 2000].

A further approach to generate an external respiratory signal is to measure the

airflow through the mouth and determine the change of the lung volume, for ex-

ample with an electronic pneumotachometer and a nose clip [Low et al. 2003,

Lu et al. 2005b, D’Souza et al. 2005a, Hoisak et al. 2006]. Yet another quantity

that fluctuates with respiration is the air temperature below the nostrils, which

can be measured by a thermocouple fixed at an oxygen mask [Wolthaus et al.

2006]. Kubo and Hill (1996) compared the respiratory signals from a tempera-

ture sensor, a strain gauge and a pneumotachometer and found that all three

measurements were equally suitable. This is consistent with several recent stud-

ies that compare signals from abdominal motion and spirometry [Lu et al. 2005a,

Hoisak et al. 2006]. Most external respiratory signals show a comparable accu-

racy in the determination of the breathing phase, although a certain time delay

has to be accounted for in some methods. Such phase differences can vary over

time and introduce large uncertainties [Mageras et al. 2001, Vedam et al. 2001,

Ozhasoglu and Murphy 2002]. Hoisak et al. (2004) found in a comparison of spirom-

etry and abdominal displacement that spirometry measurements were better corre-

lated with internal motion. Spirometry signals were also more reproducible from day

to day and showed less phase shifts, but measurements of abdominal displacement

were much better tolerated by the patients.

The main disadvantage of all external respiratory signals is that they cannot reliably

predict the absolute target position. All external measures can show baseline drifts

in the signal that may or may not correlate with the internal drift of a target.

Chapter 4 will compare different external respiratory signals, their drifts and their

ability to predict the deformation of the liver.

Table 1.1 summarises the commonly used respiratory signals that can be determined

during dose delivery. A promising compromise between the accuracy of internal res-

piratory signals and the non-invasiveness of external signals is to use a combination

of both. After the correlation between internal and external measurements has been

established at the beginning of a treatment fraction, the external signal is contin-
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Internal respiratory signals

observed structure modality example reference

implanted marker(s) fluoroscopy [Shimizu et al. 2001]

diaphragm fluoroscopy [Balter et al. 2001]

density fluctuation fluoroscopy [Berbeco et al. 2005a]

image template fluoroscopy [Cui et al. 2007]

implanted marker(s) EMT [Seiler et al. 2000]

diverse ultrasound [Sawada et al. 2004]

External respiratory signals

quantity sensor example reference

tidal volume spirometer [Low et al. 2003]

skin displacement(s) CCD camera [Mageras et al. 2001]

skin displacement(s) EM sensor(s) [Hoisak et al. 2004]

skin displacement laser sensor [Tsunashima et al. 2004]

abdominal/chest expansion pressure/strain belt [Kleshneva et al. 2006]

air temperature thermocouple [Wolthaus et al. 2006]

Table 1.1: Overview over internal and external respiratory signals with one example

reference for each technique.

uously monitored, whereas the internal signal is only acquired at a low frequency

to verify and update the correlation between internal and external motion [Seppen-

woolde et al. 2007, Kanoulas et al. 2007].

Respiratory signals are often used in exactly the same way for the determination

of the respiratory state during imaging and during treatment delivery. On the one

hand, applying exactly the same method for dose delivery and for the acquisition

of a planning image ensures consistency between these two stages of treatment and

is often the preferred strategy. On the other hand, there are strong real-time con-

straints during treatment, and thus no time-consuming methods to determine or-

gan deformations can be used. Additionally, there may be different possibilities

to derive respiratory signals during imaging. One example is to observe the di-

aphragm by navigator echos in magnetic resonance imaging [Wang et al. 1996,

Taylor et al. 1999]. In Chapter 2, where the goal is accurate imaging of respira-

tory motion, we will derive a novel multi-dimensional measure of the respiratory

state that is not determined in real-time but retrospectively.

Based on the concept of the respiratory signal, the different approaches for motion

management will be concisely described in the following.
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1.3.2 Breath-hold

An obvious method to avoid respiratory motion is to completely interrupt breathing

whilst the therapy beam is on. This can be achieved by voluntary or forced breath-

hold. A widely used form of voluntary breath-hold [Pedersen et al. 2004, Nelson et

al. 2005] is deep inspiration breath-hold (DIBH) [Hanley et al. 1999]. A respiratory

signal can be used to check the reproducibility of the breath-hold level or to guide

the patient to hold his breath at a specific position [Nelson et al. 2005].

One implementation of forced breath-hold is known as active breathing control

(ABC) [Balter et al. 2002, Koshani et al. 2006]. In this approach, the patient breathes

through a valve that can be closed depending on a respiratory signal, which is de-

termined with a digital spirometer. Balter et al. (2002) and Koshani et al. (2006)

reported good short- and long-term reproducibility of the breath-hold level with

ABC. Not surprisingly, ABC was better tolerated by liver patients than by lung

patients. Holding one’s breath and following the respective instructions requires a

considerable amount of patient cooperation. Particularly lung patients, for which

motion management is often indicated, may have problems to hold their breath for

typical periods of 20 seconds or more [Balter et al. 2002].

1.3.3 Gating

In gated treatment the therapy beam is only turned on during a portion of the

breathing cycle, for instance when the target is close to the exhalation position. A

respiratory signal is used to determine when the target is within a certain range

as shown in Fig. 1.6. This range, within which the beam is turned on, is called the

gating window. The percentage of beam-on time is referred to as the duty cycle.

A smaller gating window, and thus a lower duty cycle, mostly leads to a more

accurate target localisation but increases the treatment time. Typical duty cycles

for conformal radiation therapy are in the range of 30-50% [George et al. 2006], but

in gated IMRT duty cycles are often lower than 30% [Jiang 2006].

The most widely used gating method, which is illustrated in Fig. 1.6a, directly com-

pares the value of a respiratory signal against two thresholds in order to decide if

the beam is switched on. This is called displacement gating or amplitude gating.

Amplitude gating is a misnomer, because amplitude usually refers to the extent of

respiratory motion. We will therefore use the term displacement gating. Although

the respiratory signal may be obtained from other measurements than displacement,

for example from spirometry, it should always reflect the displacement of the target.

An alternative gating approach is phase gating, which is illustrated in Fig. 1.6b. The

phase φ of the respiratory signal is determined, for instance as 0◦ at exhalation and

180◦ at inhalation, and the beam is turned on whenever φ is within a certain range.
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Figure 1.6: (a) Displacement gating and (b) phase gating, both with a duty cycle

of 40%. The treatment beam is switched on (bold line) whenever the respiratory

signal or its phase is within a certain range.

In Chapter 4 we will detail on experiments with phase gating and on the differences

between phase gating and displacement gating.

Respiratory gating was first published by Ohara et al. (1989). Some years later,

Kubo and Hill (1996) compared various respiratory signals for the purpose of gat-

ing. In the last ten years, gating has become part of the clinical routine at a growing

number of institutions. The most widely used gating system is RPM, which uses an

external respiratory signal as described above. Probably the most accurate gating

method is the real-time tumour-tracking radiotherapy system (RTRT) developed at

the Hokkaido University in Japan [Shirato et al. 2000, Shirato et al. 2007]. Cur-

rently, it is the only routinely used gating system based on fluoroscopic tracking of

implanted fiducial markers.

As mentioned above, small residual motion in the beam’s eye view allows for dose

escalation or for reducing the required safety margins. Underberg et al. (2005a)

showed the benefits of respiratory gated stereotactic radiotherapy for patients with

mobile lung tumours. They also demonstrated the advantages of individual margins,

whereas standard population-based margins led to unnecessary normal tissue irra-

diation. Another example can be found in [Wagman et al. 2003], where the motion
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of the diaphragm was decreased from 22.7 mm to 5.1 mm by respiratory gating. As

a result, the safety margins could be reduced by 10 mm.

Gating is mostly performed around exhalation, because this is the most repro-

ducible position and allows for the most compact localisation. This is well visi-

ble from the typical breathing trajectory in Fig. 1.6 and was observed in numerous

previous works [Balter et al. 1998, Vedam et al. 2001, George et al. 2006]. Dur-

ing free breathing the inhalation position typically shows a much larger variability

than the exhalation position, which complicates accurate gating [Balter et al. 1998,

Seppenwoolde et al. 2002]. However, gating or breath-hold at inhalation is advanta-

geous in some applications, because at inhalation the chest is expanded [Korreman

et al. 2005]. This expansion can lead to a better separation of lung or breast tumours

from the heart, which is an organ at risk. Additionally, the density of the lung is

lower at inhalation and therefore less lung tissue is included in the irradiated region.

The achievable localisation accuracy with gating is limited by the reliability of the

respiratory signal. If the relationship between the respiratory signal and the target

or the organs at risk changes unpredictably over time, this can lead to positional

errors. Berbeco et al. (2005b) demonstrated large beam-to-beam and day-to-day

variations in the residual motion of lung tumours with gating based on the displace-

ment of the abdominal skin. They correctly warn of tight safety margins based on a

single simulation session that may not be representative for the target motion during

the actual treatment. The achievable gating accuracy in the liver when relying on

external respiratory signals will be assessed in Chapter 4.

A disadvantage of respiratory gating is the mentioned increase in treatment time as

the gating window becomes smaller. In some delivery schemes, the beam-off time

can be utilised to make the necessary beam adjustments. If, for example, a multi-leaf

collimator [Keall et al. 2001] is used to shape the beam and the dose is delivered in a

step-and-shoot fashion, then a duty cycle of 30% can be achieved with a prolongation

of the treatment by a factor of only 1.5 [Jiang 2006]. The following section will discuss

an approach that can potentially achieve an accurate target irradiation and at the

same time maintain a duty cycle of 100%.

1.3.4 Tracking

When a moving target is irradiated, it would be desirable to keep the target and the

treatment beam aligned throughout the breathing cycle. The aim of this approach,

which is commonly called tracking, is to obtain a possibly static target in the beam’s

eye view without interrupting the irradiation or breathing. Note that here the term

tracking refers to continuously aligning the target and the therapy beam. This has

to be distinguished from following a target for pure observation, for instance in the

real-time tumour-tracking radiotherapy (RTRT) method described above. There,
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tracking is understood as continuously localising the tumour, whereas the actual

treatment is gated with a fixed beam geometry. An alternative and more accurate

terminology is intercepting versus pursuing treatment instead of gating versus track-

ing. However, the latter terms are much more widely used in the literature.

Tracking a target with the therapy beam requires a large technical effort with three

components that are not necessary for gating or breath-hold [Murphy 2004]:

Beam adaptation

One possibility to keep the target and the therapy beam aligned is to move the

radiation source mounted on a robot arm [Adler et al. 1999, Gibbs 2006]. An al-

ternative approach is to move the treatment couch and keep the beam in a fixed

position [D’Souza et al. 2005b]. In radiation therapy with charged-particle beams,

such as in the proton beam scanning discussed in Chapter 6, a further option is

the magnetic deflection of the therapy beam. Another method for beam adjust-

ment is the mechanical adaptation of the aperture. This can be performed by us-

ing a dynamic multi-leaf collimator (DMLC) [Keall et al. 2001, Neicu et al. 2003,

Keall et al. 2006a]. If the deformation of a target over the breathing cycle is known,

then this non-rigid motion can be taken into account to a certain degree with a

DMLC [Papiez et al. 2005, McClelland et al. 2007]. This is an advantage over a

simple rigid motion of the radiation source or the treatment couch. Whilst DMLCs

are being used routinely in IMRT to adapt the beam, their application for real-time

tumour tracking is still under development.

Prediction of the target motion

Tracking requires a certain degree of prediction of the organ motion [Shirato et al.

2000, Sharp et al. 2004, Vedam et al. 2004], because the dynamic dose delivery

system will always exhibit some delays, even if the determination of the tumour

position works virtually in real-time. With a maximum target speed of roughly 2 cm
s

,

already a delay of 100 ms can cause deviations of 2 mm. Although tracking is in

principle designed to follow any target motion, it profits from a possibly regular

breathing pattern because this simplifies the required short-time prediction of the

motion trajectory.

Time resolved planning

A further necessary component for tracking is a treatment plan that takes motion

into account. Applying a static treatment plan to different spatial locations does

not account for the changing configuration of organs over the breathing cycle. Even

if the target is perfectly tracked and becomes static in the beam’s eye view, the
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surrounding tissue may still move relative to the target. The tissue that is static ap-

pears to be moving in the beam’s eye view. This relative motion of the surrounding

tissue is important because the planned dose distribution is often constrained by

the organs at risk and not by the tumour. Time resolved planning, also called 4D

planning, may therefore be necessary [Keall et al. 2005, Kang et al. 2007].

So far, the large technical effort has prevented tracking from being widely adopted

in clinical practice. The only commercially available tracking system is currently the

Synchrony tracking system integrated with the CyberKnife (Accuray, Sunnyvale,

USA). In this system, the linear accelerator is mounted on a robot arm, which

moves synchronously with respiration [Adler et al. 1999]. The respiratory signal

is obtained by optically tracking multiple infrared reflective markers on the chest

and on the abdomen. The correlation between the external markers and the target

is determined and periodically validated by fluoroscopic observation of implanted

radio-opaque fiducials. For the treatment of liver tumours with the CyberKnife, the

largest medical centers with clinical experience are the Stanford University Medical

Center (Stanford, USA) [Gibbs 2006] and the Erasmus Medical Center (Rotterdam,

NL) [Mendez Romero et al. 2006].

A method to simplify tracking is to precalculate a dynamic irradiation scheme for a

typical breathing cycle. For dose delivery, this precalculated sequence is then syn-

chronised with the actual respiratory motion as in the SMART method (Synchro-

nised Moving Aperture Radiation Therapy) [Neicu et al. (2003, 2006)]. This allows

for dose delivery that follows the tumour as with tracking, but the dose can only

be delivered as long as the actual motion is within a certain range of the predefined

trajectory. Otherwise the irradiation has to be interrupted.

1.3.5 Coaching and bio-feedback

An important advantage of gating and tracking is that they both require only mini-

mal patient cooperation and can be applied during free, natural breathing. However,

both methods work most accurately if the respiratory motion is as regular as possi-

ble. Therefore, it is often beneficial to provide audio instructions or visual feedback

to the patient. For patients who are able to comply, this can strongly improve the

regularity of breathing and the accuracy of imaging or treatment.

Audio coaching was implemented at a number of sites [Wagman et al. 2003, Vedam

et al. 2003b, George et al. 2005, Neicu et al. 2006]. Instructions to breathe in and

breathe out are played back with a frequency that is adjusted to be comfortable

for the patient. With this method a very regular breathing frequency is achieved in

most cases. Also the amplitude of breathing can be stabilised by audio coaching,
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although at a higher level, because patients tend to breathe more deeply with audio

instructions [Mageras et al. 2001].

For visual coaching, a respiratory signal is displayed to the patient on a screen or via

display goggles. This bio-feedback can help the patient to breathe more regularly or

to improve the reproducibility of voluntary breath-holds [Nelson et al. 2005]. Gagel

et al. (2007) applied visual feedback to achieve not only a more regular but also an

explicitly shallower respiratory pattern compared to free breathing. Visual coaching

was implemented on its own [Kini et al. 2003, Wagman et al. 2003, Gagel et al.

2007] or in combination with audio coaching [George et al. 2006, Neicu et al. 2006].

With audio-visual coaching, George et al. (2005) showed a successful regularisation

of the amplitude and the period of breathing, as well as a more stable mean position

of the target. Whilst most patients are able to comply with either audio or visual

instructions, following both together seems to be much more demanding [Jiang 2006,

Neicu et al. 2006].

Although audio instructions or even audio-visual coaching mostly lead to more

regular breathing, the reproducibility of respiratory motion is in some cases still

low [Keall et al. 2004, Nehmeh et al. 2004, Fitzpatrick et al. 2006]. Additionally, we

have to emphasize again that the correlation between a respiratory signal and the

internal target motion may not be stable. Even if a patient can achieve, for example,

a perfectly reproducible skin motion with visual coaching, this cannot guarantee an

accurate localisation of a target inside the body.

1.4 Contributions and organisation of the thesis

The aim of this thesis was to develop methods for imaging, analysis, and modelling

of respiratory organ motion in order to improve planning and targeting in radiation

therapy. The following overview describes the organisation of the thesis and points

out the major contributions.

Chapter 2 discusses the imaging of organs that are subject to respiratory motion.

Our main contribution in this field was the development of a method for time re-

solved volumetric magnetic resonance imaging (4DMRI) that can capture irregular

breathing.

Chapter 3 describes the motion extraction from time resolved images by non-rigid

registration. Our contribution was the application of this method to 20 4D data sets

of the liver and the detailed analysis of the respiratory motion. This provided new

insights into intrafraction liver motion during free breathing.

Chapter 4 details on the evaluation of different gating scenarios. This shows the

influence of intrafraction motion on the accuracy of respiratory gating and allows

for identifying critical regions with large positional uncertainties.
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For improved targeting, we show in Chapter 5 how to capture the observed motion in

a statistical model and how to use this model as prior knowledge in addition to pos-

sibly few patient-specific measurements. This includes the introduction of a scheme

for intersubject correspondence that is particularly suited for motion modelling. Ad-

ditionally, we demonstrate the systematic determination of optimal predictors.

In Chapter 6 we evaluate the dosimetric impact of the respiratory motion in radi-

ation therapy with scanned proton beams. We quantify the influence of both full

respiratory motion and the residual motion after applying respiratory gating. The

results demonstrate the expected interplay effects and the necessity of realistic mo-

tion data when evaluating dynamic dose delivery patterns.

Finally, Chapter 7 will summarise the thesis and point out directions for future

research.

Part of this work has been published in peer-reviewed journals and proceedings

[von Siebenthal et al. 2005, 2007a, 2007b, 2007c].





2
Imaging of Respiratory Motion

Imaging is a key component in numerous medical applications. For thoracic and ab-

dominal sites, an obvious improvement over static imaging is to capture the dynamic

behaviour of organs by time resolved imaging. In some areas, dynamic imaging has

become part of the clinical routine. One example is the diagnosis of cardiac diseases

based on dynamic MR images. In radiation therapy, time resolved imaging is used at

an increasing number of institutions and can help to improve planning, patient posi-

tioning, and radiation delivery. Organ motion during imaging poses similar problems

as organ motion during treatment. In Chapter 1 we have discussed concepts for the

determination of the respiratory state and for motion handling. Here we will refer

to these concepts in the context of dynamic imaging.

In this work, the aim was to use time resolved volumetric images to study the

respiratory liver motion and its reproducibility during free breathing. Such time

resolved 3D images are called 4D data with time or respiratory phase being the

fourth dimension.

This chapter first provides an overview over related work in dynamic imaging. Sub-

sequently, a method for 4D magnetic resonance imaging (4DMRI) will be proposed

and evaluated.

2.1 Related work

A number of approaches to capture time resolved images of respiratory organ motion

have been developed. This section first compares the typical modalities for dynamic

imaging and then details on previous work in respiratory synchronisation, which was

a key component in the developed 4DMRI method.
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2.1.1 Imaging modalities

An ideal imaging method to study respiratory motion would provide artefact free

volumetric images with a high signal-to-noise ratio (SNR), high contrast, and high

spatial and temporal resolution, such that the motion of all structures of interest can

be followed with sub-millimetre accuracy. Additionally, imaging over longer periods

such as tens of minutes is desirable to study the reproducibility of breathing. We will

consider the modalities that are currently available for dynamic imaging, namely

fluoroscopy, ultrasound imaging, computed tomography, and magnetic resonance

imaging with respect to these ideal specifications. Although they all can provide

valuable information about organ motion and are established in clinical routine, they

are discussed here in the context of 4D imaging for a detailed study of respiratory

motion.

Ultrasound imaging

Planar ultrasound imaging was used in early works to study respiratory organ mo-

tion [Suramo et al. 1984, Davies et al. 1994]. The possibilities of ultrasound to

acquire volumetric data are constantly evolving. The commonly used approaches to

obtain 3D images are tracking of the probe during freehand acquisition of multiple

slices [Sjolie et al. 2003] or sweeping the image plane, either mechanically or by

phase arrays [Fenster et al. 2001].

Ultrasound imaging offers a high temporal resolution, but achieves only a modest

image quality and is susceptible to distortions due to tissue inhomogeneities [Mercier

et al. 2005]. Moreover, it is not fully applicable to the thorax or the abdomen, because

ultrasound can hardly penetrate air or bone. For liver imaging, the main obstacles

are gastric or colonic air and obesity [Fuss et al. 2004]. These disadvantages make

ultrasound imaging unsuitable for our motion studies. Nevertheless, in combination

with the prior knowledge obtained from the motion study that we describe here,

ultrasound imaging could enable accurate targeting as discussed in Chapter 5.

Fluoroscopy

Fluoroscopy is the dynamic acquisition of X-ray projections. This widely available

modality achieves high spatial and temporal resolution and was used in numerous

works to assess respiratory motion [Balter et al. 2001, Shimizu et al. 2001, Chen et

al. 2001, Kitamura et al. 2003, Shirato et al. 2004b]. The probably most cited study

by Seppenwoolde et al. (2002) examined the respiratory motion of lung tumours

including their hysteresis.
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One disadvantage of X-ray imaging is the ionising radiation. In clinical practice a

certain dose for diagnostic imaging can be justified and this dose is small compared

to the treatment dose in radiation oncology. Nevertheless, a study with healthy

volunteers would be ethically prohibitive. Also for patients, the dose necessary for

continuous imaging in extensive motion studies or for continuous monitoring during

treatment can be considerable [Murphy et al. 2007, Shirato et al. 2004a]. Fluoro-

scopic imaging of thoracic and abdominal sites is therefore limited to typically 30-90

seconds [Vedam et al. 2003b].

Another shortcoming of fluoroscopy is the poor soft tissue contrast. As discussed in

the context of respiratory signals in Sect. 1.3.1, only a few structures such as the

diaphragm or prominent lesions are well visible under fluoroscopy. Whilst in some

medical applications contrast agents can be used to visualise structures, for instance

the coronary arteries, this is not feasible for imaging over longer sequences of respi-

ratory motion or even for daily imaging in the course of radiation therapy. Implanted

radio-opaque fiducial markers are therefore used as well visible surrogates in most

motion studies. Fluoroscopy shows planar projections and thus only two-dimensional

motion, but two or more projections can provide three-dimensional localisation of

a fiducial over time [Seppenwoolde et al. 2002]. However, the reconstruction of full

volumetric images requires more projections similar to computed tomography.

Computed Tomography

In computed tomography (CT) a large number of X-ray projections are acquired

in order to reconstruct the radiodensity at each position in a volume. To cover

a complete volume, projections from different angles are gathered by rotating an

X-ray source around the patient. Such projections can be acquired for one axial

slice after the other, which is termed cine acquisition [Low et al. 2003, Pan et

al. 2004] or by helical scanning, which is also called spiral acquisition [Ford et al.

2003, Vedam et al. 2003a]. Whilst these methods use fan-shaped beams and one

or multiple detector lines, an alternative approach is the reconstruction from cone-

beam projections [Sonke et al. 2005], which is particularly interesting for on-board

imaging.

CT was used to determine the respiratory organ motion in a number of publica-

tions [Brandner et al. 2006, Nelson et al. 2007, Weiss et al. 2007]. In radiation

therapy, CT is the standard modality for treatment planning, because it directly

provides the radiodensity in Hounsfield units. This radiodensity or stopping power

allows calculating the radiological path length to each voxel for treatment planning.

The fact that the image information for a single volume is gathered over time leads

to issues when moving structures are imaged. Out-of-plane motion may cause large

uncertainties. If, for example, volumes are reconstructed from free breathing axial
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slices, the uncertainty in the superior-inferior extent of a moving target can be twice

the amplitude of its respiratory motion. Small lesions may even be missed if they

are outside the imaging plane during each slice acquisition [Shimizu et al. 2000b].

Respiratory correlated imaging aims at reducing such motion artefacts. Different

approaches to reconstruct CT images at specific respiratory states will be discussed

below.

Besides issues due to organ motion, which are not fully solved, a disadvantage of

CT is the dose delivered to the patient [Murphy et al. 2007]. Of course, this dose

increases with the number of acquired projections, and therefore the amount of data

that can be gathered is limited.

Magnetic Resonance Imaging

In contrast to CT, MRI provides high soft tissue contrast, allows for greater flexibility

than CT in selecting image plane positions and orientations, and lastly, volunteers

and patients undergoing such examinations are not exposed to ionising radiation.

The possibility to acquire images without ionising radiation was the main reason for

using MRI in this work. First, this allowed studying organ motion with volunteers

and second, this permitted to capture motion over long time spans in the order of an

hour, where the dose from CT or fluoroscopy would be prohibitive even for radiation

therapy patients.

Because of the good visibility of many lesions in MRI, it is often the preferred

modality for diagnostic purposes. Fusion of MR and CT is already used clinically

with cranial images, but remains an error prone task for abdominal images, be-

cause most structures appear differently in MRI and CT [Andronache et al. 2008].

Voroney et al. (2006) showed large differences between MRI and CT in target visi-

bility and in the resulting volume delineations. For our motion studies, MR images

are clearly preferred because of their high soft tissue contrast and the visibility of

the vascularisation without using contrast agents. The results of the motion analysis

(Chapter 3) and the statistical models (Chapter 5) will be nevertheless independent

of the imaging modality.

MRI techniques are constantly evolving, but the unavoidable trade-off between res-

olution, acquisition speed, and SNR still prevents a detailed examination of respira-

tory motion in real-time. Dynamic 3D MR sequences like Single Shot Echo Planar

Imaging (SSh-EPI) applied in functional MRI achieve high acquisition frequencies,

but suffer from a poor SNR efficiency and reduced resolution if large regions such

as the lung or the liver are scanned. Furthermore, these sequences are prone to

image artefacts at tissue boundaries and are therefore less favourable for abdomi-

nal imaging. Sequences with high SNR efficiency and image quality such as Steady

State Free Precession (SSFP) achieve only a low temporal resolution. This is due



2.1. Related work 27

to the fact that MR data acquisition is a sequential procedure, i.e. the experiment

has to be repeated for every spatial encoding step. The total acquisition time for

one 3D acquisition therefore is the product of this repetition time and the number

of encoding steps. The repetition time is in the order of milliseconds and cannot

be reduced further due to safety regulations. Since a typical abdominal 3D data

set requires a few thousand encoding steps and an acquisition time in the order of

seconds, it is currently not possible to acquire high resolution 4D data sets without

severely compromising image quality. To overcome this trade-off, there are two main

approaches, here denoted as breath-hold imaging and respiratory correlated imaging.

These approaches are similar for CT and MRI and will be discussed in the following.

2.1.2 Breath-hold imaging

As discussed in Sect. 1.3.2, voluntary [Pedersen et al. 2004, Nelson et al. 2005] or

forced [Balter et al. 2002, Koshani et al. 2006] breath-hold is an obvious way to

avoid motion and is also applicable in imaging. To determine the breath-hold posi-

tion, respiratory signals as described in Sect. 1.3.1 can be used, for example derived

from spirometry [Balter et al. 2002] or from skin motion [Nelson et al. 2005]. In

MR imaging, navigator echos [Wang et al. 1996, Taylor et al. 1999] offer an addi-

tional possibility to determine the diaphragm position. Several breath-hold images

that were acquired at different breathing levels can provide an approximation of a

breathing cycle. One issue is that breath-hold images do not capture how the organ

is deformed during free breathing [Blackall et al. 2004]. The extreme inhalation and

exhalation levels at breath-hold may be different compared to free breathing. Even

if the breath-hold positions lie within the range of normal breathing, the dynamic

behaviour of the organ cannot be observed. For example hysteresis, i.e. the different

deformation during inspiration or expiration, is not visible in breath-hold images.

A further issue in breath-hold imaging is patient compliance. Scanning of the entire

liver with CT or MRI requires breath-hold durations that are as long as possible.

For MR acquisitions with high SNR and a large number of voxels, breath-holds of

up to 40 s [Blackall 2002] are desirable. Particularly patients with lung pathologies

may not be able to hold their breath for such long acquisition times.

2.1.3 Respiratory correlated imaging

A strategy to overcome the trade-off between acquisition speed and image quality

is to acquire only part of the data, for example only a single slice of a considered

volume. In respiratory correlated imaging each chunk of information is assigned the

respiratory state in which it was acquired. For CT these partial data may be complete

axial slices or single X-ray projections, which are labelled with a breathing phase.
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Retrospectively, an entire volume showing a certain phase can be reconstructed from

projections that all show this specific phase. Since 2003, 4DCT or respiratory corre-

lated CT (RCCT) based on this principle was described in various publications [Low

et al. 2003, Ford et al. 2003, Pan et al. 2004, Keall et al. 2004]. The method has been

adopted by all major CT manufacturers and is applied in an increasing number of

institutions. Respiratory correlated imaging was also successfully implemented with

the latest generation of on-board cone-beam CT (CBCT) devices [Sonke et al. 2005,

Li et al. 2006]. Remmert et al. (2007) used exactly the same retrospective sorting

to produce 4DMRI from 2D MR sequences acquired at different slice positions.

The commonly used methods for 4D imaging, including the 4DMRI approach by

Remmert et al. (2007), use a one-dimensional respiratory signal for sorting the 2D

images. For an overview of possible respiratory signals we refer again to Sect. 1.3.1,

where the determination of the respiratory state was discussed in the context of

dose delivery. Examples of respiratory signals that have been applied in 4DCT re-

construction are the tidal lung volume measured by spirometry [Low et al. 2003,

D’Souza et al. 2005a], infrared reflective markers placed on the abdomen [Ford et

al. 2003, Pan et al. 2004, Keall et al. 2004] or the abdominal skin extracted from

CT images [McClelland et al. 2006].

Note that in principle a prospective triggering of the acquisition at a certain breath-

ing state would be possible, similar to the gating of a treatment beam. Tokuda

et al. (2006) proposed an approach in which a one-dimensional navigator echo is

evaluated online to determine the respiratory state of the acquired images and to

adaptively fill the remaining gaps in the 4D frequency space (3D plus breathing

phase) with the missing images. However, a much simpler strategy, which does not

require a real-time detection of the breathing state or extensive changes in the scan-

ner software, is to gather as many dynamic images as possible and to retrospectively

sort these images according to the respiratory states. A possible disadvantage, which

we will discuss in Sect. 2.4, is that for specific states not all necessary data may have

been acquired [Low et al. 2003].

All sorting methods that are commonly used make strong assumptions about the

regularity of the respiratory motion and parameterise this motion with a one-

dimensional displacement or phase. Although respiration clearly shows a repetitive

character, which is also exploited in this work, the reduction of the respiratory or-

gan deformation to one parameter neglects all residual variability and may be a

too coarse approximation in some cases. This leads to artefacts in the reconstructed

images and considerable uncertainties in treatment planning even for respiratory

correlated imaging [Vedam et al. 2003a, Rietzel et al. 2004, Fitzpatrick et al. 2006,

Weiss et al. 2007]. The purpose of the proposed imaging method is to overcome this

problem and to specifically study irregularities in respiratory motion.
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2.2 4DMRI

In this section we propose a method for respiratory correlated MR imaging during

free breathing. An important requirement for the developed imaging technique was

the capability to handle and visualise the variability of organ motion. Whilst most

imaging methods were developed for diagnostic purpose and acquire only a few

breathing cycles, the MR approach described in the following is intended to acquire

detailed 4D data over tens of minutes in order to study long-term intra-subject

variability, which is still poorly understood.

To acquire such time resolved data we propose a method that captures the respi-

ratory motion during free breathing using dynamic 2D MR images. In contrast to

the 4DCT approaches cited in the previous section, a sagittal slice orientation was

chosen. This allows for tracking vascular structures during complete breathing cycles

with minimal out-of-plane motion. Moreover, the sagittal slice orientation requires

the smallest field of view and therefore leads to the fastest acquisition. The volume

of interest is covered by sagittal slices, further called data slices Dp
i with p the posi-

tion of the sagittal slice and i the acquisition time. The key concept of the proposed

method is to additionally acquire a dedicated so-called navigator slice Nj at a fixed

position, with j indicating the acquisition time (Fig. 2.1a). This navigator slice will

be used retrospectively to derive a measure for image sorting that determines the

state of the liver on a certain data frame. The medio-lateral position of the navigator

slice was chosen such that it contains vessel cross-sections that are distributed over

the entire slice of the liver and that are easily trackable. This is often the case for

orthogonal vessel cross-sections, which can be found in most sagittal slices. How-

ever, vessels that lie completely within a slice may show large shape changes due to

out-of-plane motion. A second criterion for the selection of the navigator slice was

to choose a possibly central slice in order to avoid unnecessarily large distances to

the data slices. Nevertheless, the method has been found to be insensitive to the

exact choice of the navigator position as we will show in Sect. 2.3.2.

2.2.1 MR acquistion sequence

An alternating scheme (Ni - D1
i+1 - Ni+2 - D2

i+3 - Ni+4 - D3
i+5 - ...) was used to

acquire data frames at all slice positions interleaved with navigator frames as illus-

trated in Fig. 2.1b. These sequences were acquired on a 1.5 T Philips Achieva whole

body MR system (Philips Medical Systems, Best, NL). The imaging experiments de-

scribed in this thesis were performed with 13 volunteers (6 female, 7 male, average

age 30, range 17-75) after written consent was obtained. The volunteers were asked

to assume a comfortable supine position with supporting cushions and a foam wedge

beneath the knees. No rigid immobilisation device was used. The images were ac-

quired with a balanced Steady State Free Precession sequence, SENSE factor 1.7 and
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halfscan, flip angle 70 ◦, TR = 3.1 ms, with a coil array consisting of four rectangular

elements, and an in-plane resolution of 192 x 192 pixels and 1.8 x 1.8 mm2. Depending

on the scanned volume, 22-30 slices were acquired with an out-of-plane resolution of

3-4 mm. The resulting acquisition time per frame was 180-190 ms, yielding a tempo-

ral resolution of 2.6-2.8 Hz for the data slices. At each slice position, 180-240 data

frames were acquired during roughly one hour.

Long continuous acquisitions made the volunteers feel uncomfortably warm. There-

fore, the acquisition was limited to blocks of roughly 3 min. Gaps of 2-3 min were

introduced in between as breaks for the volunteers and for the processing of the

acquired data. During sessions of about one hour, 9-12 blocks were acquired, which

corresponded to 220-850 breathing cycles.
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Figure 2.1: (a) Sagittal slices covering the volume of interest. One dedicated slice

N is used as navigator slice for image sorting. (b) Interleaved acquisition of data

and navigator frames.

2.2.2 Retrospective sorting of 2D images

In order to produce 3D volumes from the acquired 2D images we have to find those

frames that show the liver in a similar state and thus can be stacked together. As

discussed above, the common approach for image sorting is to use a one-dimensional

respiratory signal and to derive the phase or the displacement in a periodic breathing

cycle. But if the respiratory motion is irregular, then the phase or the displacement

is not sufficient to determine the shape and the position of the liver. For example,

mid-inhalation of a deep breathing cycle may show the same diaphragm position

as maximum inhalation during shallow breathing, where the liver generally has a

different shape. Moreover, the liver may be deformed or tilted during an acquisition

session. Since we explicitly want to study such variations, we further avoid the no-

tion of the phase in the breathing cycle, which implies perfect periodicity. Instead,

we denote a certain position and shape of the liver as its state. In general, this

state can be determined only approximately from a single one-dimensional signal.
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Consequently, one-dimensional sorting or binning of the acquired images is not suf-

ficient to find corresponding images showing the same state of the liver. Therefore, a

multi-dimensional measure, which separately considers the motion in different liver

regions, was derived from the acquired navigator images.

The correspondence of data frames is determined by comparing the embracing nav-

igator frames that were acquired immediately before and after the respective data

frames in the interleaved sequence (Fig. 2.2a). The underlying assumption is that two

data frames show the same state of the liver, if their embracing navigator frames are

sufficiently similar. Since only navigator frames are directly compared and not the

data frames themselves, different image content in distant data slices has no negative

effect. Moreover, any difference in amplitude, phase, or in the amount of deforma-

tion between data and navigator frames can be handled as long as the state of the

liver can be unambiguously defined by the preceding and the subsequent navigator

frames. This assumption will be evaluated in Sect. 2.3.2.
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Figure 2.2: (a) Triplets consisting of data frames and their embracing navigator

frames. (b) The correspondence of two data frames acquired at different slice lo-

cations is determined by comparing the embracing navigator frames. The example

navigator frame shows four regions that were considered for image sorting.
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Frame similarity measure

To describe the comparison of data slices in detail, we consider a data frame Dp
i

that was acquired at location p and time i (Fig. 2.2b). Its embracing navigator

frames are Ni−1 and Ni+1. To find a corresponding data frame at a different slice

position q, we compare (Ni−1,Ni+1) to the preceding and the subsequent navigator

frames (Nj−1,Nj+1) of each acquired candidate frame Dq
j . There are various possible

similarity measures to compare the navigator frames. The evaluated options range

from a simple sum of squared intensity differences to more sophisticated measures

like the Mahalanobis distance in the eigenspace of the navigator frames. Since the

goal is accurate slice fitting, a natural approach is to compare the positions of

prominent vascular structures and thus to directly quantify local displacements. A

frame comparison with respect to vessel displacements produced the best results in

a quantitative evaluation and was therefore chosen for the following experiments.

Section 2.2.4 will show such a quantitative comparison of approaches for image

sorting.

Figure 2.2b shows four example regions of interest (ROI) in the navigator slice

that were considered to derive a first measure for image sorting. Three to five such

rectangular regions showing prominent and easily trackable structures were selected

manually in one navigator frame. The position of these regions in all other naviga-

tor frames was determined by template matching. The template region was shifted

over the compared navigator frame until maximum normalised cross correlation was

reached, indicating the most probable position of this region. Note that the apparent

2D translation detected by this template matching may differ from the actual liver

deformation due to the out-of-plane component of the liver motion. However, if this

apparent motion of all considered regions is similar in both embracing navigator

frames, we assume that the true 3D deformation is also similar.

The processing time for tracking 5 ROIs over 3000-7000 navigator images was about

1.5-3 hours with a MATLAB implementation on a current PC (Intel Pentium Core

2 Duo, 2.66 GHz, 2 GB RAM). However, there is a large potential for acceleration if

the implementation is optimised for speed and of course if less data is acquired per

subject.

To determine the frame similarity based on the tracked regions, we define a cost

function c(i, j), which is small if the data frames Dp
i and Dq

j show the same res-

piratory state. Therefore, each region r should be at a similar position in the pre-

ceding navigator frames (Ni−1, Nj−1) as well as in the subsequent navigator frames

(Ni+1, Nj+1). Assuming coordinate axes in anterior-posterior and superior-inferior

direction, xk
i and yk

i are the coordinates of region k at time i. With K the number

of tracked regions we define

c(i, j) =
K∑

k=1

∥∥∥∥( xk
j−1 − xk

i−1

yk
j−1 − yk

i−1

)
+

(
xk

j+1 − xk
i+1

yk
j+1 − yk

i+1

)∥∥∥∥ =
K∑

k=1

∥∥∥∆ ~Xk
−1 + ∆ ~Xk

+1

∥∥∥. (2.1)
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In this cost function we add for each region k the displacements (determined by

template matching) in the preceding navigator frames ∆ ~Xk
−1 and the displacements

in the subsequent navigator frames ∆ ~Xk
+1 and sum over all considered regions. A

vector addition of the displacements was chosen, because it captures the motion

more consistently and proved to be more robust than a separate calculation of the

Euclidean deviation in the preceding and in the subsequent frames. If for example

two data frames are actually identical but were acquired during organ movements

of different speeds, then the embracing navigator frames will not be identical and

show displacements in opposite directions. With vector addition these displacements

cancel out each other.

Using cost function (2.1), the best matching data frame Dq
j∗ for a given data frame

Dp
i is then found at time j∗, where

j∗ = arg min
j
c(i, j) . (2.2)

This cost function does not only allow for the selection of the best matching data

frame, but also gives a quantitative measure of the remaining deviations in the

respective navigator frames. In principle, a minimum similarity could be enforced

by imposing a threshold on the cost function. If no frame was found with a deviation

below the threshold, the reconstructed volume could be classified as inconsistent. In

the following reconstructions however, such a threshold is not applied in order to

retain the worst case reconstructions for quantitative analysis.

Navigator comparison by non-rigid registration

A disadvantage of the described method, which is based on ROI displacements in

navigator frames, is that these ROIs have to be defined manually. The navigator

slice has to be assessed dynamically to judge the trackability and the out-of-plane

motion of vascular structures. Some vessel branchings that are well trackable at the

beginning of an acquisition session may drift out of the navigator slice during the

session. With a careful manual selection of three to five regions successful sorting was

possible, but considering more regions increased the robustness with respect to the

exact choice of the ROIs and against tracking outliers. Moreover, the rigid translation

of rectangular ROIs does not optimally capture rotations or deformations, which may

be either real in-plane deformations or apparent deformations caused by out-of-plane

motion. For these reasons, we propose a second approach for navigator comparison,

in which the tracking of rectangular regions is replaced by non-rigid registration of

the navigator images.

The VTK CISG Registration Toolkit [Hartkens et al. 2002] was applied to estimate

the deformation between a reference navigator frame and all other navigator frames.
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A detailed description of this intensity-based registration approach will be given in

Sect. 3.2.1. As a result, the deformable registration provides a dense vector field

for each navigator frame, describing its deformation with respect to the reference

frame. To restrict the registration to the liver, this region was manually segmented

in the reference navigator image as shown in Fig. 2.3. Although this requires manual

contouring of the liver, this can be done with a single static reference frame and no

further user interaction is required.
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Figure 2.3: Motion vectors determined by non-rigid registration between two nav-

igator frames. These vectors are used to quantify the similarity between navigators.

A disadvantage of this approach is the long processing time. The registration of

3000-7000 navigator images with a control point resolution of 15 mm would have

taken about 100 hours on a single PC (Intel Pentium Core 2 Duo, 2.66 GHz, 2 GB

RAM). Therefore, the registrations were run in parallel on a cluster of PCs. However,

there is a large potential for acceleration by changing the registration parameters

such as the control point spacing or the optimisation step size, or by using a multi-

resolution registration approach (Chapter 3). For simplicity, all parameters were

chosen conservatively and were not optimised for efficiency. We estimate that the

processing time for a complete data set could be reduced to about 10 hours on a

single PC.

The determined image deformations were evaluated on a grid of points with 1 cm

resolution (Fig. 2.3). The resulting displacement vectors were then used exactly like

the displacements obtained from ROI tracking to quantify the similarity of navigator

frames using the cost function (2.1). For comparison we implemented both sorting

methods, based on tracked ROIs and based on deformation vectors.
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2.2.3 4D reconstruction

Using the described sorting methods, we first reconstruct a complete 3D volume for

only one specific state of the liver. This state is defined by two navigator frames

(Ni−1, Ni+1). In order to reconstruct a complete 3D stack, a corresponding data

frame for each slice position is selected by applying (2.2). The selected frames are

then stacked together to form a 3D volume. If a 3D volume is reconstructed for each

pair of navigator frames in a sequence (Ni−1, Ni+1), (Ni+1, Ni+3), (Ni+3, Ni+5),... , this

yields a complete 4D data set with the temporal resolution of the navigator frames,

which was 2.6-2.8 Hz in the described acquisition sequence.

Noise reduction

Since the acquired images show a considerable amount of noise due to their short

acquisition time and high spatial resolution, a straightforward noise reduction was

applied. Not only the very best matching frame but the Q best matching frames

were determined for each slice position in each reconstructed volume. Averaging over

these Q frames reduces the variance of the noise by a factor of Q and increases the

SNR compared to single acquisitions. The number of frames that can be averaged is

limited by the available number of images to choose from. In the presented examples,

180-240 data frames were acquired at each slice position during roughly one hour

and the five best fitting frames according to the cost function (2.1) were averaged

for noise reduction. Because of continuous changes over the acquisition session such

as drifts, the five best fitting frames were typically found in the temporal range of

±15 min around the pair of navigators for which a volume was reconstructed.

2.2.4 Evaluation methods

In addition to the visual assessment of the reconstructed volumes, two different

methods were applied to quantify the accuracy of the described sorting methods.

The aim of these experiments was to show the accumulated errors in the selection

of 2D frames for volume reconstruction, including errors due to the spatial and

temporal distance between navigator and data slices and errors due to the limited

amount of slices to choose from.

First, we tested whether data frames that show the liver in the same state can be

found by the proposed method. This was evaluated with leave-one-out experiments.

For a given data frame Dp
i acquired at slice position p and time i, the best matching

data frame at the same position Dp
j∗ was searched amongst the remaining frames

by applying the cost function c(i, j) defined in (2.1). The similarity of the selected

frame Dp
j∗ to the ideal left-out frame Dp

i was quantified by deformable registration
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using the VTK CISG Registration Toolkit [Hartkens et al. 2002], which will be

discussed in Sect. 3.2.1. Note that this registration, which determines the similarity

of selected data frames, is independent of how these frames were selected. One of the

sorting methods involved non-rigid registration of navigator frames, whereas here

the selected data frames are registered.

Figure 2.4 shows an example pair of data frames. The difference image in Fig. 2.4a

exhibits local deviations between the original data frame and the best match that

was found. Figures 2.4b and 2.4c show an overview and an enlarged section of the

non-rigid registration result, where the estimated local deviations between the two

frames are represented by arrows. From this registration result, the mean and the

maximum local deviations between the compared data frames were determined. This

process was repeated for all 200 data frames at each of the 22 slice positions in an

example data set, yielding the maximum and mean local deviation between each

acquired frame and its best match. For comparison, the same leave-one-out exper-

iments were performed with simplified one-dimensional sorting, which considered

only one tracked navigator region in the dome of the liver.

(a) 2cm (b) 2cm (c) 5mm

Figure 2.4: Assessment of local matching errors between pairs of sagittal images

that were selected as best matches. (a) Difference image. (b) Result of the non-rigid

registration. (c) Enlarged section with arrows showing the estimated local deviations

between the compared frames.

In addition to a comparison of different sorting approaches, the same leave-one-

out experiment was performed for different locations of the navigator slice in order

to evaluate the sensitivity of the reconstruction to the selection of the navigator

slice. Within one acquisition session, two data sets were produced with two different

medio-lateral positions of the navigator slice, each data set consisting of 140 data

frames at 21 different slice positions. Again, the differences between the ideal left-

out data frames and the best matches amongst the remaining data frames were

determined.

The second evaluation method compared the neighbouring slices in reconstructed

volumes similar to [Ehrhardt et al. 2007] in order to quantify the volume consistency.

The difference between each pair of neighbouring slices in a volume was quantified
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as the sum of squared intensity differences (SSD) in the liver region. Neighbouring

frames generally differ because they show a different slice of the organ and are sub-

ject to acquisition noise. However, additional discontinuities due to inaccurate frame

selection further increase the average SSD and can be quantified by this measure.

This SSD calculation was applied to 1007 volumes, which were reconstructed using

four different sorting methods: (i) Random stacking, for which randomly selected

frames were stacked together, producing large discontinuities due to respiratory

motion. (ii) One-dimensional sorting, where matching frames were selected consid-

ering one single region in the dome of the liver. (iii) Multi-dimensional sorting with

navigator comparison based on ROI tracking. (iv) Multi-dimensional sorting based

on deformation vectors from non-rigid registration. Additionally, the SSD between

neighbouring slices in a breath-hold acquisition was calculated for comparison. This

breath-hold volume was acquired with the same parameters as the dynamic images

to obtain a comparable image quality.

2.3 Results

2.3.1 Image quality

The imaging method described in the preceding section was performed with 13

volunteers. Figure 2.5 shows an example volume, which was reconstructed from 30

slices scanned during free breathing. Figure 2.5a illustrates the volume reconstructed

by one-dimensional sorting, where only a single region in the dome of the liver was

considered for frame selection. The dome of the liver shows very plausible slice

fitting with a sharp and continuous edge in the coronal view. However, regions

that are not fully defined by a certain diaphragm position show severe mismatches

indicated by discontinuities in the blood vessels. Figure 2.5b shows the volume for

the same respiratory state reconstructed with multi-dimensional image sorting based

on four ROIs in the navigator slice. This method achieves a continuous slice fitting

throughout the liver. Figure 2.5c visualises the effect of additional noise reduction

by averaging over five selected frames for each slice position. The SNR is improved

without blurring the image, which shows that the number of acquisitions at each

position was sufficient and the sorting approach is accurate.

Figure 2.6 shows a part of the right liver lobe of a different volunteer at inhalation

and exhalation in a typical breathing cycle. The two volumes were chosen from a

breathing cycle with 14 reconstructed stacks and 2.8 Hz temporal resolution. The

stacks were interpolated to an isotropic voxel size using 3D spline interpolation and

visualised as maximum intensity projections (MIP). The orthogonal slices and the

MIPs exhibit no major discontinuities in the blood vessels or the liver boundaries.
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Figure 2.5: Orthogonal cuts through reconstructed 3D images of the right liver lobe

using (a) One-dimensional sorting with respect to the diaphragm only (b) Multi-

dimensional sorting based on four tracked regions (c) Multi-dimensional sorting as

in (b) and averaging over the five best matching frames for noise reduction.

The method was also successfully applied to the lung as shown in Fig. 2.7. The

blood vessels in the lung were well reconstructed, even in the out-of-plane direction

(coronal view) and the contrast between blood and air is even higher than for the

liver.
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Figure 2.6: Orthogonal cuts through 3D images of the right liver lobe at (a) exha-

lation and (b) inhalation. The maximum intensity projections after 3D interpolation

show continuous vascular structures at (c) exhalation and (d) inhalation.

(a) (b)

Figure 2.7: Sagittal and coronal maximum intensity projections after 3D interpo-

lation showing the right part of the lung at (a) exhalation and (b) inhalation.

2.3.2 Evaluation of the sorting methods

This section describes the results of the leave-one-out experiments to quantify the

sorting accuracy. The mean and maximum local deviations between the left-out

frames and the selected best matching frames are shown in Fig. 2.8. The deviations

are given per slice position with their mean and standard deviation over all 200

experiments. The considered medio-lateral region is the same as for the reconstruc-

tions shown in Fig. 2.5 and ranges from the vena cava inferior (position 0) to the
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rightmost end of the liver. Figure 2.8a shows the results for one-dimensional sorting.

The mean local deviation within the images is 0.96±0.53 mm (mean and standard

deviation over all experiments and all slice positions), and the maximum local devi-

ation within the images is 2.91±2.07 mm. In contrast, Fig. 2.8b illustrates the local

deviations obtained with sorting based on tracked ROIs. By considering four re-

gions in the navigator slice, matching frames with much lower local deviations were

found. The remaining mean deviations of 0.68±0.26 mm are in the range of half a

pixel (0.9 mm) and the maximum deviations of 1.63±0.80 mm are mostly below one

pixels (1.8 mm). For image sorting based on deformation vectors, Fig. 2.8c shows

even slightly better values with mean deviations of 0.60±0.21 mm and maximum

deviations of 1.48±0.65 mm.
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Figure 2.8: Resulting maximum and mean local deviations between the selected

frames and the ideal left-out frames. The error bars show the standard deviations

over all leave-one-out experiments at a certain slice position. (a) One-dimensional

sorting (b) Multi-dimensional sorting method that takes the displacement of four

ROIs into account. (c) Multi-dimensional sorting based on deformation vectors ob-

tained from non-rigid navigator registration.
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Figure 2.9: Maximum and mean local deviations between the selected frames and

the ideal left-out frames. The two experiments differ in the position of the navigator

slice, which lies in the left part of the liver lobe for (a) and in the right part for (b),

at a distance of 5 cm.

Figure 2.9 shows the resulting local deviations for two different positions of the nav-

igator slice. For the navigator position shown in Fig. 2.9a, the mean local deviation

over all experiments and all slice positions is 0.45±0.24 mm, and the maximum local

deviation is 1.19±0.73 mm. The results for the second navigator position illustrated

in Fig. 2.9b show only slight differences with a mean local deviation of 0.46±0.24 mm

and a maximum local deviation of 1.40±0.86 mm. This example of robustness with

respect to the exact choice of the navigator position is consistent with our general

experience. When applying our method to a number of volunteers, we did not en-

counter problems to reconstruct consistent volumes, although the position of the

navigator slice varied within the liver between subjects.

All leave-one-out experiments show lower matching errors towards the right end

of the liver, where the respiratory motion is smaller than around the dome of the

right liver lobe. The local deviations clearly increase towards the vena cava inferior

(position 0), where the liver is affected by the beating heart. These additional de-

formations introduce local deviations, as they are uncorrelated to the respiration

and not reflected in the navigator slice. Besides this clear effect of heart motion, the

results illustrate that the data frames were selected accurately by considering only

the navigator frames, even though the navigator frames were acquired at slightly

different points in time than the data frames and at locations that may be several

centimetres apart from the data frames. This shows that there is sufficient correla-

tion between data and navigator slices and that the described methods accurately

determine the respiratory state of the entire liver.
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2.3.3 Volume consistency

The second evaluation method, where neighbouring frames in reconstructed vol-

umes were compared by SSD, also shows the advantages of the proposed multi-

dimensional sorting methods. Figure 2.10 illustrates the SSD per pixel between

neighbouring slices averaged over all 1007 volumes that were reconstructed. The

SSD values between the slices of a breath-hold volume show the achievable similarity

between neighbouring slices. Not surprisingly, random stacking leads to the largest

SSD values between neighbouring slices (mean and standard deviation 746±372).

One-dimensional sorting achieves much lower values (542±222), because many dis-

continuities can be reduced by this simple sorting approach. But considering multi-

dimensional similarity measures leads to even lower SSD values. Amongst the two

proposed approaches, the slice selection based on deformation vectors shows a bet-

ter volume consistency (399±120) than image sorting based on ROI displacements

(467±157). In the right part of the liver, the differences between the methods are

smaller because this part of the liver lobe contains smaller blood vessels and typi-

cally shows smaller motion than the central area beneath the dome of the liver. The

rightmost slice, which contains no moving tissue, shows of course hardly any differ-

ence between the four methods. Also in these experiments, the increasing influence

of the beating heart towards the left side is visible.
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Figure 2.10: The SSD similarity of neighbouring slices was normalised to SSD

per pixel (intensity range 0-255) and averaged over 1007 reconstructed volumes.

Additionally, the SSD values between the slices of a breath-hold volume are given

for comparison.
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2.4 Discussion

Like all other methods for respiratory correlated imaging, the proposed 4DMRI

method reconstructs volumes from data that were gathered over multiple breathing

cycles, which imposes some limitations. A common limitation for all slice stacking

methods is that only breathing cycles can be reconstructed, for which all neces-

sary frames were captured across the liver. If particularly deep breathing is only

acquired at some of the slice positions, the method fails to reconstruct a complete

4D sequence for this extreme breathing depth. In our experiments with free un-

coached breathing, 3D images at exhalation could be reconstructed with better slice

fitting than volumes at extreme inhalation, for which the probability to find accu-

rately corresponding slices was lower. As mentioned in Sect. 2.2.2, large values of

the cost function (2.1), which indicate missing data, could be detected by imposing

a threshold. Because of the large amount of data to select from, and in order to

retain the worst case reconstructions in the quantitative analysis, this was not done

in the presented examples. Nevertheless, 4D sequences could be reconstructed for

typical ranges of breathing depths without significant artefacts due to missing data.

If fewer data were available, an interpolation of missing data could be considered.

Ehrhardt et al. (2007) proposed an interpolation from the closest available images.

After non-rigid registration between the closest images, the required intermediate

transformation was produced by linear interpolation.

Another limitation, which is common to all methods for respiratory correlated imag-

ing, was illustrated in the evaluation experiments. Deformations due to the beating

heart are uncorrelated to respiration and are thus ignored by respiratory synchro-

nisation. The applied noise reduction by averaging over similar frames alleviates

this problem to a certain degree, because the resulting errors are averaged as well.

For a better handling of heart motion, the navigator slice could be placed close to

the heart, such that motion due to the beating heart is captured. If the described

sorting is performed with such a navigator slice, then fitting frames are selected, for

which not only the respiratory state but also the state of the heart matches. For an

accurate reconstruction of each cardiac state combined with each respiratory state,

we consequently need much more data frames to choose from. If such a complete

reconstruction of all these combinations is not required, then a single respiratory

state, for example a typical exhalation position in combination with different car-

diac states could already provide most information about the variability of the liver

shape due to the beating heart.

We have proposed two different methods for multi-dimensional navigator compar-

ison, one based on deformation vectors and the other based on the displacement

of three to five ROIs. The ROI-based approach can be considered a special case of

deformation estimation with locally rigid motion. A disadvantage of using vectors

from non-rigid registration is that this registration is more time consuming than
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ROI tracking and more complex to implement. However, the performance when us-

ing deformation vectors was slightly better and required much less user interaction

than the ROI-based approach.

The evaluation experiments have shown that both multi-dimensional sorting meth-

ods achieved better slice fitting in the reconstructed volumes than sorting based on

the one-dimensional motion of the diaphragm alone. These results demonstrate that

sorting according to this single region of the liver allows for residual motion in other

regions. Such residual motion has to be taken into account whenever surrogates are

considered to derive the respiratory state for imaging or treatment. Potential gating

techniques for radiation therapy, which are applicable in real-time but make more

restrictive assumptions about the breathing pattern, will be evaluated in Chapter 4.

A point that distinguishes the described method from clinically used imaging is the

long acquisition time of up to one hour. Although this method was developed for

motion studies over tens of minutes and not for patient specific planning, it can

also be used to acquire 4D data sets in much shorter acquisition sessions. In our

experiments, acquisition times of roughly 15 minutes were sufficient to collect data

for the reconstruction of typical respiratory cycles with different breathing depths.

A further speed up can be achieved by acquiring only a few slices covering a target

instead of the 22-30 slices across the entire right liver lobe.

2.5 Conclusions

The developed imaging technique allows for the reconstruction of 4D data sets show-

ing the detailed deformation of an organ during free breathing. Whilst variations

beyond a regular breathing cycle are ignored by other approaches and lead to arte-

facts, they are addressed specifically with the proposed method. Irregularities such

as drifts and deformations are recognised and handled by the image-based sorting

method. In contrast to 4DCT, volunteer studies over long acquisition sessions are

possible. This permits in particular to capture intrafraction motion in radiation

therapy. The technique described in this chapter is applicable to any organ that

undergoes respiratory motion and can be implemented on a standard MR scanner

without additional equipment.



3
Extraction and Analysis

of Liver Motion

In the previous chapter, a method to acquire time resolved volumetric MR images

was described. In this chapter, the obtained 4D data sets will be used to analyse the

respiratory motion of the liver in a number of subjects.

In Sect. 1.3.1 we have already discussed several approaches to quantify the motion of

a tumour or a possibly representative surrogate. These measures typically describe

the motion of only one point, for example the position of a radio-opaque fiducial

marker. Here we discuss how to obtain dense deformation fields for the reconstructed

MR volumes by non-rigid registration. We will first introduce the basic concepts

of image registration and then show the application of an established registration

approach to the 4D MR sequences. The resulting deformation fields will be analysed

to quantify the extent and variability of the liver motion.

3.1 Introduction to image registration

The aim of image registration is to align images from different modalities, different

times, or different subjects. Such an alignment is required to fuse complementary

information from different modalities, to observe changes over time, or to compare

the anatomy of different subjects. Without loss of generality, we will consider the

alignment of two images I1 and I2 in the following. We will use the general term

transformation for the deformation that is applied to I2 in order to align it with

I1. A common representation of image transformations is the description as dense

vector fields, also called deformation fields. Such a deformation field determines

where each pixel or voxel of I2 moves to in order to obtain a transformed image I ′2
that is possibly similar to I1.

Countless algorithms for medical image registration have been developed in the last

fifteen years. The different approaches can be classified according to various criteria.
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Considering the type of registered images, we distinguish between mono-modal reg-

istration, where both images are of the same modality and multi-modal registration

such as CT to MR registration. Furthermore, images can be taken from the same

subject or from different subjects, which is termed intrasubject or intersubject reg-

istration, respectively. A further important classification criterion is of course the

type of image transformation that can be recovered.

Comprehensive reviews on medical image registration can be found in [Maintz and

Viergever 1998, Hill et al. 2001] and [Crum et al. 2004a]. Here we will introduce

the key concepts of registration to provide the background for the discussion of the

applied algorithm in the next section. The main components of image registration

are (i) a transformation model, which defines the type of motion that is expected

between the images, (ii) a similarity measure, which quantifies how well the two

images are aligned, and (iii) an optimisation procedure to find the transformation

that yields the best alignment according to the similarity measure.

In the following we will focus on the first two components, which depend strongly

on the specific application. Different optimisation methods are discussed in detail

in [Press et al. 1992].

An additional element of a registration method is the strategy to interpolate im-

age intensities. Digital images describe the intensity values at discrete locations.

When continuous transformations are applied, this generally requires determining

intensity values at intermediate locations. The strategy for such an interpolation is

particularly important when reaching sub-voxel resolution and can be considered a

fourth component of a registration method. Different interpolation strategies such

as nearest neighbour, linear, or partial volume interpolation are discussed in [Maes

et al. 2003].

3.1.1 Transformation models

A transformation model defines the possible motion or deformation between images.

This allows for including knowledge about the registration problem. For example,

if it is known that the transformation between two images is a rigid motion, then

this transformation can be described as translation and rotation with six degrees

of freedom. Non-rigid transformations that include local deformations are typically

modelled with hundreds or even thousands of degrees of freedom. In the follow-

ing, we will discuss the most commonly used transformation models for deformable

registration.
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Biomechanical models

One possibility to model the transformation between two images is to describe the

biomechanical behaviour of the contained tissue by partial differential equations

(PDEs). Examples of physically motivated approaches are elastic or fluid registra-

tion. Elastic registration is based on the Navier-Lamé equations and enforces a

continuous displacement field [Bajcsy and Kovacic 1989]. Fluid registration uses the

Navier-Stokes equations to simulate viscous fluids such as honey [Christensen et al.

1995]. The fluid model enforces a smooth velocity field and allows for large and

discontinuous deformations given sufficient time for evolution [Crum et al. 2004b,

Crum et al. 2005].

A specific solution method that is often used for biomechanical models is the fi-

nite element method (FEM). It was applied to medical image registration by Bro-

Nielsen (1998) and in a simplified version by Edwards et al. (1998). In this method,

the domain of interest is subdivided into a set of discrete connected elements. In

principle, each element can be assigned different tissue properties. However, this

only makes sense if all tissue properties can be reliably determined. In the finite el-

ement method, the PDEs are solved by evolving local continuous approximations of

the solution, whereas in fluid or elastic registration the solution is usually found by

finite difference approximations of the PDE. An example of multi-organ registration

based on an FEM was described by Brock et al. (2006). Stomach, kidneys, spleen,

and liver were modelled as linear elastic materials with different tissue properties.

Optical flow

The optical flow method was introduced by Horn and Schunk (1981). The underlying

assumption is that the image intensity I of a given anatomical point is constant

over time. Any variation of the intensity at a given location x, y in the image is

therefore produced by a local motion along the spatial intensity gradient. In the

two-dimensional case with image intensities I(x, y, t) this can be formulated as

dI

dt
=
∂I

∂x

dx

dt
+
∂I

∂y

dy

dt
+
∂I

∂t
= 0. (3.1)

This single equation only allows determining the motion along the gradient direction.

The motion orthogonal to the gradient is not visible as optical flow and has to be

inferred by an additional regularisation, which we will discuss later.

The optical flow method does not only define a transformation model. It also assumes

that the images are identical in the perfectly aligned case. Because of this limiting

assumption, optical flow methods are not applicable to multi-modal registration.

Although optical flow based registration has not been widely adopted for medical
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image registration, some examples can be found for the extraction of cardiac motion
[Barron 2004] or breast deformation [Hayton et al. 1999] from MR images, or lung

deformation from CT images [Dougherty et al. 2003]. Martel et al. (2007) used an

optical flow approach extended with a linear model of the change in intensity due

to contrast uptake. The resulting method performed comparable to the more widely

used spline-based methods that will be discussed in the following.

Spline-based models

An alternative to the previously described transformation models is to follow a

phenomenological approach and directly describe the resulting deformation field by

splines. Control points are used to modify the splines and thereby transform the

underlying images. This approach of defining transformations based on a grid of

control points is also called free-form deformation (FFD). The widely used types of

splines are B-splines [Rueckert et al. 1999, Schreibmann et al. 2006] and thin-plate

splines (TPS) [Coselmon et al. 2004]. TPS describe the shape of a bending plate

between fixed control points. Although this could be considered a biomechanical

model, we classify TPS as phenomenological, because there is no direct attempt to

model tissue behaviour.

The most important difference between B-splines and TPS for image registration

is that TPS have infinite support and affect the entire image, whereas B-splines

have local support and are thus often preferred to model local deformations. Splines

can either be used as a self-contained transformation model or they can serve as

an additional regularisation to enforce smoothness of other transformations such as

optical flow [Vemuri et al. 1998] or locally rigid transformations [Andronache et al.

2008].

Regularisation

If the possible image deformations are not fully defined by the transformation model

or the registration yields ambiguous results, then additional constraints are required

to choose a plausible solution. This is typically done by using a regularisation method

and thereby introducing knowledge about the smoothness of the expected solution.

Such a regularisation can be considered a part of the transformation model.

There are several possibilities to regularise a deformation field. A common approach

is to include a regularisation term in the problem formulation, for example in optical

flow methods [Horn and Schunk 1981], or to represent the solution of a registration

method by splines [Vemuri et al. 1998]. It is obvious that if the transformation

model is already defined by splines, then such an additional regularisation is not

required. A straightforward alternative approach is to smooth the deformation field

by retrospective filtering.
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Multi-resolution approaches

The goal of image registration is to find the transformation between two images that

is optimal with respect to a certain similarity function. Imaging noise or ambiguous

structures can entrap the optimisation in a wrong local optimum. A common ap-

proach to avoid this is to initially solve the registration problem between images of a

lower resolution. In this way, a large capture range is achieved and false local optima

due to small structures are avoided. The resulting transformation is then used as

an initialisation for the registration of the same images at a higher resolution. This

is repeated until the highest resolution is reached, which is typically the original

resolution of the images. A gradual refinement of the image resolution is not the

only way to implement a multi-resolution optimisation. An alternative possibility is

to gradually refine the transformation model, for example by increasing the control

point resolution in a spline-based registration [Lee et al. 1997] or by using smaller

independently moving patches in a piecewise rigid approach [Likar and Pernuš 2001,

Andronache et al. 2008].

3.1.2 Similarity measures

The similarity measure quantifies how well two images are aligned. Such a measure

can be derived from features such as point landmarks or surfaces. If corresponding

features are known in both images, the similarity is determined as the proximity of

these features in the registered images, for example as the sum of squared Euclidean

distances of point landmarks. An example of feature-based elastic registration was

described in [Charnoz et al. 2005], where vessel bifurcations were automatically

detected in liver images. An example with manually determined features is the FEM

approach by Brock et al. (2002), where manually contoured livers were brought into

alignment.

Another possibility to quantify the outcome of a registration is to directly compare

the image intensities. This requires no manual interaction and is therefore preferred

for our study over thousands of MR volumes. A simple way to compare image in-

tensities is to calculate the sum of squared intensity differences (SSD) between the

registered images. Since the SSD similarity measure directly compares the absolute

intensity values, this measure is only useful for mono-modal registration. Further-

more, the SSD is very sensitive to outliers.

A more robust and widely established measure is the normalised cross correlation,

also called correlation coefficient (CC). If we consider the corresponding voxels i
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in an image with intensities I1(i) and another, potentially deformed image with

intensities I ′2(i), then the correlation coefficient is defined as

CC(I1, I
′
2) =

∑
i∈Ω1,2

(I1(i)− Ī1)(I ′2(i)− Ī ′2)√∑
i∈Ω1,2

(I1(i)− Ī1)2
∑

i∈Ω1,2
(I ′2(i)− Ī ′2)2

, (3.2)

where Ω1,2 is the region of image overlap and Ī1 and Ī ′2 denote the mean intensities

over Ω1,2. The correlation coefficient is invariant against a linear relation between

the intensities of the two images, but the measure is not applicable to multi-modal

registration, where the intensities of corresponding structures can differ strongly.

A breakthrough for multi-modal registration was the introduction of mutual infor-

mation (MI) and the derived normalised mutual information (NMI) as a similarity

measure [Collignon et al. 1995, Viola and Wells 1995]. These information theoretic

measures are based on the statistics of intensity occurrences and not on the absolute

intensity values. Overviews over medical image registration using MI can be found

in [Pluim et al. 2003] and [Maes et al. 2003].

3.2 Methods

Based on the concepts of image registration, which were introduced in the previous

section, this section will discuss the registration method that was applied to extract

the non-rigid liver motion from 4D MR sequences. Subsequently, we will introduce

measures to quantify the resulting deformations.

3.2.1 Applied registration method

The 4DMRI method described in Chapter 2 reconstructs 4D sequences with high

contrast between blood vessels and the surrounding tissue. Since the MR images are

highly structured, the motion and deformation of the liver can be determined by

intensity-based registration. For this deformable registration we have chosen a well

established method developed in the former Computational Imaging Science Group

(CISG) at King’s College London1. The method uses a multi-resolution affine reg-

istration algorithm originally proposed by Studholme et al. (1997) in combination

with a non-rigid registration approach based on cubic B-splines described by Rueck-

ert et al. (1999). The B-splines are deformed by using a regular three-dimensional

grid of control points. The displacement of a given voxel is influenced by the next

1This group became part of the University College London (UCL),
http://www.medphys.ucl.ac.uk

http://www.medphys.ucl.ac.uk
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two control points in each direction. Each control point can be moved in three direc-

tions independently from the other control points and thus provides three degrees of

freedom. Depending on the control point resolution we typically obtain more than

a thousand degrees of freedom for a deformable registration. Similar algorithms

based on B-spline deformations were used in other works [Rohlfing et al. 2001,

Kybic and Unser 2003, Rohlfing et al. 2004]. In the applied method, a steepest gra-

dient descent optimisation [Press et al. 1992] with a gradually refined step size was

used to find the optimal control point displacements.

For the following examples we used an initial optimisation step size of 5 mm with 7

refinements yielding a final step size of 0.04 mm. A two stage multi-resolution op-

timisation was performed as described above. The correlation coefficient was used

as similarity measure and intermediate voxel intensities were determined by trilin-

ear interpolation. The control point resolution was 15 mm along each axis and no

additional smoothing of the deformation fields was performed. These settings were

determined experimentally such that visual inspection showed maximum misregis-

trations of one pixel.

A practical advantage of the chosen registration method was the available imple-

mentation as an open project2 [Hartkens et al. 2002, Hartkens 2003] that can be

easily adjusted to the user’s requirements. For example, a module for the evaluation

of the obtained transformations at specific locations and for saving the results in a

user defined format could be implemented in a straightforward way. The adaptation

of the software was simplified by the fact that the package is implemented based on

the free and widely used Visualisation Toolkit VTK3 [Schroeder et al. 1996].

3.2.2 Extraction of rigid patient motion

To study the intrafraction motion of the liver, the 4DMRI method described in

Sect. 2.2 was used to obtain 4D MR sequences of 13 volunteers without liver patholo-

gies (6 female, 7 male, average age 30, range 17-75) after written consent was ob-

tained. Some volunteers could be scanned a second or a third time after intervals of

a few weeks to a few months. In total, 4D data sets from 20 acquisition sessions were

obtained. During these sessions of roughly one hour, 9-12 blocks of approximately

3 min were acquired, which corresponded to 220-850 breathing cycles or 3000-7000

reconstructed volumes per volunteer.

Since the volunteers were not rigidly immobilised, the first step was to determine the

rigid motion with respect to the scanner table. This motion was estimated by rigid

2The VTK CISG Registration Toolkit was developed under the terms of the GNU General
Public License. The software is available at http://www.doc.ic.ac.uk/~dr/software/

3The Visualisation Toolkit VTK by kitware can be downloaded from
http://public.kitware.com/VTK/

http://www.doc.ic.ac.uk/~dr/software/
http://public.kitware.com/VTK/
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registration of the dorsal anatomy including the dorsal ribs and the spine where it

was contained in the acquired volumes. For each subject, the dorsal ribs and the

spine were manually segmented in one template volume Vspine as shown in Fig. 3.1.

The area that should be ignored for the calculation of the image similarity was

marked with an intensity value of 0.

(a) A P
I

S

(b) A P
R

L

(c)

S

I
R

L

A P

Figure 3.1: (a) Sagittal, (b) transversal, and (c) volume rendered view of the

manually segmented dorsal anatomy. Rigid registration of this template Vspine was

performed to determine the patient motion relative to the scanner table.

This template volume Vspine was then rigidly registered to each reconstructed volume

Vc,s, where c denotes the breathing cycle and s is the state or the time step within

this breathing cycle. The number of states per breathing cycle varied between 5

and 20 depending on the breathing speed and the temporal resolution of the data

set. The rigid registration was performed with the VTK CISG Registration Toolkit

described above. Mathematically, we want to find the parameters θc,s of a rigid

transformation, i.e. the extent of translation and rotation, such that Vspine becomes

as similar to Vc,s as possible.

Trigid(Vspine, θc,s) ≈ Vc,s (3.3)

3.2.3 Handling discontinuous motion

To determine the non-rigid motion of the liver during each breathing cycle, one vol-

ume per subject was selected as the template volume V0 and registered to all other

volumes of the same subject using the non-rigid registration method described in

Sect. 3.2.1. The registration of complete volumes with this spline-based method pro-

duces a smooth deformation field, which is generally not valid across organ bound-

aries. For example, the liver slides along the chest wall, where the motion field must

be discontinuous. Figure 3.2a illustrates the result of registering a complete vol-

ume. The smooth deformation field shows an unrealistically small motion in some

peripheral liver regions and large motion in the dorsal anatomy, which is actually

rather static. To avoid this, the liver was manually segmented in one volume Vliver
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per subject. Figure 3.3 shows the masked liver of subject 1, which is used as the

registration template Vliver.

(a) A P
I

S

(b) A P
I

S

Figure 3.2: (a) Exemplary deformation field with smoothing artefacts near the

liver boundaries (circles). (b) Deformation field resulting from registration of the

manually segmented liver.

(a) R L
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S

(b) A P
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(c) R L
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P

Figure 3.3: (a) Coronal, (b) sagittal, and (c) transversal slice through the manually

masked right liver lobe. This template volume Vliver is registered to all other volumes

of the same subject to determine the liver deformation.

Again, the masked voxels outside the liver were ignored during registration. Fig-

ure 3.2b shows the resulting deformation between the same respiratory states as

before, but with the masked liver Vliver as one of the two registered volumes. Bound-

ary artefacts are successfully avoided by allowing for arbitrary deformations outside

the liver. A drawback of this procedure is that the resulting motion field is only valid

within the liver. The same masking strategy was used by Rietzel and Chen (2006)

for the estimation of lung deformations.

An alternative to this separate registration of sliding tissue would be to apply a

transformation model that allows for sliding motion, for example a fluid model

(Sect. 3.1.1). However, transformation models that allow for discontinuous motion

typically require an additional regularisation. In this case the boundary problem
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persists in the sense that the regularisation has to be relaxed across the correct

boundaries, which might also require manual interaction.

3.2.4 Extraction of the non-rigid liver motion

The non-rigid liver deformation was determined by registering the segmented tem-

plate Vliver to all other volumes Vc,s of an acquisition session. Again, c is the cycle

number and s is the respiratory state or time step within this cycle. For each breath-

ing cycle we estimate in a first step the rigid transformation between Vliver and the

first volume in the cycle Vc,1. We denote the parameters of the rigid registration as

ϑc,1 and obtain

Trigid(Vliver, ϑc,1) = Ṽc,1 ≈ Vc,1. (3.4)

Starting from this rigid alignment, the additional non-rigid transformation is esti-

mated for each time step. We write this free-form deformation as

TFFD(Ṽc,1, ψc,s) ≈ Vc,s, (3.5)

where ψc,s are the parameters of the non-rigid registration that yields the best ap-

proximation of Vc,s.

To obtain the liver motion with respect to the dorsal anatomy, we remove the rigid

motion of the spine that we have determined earlier by applying the respective

inverse transformation T−1
rigid. If we recall that the parameters of the rigid spine

motion were θc,s, we can write a combined transformation

Ttotal(◦, ϑc,1, ψc,s, θc,s) = T−1
rigid(TFFD(Trigid(◦, ϑc,1), ψc,s), θc,s). (3.6)

The transformation Ttotal with the parameters ϑc,1, ψc,s, θc,s, which are determined

by registration, defines the three-dimensional trajectory of each point in the right

liver lobe over the acquisition session. For the quantitative analysis of the liver de-

formations, we consider Ttotal at discrete points within the right liver lobe. For this

purpose, the transformation was evaluated for a regularly spaced grid of 980-1750

points in each volunteer (10 mm isotropic resolution). Figure 3.4a shows the result-

ing 3D trajectories during one exemplary breathing cycle. For one point, Fig. 3.4b

illustrates the superior-inferior motion over the complete acquisition session and

Fig. 3.4c shows an enlarged view of the trajectory during one acquisition block. In

addition to an illustration of the data that are available for the following examina-

tions, the figure exhibits a drift of the considered point in superior direction, which

will be an important factor in the further analysis.
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Figure 3.4: (a) Trajectories of points on a regular grid during an exemplary breath-

ing cycle. Start and end points (exhalation) are marked with circles. (b) Superior-

inferior (SI) motion of the marked example point during a complete acquisition

session consisting of 10 acquisition blocks. (c) Enlarged view of the superior-inferior

trajectory during one acquisition block.

3.2.5 Validation

Methods for medical image registration are difficult to validate, because the ground

truth, i.e. the real transformation between the images, is mostly unknown. Whilst

for phantom images it might be possible to obtain a well defined gold standard

deformation, this is typically not the case for images of complex anatomical scenes

including imaging noise and motion artefacts. One possibility is to apply a known

transformation to one image and try to recover this transformation by using the

registration algorithm that should be evaluated [Andronache et al. 2008, Tanner et

al. 2007]. A disadvantage of this synthetic approach is that the generated images

are identical except for the applied transformation and even show the same noise

pattern. To reduce the influence of this correlated noise, artificial noise is added

to such synthetic images. Another issue is that the applied transformation may

be not completely realistic or even biased towards a certain transformation model.

The model that was used to generate a synthetic registration test case may or may
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not match the transformation model of the evaluated registration method, which

obviously has an impact on how accurately the transformation can be recovered.

A possibility to evaluate the plausibility of registration results is to use biomechanical

models. For the described spline-based registration algorithm such a validation was

performed by Schnabel et al. (2003), who used an FEM approach to assess the

plausibility of registrations between MR images of the breast. Another possibility

for validation is to manually identify corresponding structures in both images and to

determine their distance in the registered images. For the registration method that

we use here such an evaluation was performed with point landmarks in 4DCT of the

lung [Rietzel and Chen 2006] and with labelled MR images of the brain [Crum et

al. 2004b].

For most applications, careful visual inspection remains the most effective evalua-

tion. This method was chosen here because the liver is highly structured by blood

vessels, which are well visible with the chosen imaging protocol. In these structured

regions, visual assessment of difference images can clearly show whether the motion

was estimated accurately. In unstructured regions, however, where the deformation

is inferred from continuity assumptions, a visual verification is not possible. In the

liver images that were registered here, these homogeneous regions are typically small.

The largest distances between visible structures such as vessels or liver boundaries

are in the order of 2 cm.

A further check was to assess the resulting motion fields over complete breathing

cycles and verify the temporal continuity. This allowed for identifying single regis-

trations that converged to the wrong local optimum. These visual validations led to

the choice of the registration parameters that were detailed above. The remaining

misregistrations that could be identified by visual inspection were typically in the

order of one voxel or smaller.

3.2.6 Analysis of motion trajectories

This section describes the analysis of the motion during free breathing, which allows

identifying critical regions in the liver, where the extent of motion is higher or the

reproducibility of motion is lower than in other areas.

To quantify the respiratory motion, we introduce the following notation. xp(t) =

[xSI
p (t) xAP

p (t) xLR
p (t)]T is the three-dimensional trajectory of a point p over time t,

with SI, AP, and LR denoting the superior-inferior, anterior-posterior, and left-right

axis. The average superior-inferior trajectory over all NP points within the liver is

x̂SI(t) =
1

NP

NP∑
p=1

xSI
p (t). (3.7)
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We further define a breathing cycle c as the trajectory between two exhalation po-

sitions or local maxima of x̂SI(t). After a separation of the single cycles, the time of

maximum inhalation and maximum exhalation within each breathing cycle can be

determined as

tcinh = argmin
t
x̂SI(t) | t within cycle c , (3.8)

tcexh = argmax
t
x̂SI(t) | t within cycle c . (3.9)

With this notation we define the breathing magnitude in cycle c at point p as

mc
p = ‖xp(tcinh)− xp(tcexh)‖, (3.10)

where ‖‖ is the Euclidean distance. The average magnitude over the complete ac-

quisition session consisting of NC breathing cycles is then

mp =
1

NC

NC∑
c=1

mc
p, (3.11)

where the bar denotes a temporal average as opposed to the spatial average over the

liver, which was denoted by a hat. This allows us to describe the spatial variation

of the magnitude over all points p within the liver by the minimum, average, and

maximum values mmin, mavg, and mmax.

In addition to the breathing magnitude, we quantify the drift of each point over the

complete acquisition session. We therefore calculate the average exhalation position

within the first acquisition block of roughly 3 min and within the last acquisition

block. With the sets C1 and CB that contain the cycles in the first and in the last

acquisition block and the respective numbers of cycles |C1|, |CB| we write

xexh1
p =

1

|C1|
∑
c∈C1

xp(tcexh), xexhB
p =

1

|CB|
∑
c∈CB

xp(tcexh). (3.12)

We define the drift of a point p over the acquisition session as

dp = ‖xexhB
p − xexh1

p ‖. (3.13)

Again, we describe the spatial variation over all points within the liver by giving the

minimum, average, and maximum values dmin, davg, and dmax.

3.3 Results

3.3.1 Rigid patient motion

The first analysis in each 4D data set was to determine the motion of the volunteer

with respect to the scanner table. Table 3.1 gives the range of motion that was
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detected for all six degrees of freedom by rigid registration of the dorsal anatomy.

The range of observed translations was 0.3-4.3 mm in superior-inferior direction,

0.2-1.3 mm in anterior-posterior direction and 0.4-1.9 mm in left-right direction. Ro-

tations around the three axes ranged from 0.1◦ to 1.8◦. Although the volunteers were

not rigidly immobilised, the motion with respect to the table was mostly low. Only

subject 2 exhibited substantial shifts during the acquisition. This was confirmed by

visual inspection of the images, which showed a clear movement in inferior direction.

As described above, this rigid motion with respect to the table was retrospectively

removed from the non-rigid motion trajectories of all examined livers. In the follow-

ing, we will thus discuss the liver motion relative to the dorsal anatomy.

subject duration [min] translation [mm] rotation [◦]

Tsession tSI tAP tLR rtra rcor rsag

1 51 0.9 0.5 1.0 0.5 0.5 0.3

2 55 4.3 1.3 1.9 1.8 0.5 1.1

3 68 1.3 0.6 1.0 0.4 0.1 0.1

4 63 0.7 0.6 1.2 0.2 0.6 0.1

5a 57 0.7 0.8 0.6 0.6 0.3 0.2

5b 73 0.8 0.3 0.7 0.1 0.2 0.3

6a 75 2.3 1.0 1.8 1.3 0.7 0.9

6b 71 1.0 0.3 1.5 0.4 0.6 0.3

6c 52 1.0 0.7 1.0 0.3 0.5 0.2

7a 67 0.3 0.2 0.4 0.4 0.1 0.1

7b 61 0.5 0.6 0.8 0.9 0.1 0.3

8a 70 0.9 0.4 1.1 0.3 0.5 0.2

8b 76 2.4 0.6 1.5 0.4 0.3 0.1

9 64 1.8 0.5 1.2 0.4 0.8 0.3

10 75 0.7 0.3 1.1 0.2 0.5 0.2

11 70 1.1 0.4 0.9 0.1 0.5 0.2

12 40 0.9 0.3 0.7 0.6 0.2 0.3

13a 56 1.6 0.4 0.4 0.2 0.1 0.2

13b 38 0.6 0.2 0.7 0.3 0.3 0.1

13c 48 0.6 0.3 1.1 0.5 0.5 0.2

Table 3.1: Rigid motion of the volunteers during acquisition sessions of duration

Tsession. tSI, tAP, tLR denote the ranges of translation in superior-inferior, anterior-

posterior, and left-right direction, whereas rtra, rcor, rsag are the ranges of rotation

around the respective axes, i.e. in the transversal, coronal and sagittal plane. a,b,c

denote repeated acquisition sessions with the same subject.
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3.3.2 Respiratory liver deformation

This section shows exemplary deformation fields that were obtained with the de-

scribed methods in order to have a closer look at the motion trajectories. The next

section will then provide a quantitative analysis over all subjects. Figure 3.5 shows

the trajectories of selected points over two complete breathing cycles with differ-

ent breathing depths in subject 1. Such cycle-to-cycle variations of the breathing

magnitude were expected, because all images were acquired during uncoached free

breathing. Both deformation fields show the non-rigid motion of the liver, which is

mainly in superior-inferior direction. We also observe substantial left-right motion

in the lower part of the right liver lobe, where the tip of the liver lobe slides inwards

along the lateral chest wall during inhalation. To examine the deeper breathing cy-

cle (black trajectories) in more detail, we consider the enlarged views of two point

trajectories (Fig. 3.6). These trajectories show that the deformation of the liver is

different during inhalation and exhalation. A phase shift between the right and the

left trajectory can be observed. The right part of the liver lobe is pushed down later

than the left part during inhalation and it also lags behind during exhalation.
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Figure 3.5: Trajectories of selected points within the liver. Two example respiratory

cycles for deeper breathing (black) and shallower breathing (white). The start/end

points (exhalation) are marked with circles. The background shows the difference

between typical inhalation and exhalation volumes for orientation.

These first exemplary breathing cycles were acquired within the same acquisition

block. As a next step, we consider the respiratory motion over longer time scales.

Figure 3.7 shows two exemplary breathing cycles with similar breathing depths

that were acquired 25 minutes apart in subject 1. The lower part of the liver was

deformed due to intestinal activity, which locally changed the exhalation position by

more than one centimetre and slightly affected the shape of the motion trajectories.
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These changes occurred in addition to the cycle-to-cycle variability in amplitude

and speed. As defined in Sect. 3.2.6 we will quantify such intrafraction deformations

as local drifts of the exhalation position.

[mm]

[m
m

]

R

S

I

20 40 60 80 100

100

120

140

160

180

200

220

240

260

t0

t3

t6

t9

t0

t3

t6

t9

[mm]

[m
m

]

70 72 74 76 78

160
162
164
166
168
170
172
174
176
178
180

[mm]

[m
m

]

20 22 24 26 28

160
162
164
166
168
170
172
174
176
178

180 L LR

Figure 3.6: Enlarged views of two point trajectories. Each vector shows the defor-

mation between two reconstructed volumes. The positions t3 after 3 time steps and

t9 after 9 time steps point out the phase difference between the left and the right

trajectory.
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Figure 3.7: Two point trajectories with similar amplitudes in subject 1 before

(black) and after (white) a deformation of the liver due to intestinal activity.
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3.3.3 Intrafraction variability of liver motion

To quantify the intrafraction liver motion in each subject, we determined the cycle

durations, the magnitudes of breathing, and the drifts of the exhalation position.

These values are shown in Table 3.2 together with the duration of the acquisition

sessions Tsession. The standard deviations σ
T

show the considerable intrasubject vari-

ation of the cycle durations within the acquisition sessions. The respective average

cycle durations T demonstrate large intersubject variability and range from 2.8 s to

5.7 s. Also the magnitudes and drifts given in Table 3.2 exhibit large differences be-

tween the subjects. The average magnitude mavg over the liver ranges from 6.4 mm to

20.1 mm, and the average drift davg ranges from 1.6 mm to 7.1 mm. The quantitative

values of breathing magnitudes and cycle durations are in the same order as the val-

ues observed in other works on the quantification of liver motion [Davies et al. 1994,

Balter et al. 1996, Clifford et al. 2002, Rohlfing et al. 2004, Brandner et al. 2006].

The minimum, average, and maximum values of magnitudes and drifts in each sub-

ject indicate the very inhomogeneous distribution of both values over the right liver

lobe. To visualise these distributions, Figs. 3.8b,c show the direction of inhalation

and the isolines of the breathing magnitude on two example slices of subject 1.

The magnitudes are largest beneath the diaphragm and decrease in inferior direc-

tion. Qualitatively similar directions and spatial distributions of the magnitude were

observed in all 20 data sets.

The same method was used to visualise the direction and the spatial distribution

of the drifts (Figs. 3.8d,e). Interestingly, a typical deformation pattern could be

identified. In all subjects, the anterior inferior part of the liver exhibited the largest

drift and moved in superior direction. Possible sources of such drifts in the anterior

inferior part are peristalsis, muscle relaxation, or moving gases.

A possible reason for the superior direction of the drift is the change in the direction

of the gravitational force between standing and supine position. In a standing posi-

tion the gravitation restrains the motion in superior direction, which is not the case

in supine position. Since the volunteers had already been in supine position for at

least 15 min when the actual acquisition started, the observed drift is clearly not an

immediate consequence of the changed posture. However, the changed gravitational

force probably has an influence on the net drift in superior direction.

The most stable part of the right liver lobe was the posterior region, where the shape

of the liver is mainly defined by the diaphragm and the right kidney. This was the

location of the minimum drifts given in Table 3.2.
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Figure 3.8: Survey (a) indicates the position of the considered example slices in

subject 1. Isolines show the spatial distribution of magnitudes (b,c) and drifts (d,e).

Arrows depict the directions of inhalation (b,c) and drift (d,e). These typical direc-

tions and distributions were observed in all subjects.
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subject session [min] period [s] magnitude [mm] drift [mm]

Tsession T ± σ
T

mmin mavg mmax dmin davg dmax

1 51 5.7 ± 0.9 8.5 14.9 19.3 2.4 7.1 20.0

2 55 5.1 ± 1.4 4.7 7.5 11.8 0.1 3.6 9.7

3 68 3.2 ± 0.4 4.0 8.5 13.2 0.4 3.0 8.7

4 63 3.4 ± 0.8 3.7 6.5 9.2 2.3 6.3 16.0

5a 57 4.5 ± 0.8 4.0 8.9 11.7 1.7 5.3 10.4

5b 73 4.2 ± 0.6 3.8 7.3 10.2 0.3 1.6 4.0

6a 75 5.2 ± 1.1 7.7 16.6 22.8 1.6 4.0 5.7

6b 71 4.1 ± 0.8 7.0 12.2 16.5 1.3 6.9 15.6

6c 52 4.5 ± 0.9 5.2 12.2 16.7 0.3 1.7 2.9

7a 67 3.4 ± 0.5 5.2 7.6 9.7 0.4 3.1 7.5

7b 61 2.8 ± 0.5 3.4 6.4 8.6 0.6 2.8 6.7

8a 70 4.0 ± 1.0 3.0 9.5 15.0 0.1 5.5 12.1

8b 76 3.2 ± 0.8 3.5 7.5 12.8 0.3 5.1 11.6

9 64 3.3 ± 0.4 3.2 9.3 13.8 1.6 5.0 10.2

10 75 5.3 ± 1.0 13.1 20.1 28.1 0.9 2.4 5.0

11 70 3.0 ± 0.5 4.4 9.6 13.1 0.7 3.1 6.3

12 40 4.6 ± 1.3 4.7 10.8 15.3 0.4 4.3 9.5

13a 56 3.2 ± 0.4 5.0 8.7 11.8 0.9 2.5 13.6

13b 38 3.3 ± 0.5 5.8 8.8 11.9 0.1 1.6 4.8

13c 48 3.2 ± 0.4 4.8 8.1 10.3 0.6 2.2 3.6

Table 3.2: Breathing magnitudes and drifts over the complete sessions of duration

Tsession. The period of the breathing cycles is given as the average cycle duration

T and its standard deviation σ
T
. The minimum, average, and maximum values of

magnitude and drift indicate the inhomogeneous spatial distribution of both values

over the right liver lobe.

3.3.4 Interfraction variability of liver motion

For some volunteers, repeated 4D acquisitions were performed after intervals of a few

weeks up to a few months (a,b,c in Table 3.2). In subject 13, the cycle durations and

the breathing magnitudes were very similar in all three acquisitions, whereas in the

other subjects much more variability between the scanning sessions was observed.

Subject 6, for example, exhibited a mean cycle duration of 5.2 s and a maximum

magnitude of 22.8 mm in his first acquisition session (6a). In the second session (6b),

considerably faster and shallower breathing with a mean cycle duration of 4.1 s and

a maximum magnitude of 16.5 mm was observed. This interfraction variability of the
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breathing pattern, which is a major challenge in radiation therapy, was also found

in other works [Berbeco et al. 2006a, Shirato et al. 2006].

The observed drifts show an even larger variability between acquisition sessions.

Although the direction of the drift was very similar in all data sets, the extent of

drift varied strongly. As expected, the drift is not characteristic for a specific subject

and the intrasubject variability was in the same order as the intersubject variability.

These few measurements do not allow for a comprehensive analysis of interfraction

variability. However, they confirm that neither the quasi-periodic motion nor the

drift is constant for a certain subject. Because of the importance of interfraction

liver motion for patient positioning, careful further analysis in required.

3.4 Discussion and conclusions

The deformation of the liver during free breathing could be extracted from time

resolved MR volumes by non-rigid registration. Irregular breathing and drifts could

be quantified and examined in detail. The presented results demonstrate a large

spatial variability of both the breathing magnitude and the drift. Although the

extent of the breathing magnitude and the drift varied between subjects, typical

spatial distributions of magnitude and drift could be identified. The observed drifts,

which are largest in the anterior inferior part of the right liver lobe (Couinaud

segments IVb and V), are expected to impose problems for patient positioning and

targeting during treatment. In radiation therapy, the treatment in a region with

small breathing magnitude and drift, for example close to the right kidney, may

require smaller safety margins than irradiation close to the diaphragm, where the

breathing magnitude is typically high, or in the inferior tip of the liver, where large

drifts can occur.

For the described analysis, the rigid motion of the volunteers was retrospectively

removed from the data sets to study the motion of the liver separately from this

error source. In clinical practice, patient immobilisation is an important component

of the treatment, despite the increased use of image guidance for the verification of

patient positioning. A reliable immobilisation of the patient does not only prevent

purely rigid motion but also reduces non-rigid patient motion such as partial motion

of the spine. Such deformations are difficult to handle accurately, even with extensive

image guidance.

In the presented registration procedure we registered a template volume to all other

volumes of a subject. Within a breathing cycle, these registrations were performed se-

quentially and each registration result was used as an initialisation for the subsequent

registration. This allowed for faster convergence and was more robust compared to a

registration without adaptive initialisation. However, the actual optimisation of the
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deformation between two volumes was performed independently of the preceding or

the subsequent analysis. An extension of this scheme is to enforce temporally smooth

deformation trajectories, for example by restricting the possible deformations in each

step depending on the past motion. A more general approach is to build one large

optimisation problem and simultaneously register all volumes of a breathing cycle.

This allows for introducing temporal smoothness constraints in the problem formu-

lation, which are weighted against image similarity and the spatial smoothness of the

deformation fields in each step of the optimisation process. Perperidis et al. (2005b)

extended the described FFD method with a spline-based temporal transformation

model and applied this spatio-temporal registration to cardiac MR images. A similar

4D deformable registration was proposed by Shen et al. (2005). Such a simultaneous

spatio-temporal optimisation is more robust against misregistrations than a separate

registration between each pair of volumes. A drawback of this approach is that the

optimisation problem becomes much larger and can contain ten thousands of degrees

of freedom. A simpler way to achieve temporal consistency would be to retrospec-

tively smooth the motion trajectories. Such smoothed trajectories could be directly

used as an estimate of the real motion or as an input for a repeated registration of

each volume, which may converge to a more accurate local optimum than the first

registration without a temporally smooth initialisation.

The described methods were used to analyse the motion of healthy livers, which

showed the critical regions for respiratory gating, and the resulting systematic errors.

These findings can be applied directly to pathological cases under the assumption

that the presence of a tumour does not substantially change the extent of respiratory

motion or the drift in the liver. On the one hand, an increased mobility due to a

tumour is unlikely, because both drift and quasi-periodic motion are determined by

the surrounding anatomy. On the other hand, if the mobility of the liver is reduced,

then the observed deformations in healthy livers can be considered as worst case

estimates.

An important step in future research will be to analyse the interfraction variability

of respiratory motion in more detail. This can be done with the methods for imaging

and motion analysis that were presented here and will allow for an improved design

of treatment margins in radiation therapy. The remaining chapters of this thesis will

show the utilisation of the obtained motion data for evaluating gating procedures

(Chapter 4), for improved targeting by using statistical models (Chapter 5), and for

time resolved dose calculation (Chapter 6). Various other fields, such as conventional

radiotherapy or MR guided focused ultrasound may profit from improvements in

target localisation based on the described motion data. To support further research

in the field of organ motion, data obtained with the described methods are available

online4.

4http://www.vision.ethz.ch/4dmri

http://www.vision.ethz.ch/4dmri




4
Evaluation of External

Respiratory Gating

In Chapters 2 and 3 we described how to obtain realistic motion data of the right

liver lobe by 4DMRI and subsequent non-rigid registration. In this chapter we will

use the obtained motion data to evaluate different gating procedures. The basic

concepts of respiratory gating were introduced in Chapter 1. Here we will show

detailed gating experiments and discuss the resulting localisation accuracy.

4.1 Introduction

Current radiation therapy methods such as Intensity Modulated Radiotherapy

(IMRT) or Intensity Modulated Proton Therapy (IMPT) can produce highly con-

formal dose distributions. At the same time, these methods increasingly depend on

accurate tumour delineation and tumour localisation during treatment.

A common approach to handle respiratory motion during treatment is gating. As

introduced in Sect. 2.2.2, the aim of gating is to reduce the positional variation of

the target during beam-on time. As a result, this potentially allows for reducing the

required internal margins and for sparing healthy tissue. Usually external surrogates

such as the change in tidal lung volume measured by spirometry [Low et al. 2003]

or the displacement of the abdominal skin [Rietzel et al. 2005, George et al. 2006]

are used to derive the position of the target (Sect. 1.3.1). This raises the question,

how accurate the target localisation is in a certain gating scenario. The aim of the

following simulations was to assess this accuracy and to quantify the residual motion

for different gating signals, different duty cycles, and different intervals between

patient positioning and irradiation.

Numerous authors have studied the residual motion in gated treatment over short

periods of 30 s to 3 min [Mageras et al. 2001, Ford et al. 2002, Wagman et al. 2003,

Hoisak et al. 2004, Koch et al. 2004, Gierga et al. 2004, Berbeco et al. 2005b].
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Within these short intervals, mostly high correlations between the motion of in-

ternal structures and the motion of external surrogates were observed, whereas for

interfraction motion a low reproducibility was found in some cases [Ford et al. 2002,

Wagman et al. 2003, Hoisak et al. 2006]. Here we assess the reproducibility of res-

piratory motion over tens of minutes. This closes the gap between the short-term

analysis of a few regular cycles, which is possible with 4DCT [Ford et al. 2003,

Pan et al. 2004, Keall et al. 2004] or fluoroscopy [Mageras et al. 2001, Gierga et al.

2005, Hugo et al. 2006] and the long-term analysis of interfraction motion, which is

considered in image-guided patient positioning.

In principle, we have to consider the following error sources that may cause a devi-

ation of a point within the liver from its expected position.

1. Setup error: For an ideal patient setup at the beginning of a fraction, the liver has

to be in exactly the same state and position as during treatment planning. Here we

do not consider the misalignment between planning and treatment, but assume that

the expected position of a point is determined as its average exhalation position at

the beginning of a fraction. This corresponds to an ideal patient setup with the liver

in exhalation position.

2. Patient motion: Within a fraction, the patient may move relative to the table.

This motion can be reduced by using immobilisation devices. In this study, we

retrospectively compensated for the rigid patient motion as detailed in Sect. 3.2.2 in

order to separately analyse the motion of the liver.

3. Respiratory motion: The respiratory motion is the quasi-periodic motion between

inhalation and exhalation. Characteristics such as the exact exhalation position, the

breathing depth, the speed, or the shape of the motion trajectories may vary across

cycles. The localisation errors due to this variability are assessed in this work.

4. Intrafraction drift of the exhalation position: In addition to the actual respiratory

motion, the position and the shape of the liver may change within a fraction and

deteriorate the reproducibility of breathing. As we have seen in Sect. 3.3.3, the extent

of this drift varies largely over the liver. Our analysis will be performed for a dense

grid of points in the liver in order to take such local drifts into account.

5. Cardiac motion: The beating heart and the resulting pulsatile blood flow can lead

to further deformation of the liver. However, this motion is out of the scope of this

thesis and is considered as a random influence on the motion data.

The described localisation errors were determined for different scenarios of gated

treatment using data from 12 volunteers. Chapter 3 showed how the motion trajec-

tories were extracted for a grid of 980-1750 points per subject. For volunteers with

repeated acquisition sessions, only the first data sets (5a,6a,7a,8a) were available at

the time of this analysis.
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4.2 Simulation of phase gating

In Sect. 1.3.3 we have introduced the principles of gating, where the beam is switched

on whenever the displacement or the phase of a certain respiratory signal is within

a predefined window. Here, we simulate phase gating, because it is independent of

the baseline drift. We then separately analyse the drift of the respiratory signals to

discuss the potential of displacement gating.

In the following phase gating experiments, the beam is switched on whenever the

phase φ is within the gating window [φmin, φmax]. To obtain gating signals, six

regions on the diaphragm and on the anterior skin were tracked throughout the

reconstructed MR sequences (Fig. 4.1). Tracking these regions was performed by

template matching with cross correlation as the similarity measure. This yielded

one-dimensional curves of superior-inferior (diaphragm) or anterior-posterior mo-

tion (skin) as illustrated in Fig. 4.2.

gskin
1

gskin
2

gskin
3

gdia
1

gdia
2 g3

dia

I
A P

S

Figure 4.1: Six gating signals were determined by tracking the marked regions in

superior-inferior (diaphragm) or in anterior-posterior direction (skin).

The phase thresholds φmin and φmax were determined during a so-called setup block

(Fig. 4.2). The phase of the respiratory signal was defined as 0◦ at exhalation and

180◦ at inhalation. By exhaustive search, φmin and φmax were chosen such that (i) the

gating window covered a predefined percentage of the motion trajectory and (ii) the

variation of the gating signal within this range of phases was minimal. Although the

determined values of φmin and φmax vary between data sets, this method placed the

gating window around exhalation in all experiments. Exhalation is the most repro-

ducible position and allows for the most compact localisation as already observed

in other works [Balter et al. 1998, Vedam et al. 2001].
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Figure 4.2: Trajectories of the point with maximum drift p dmax and of six gating

signals over the entire acquisition session of subject 1. An exemplary setup block is

marked, during which the expected position of each point was determined. Gated

treatment was then simulated during a treatment block (enlarged on the right),

after a maximum interval dt. Horizontal lines mark the exhalation position at the

beginning of the acquisition.

To assess the gating accuracy, we first calculated the expected position of each

point during the setup block and then simulated gated treatment during a so-called

treatment block (Fig. 4.2). To determine the expected position, we introduce the set

Tsetup, which contains all times t where xp(t) was measured during the setup block.

From this set, the time steps T g
setup are selected by phase gating. The expected

position of each point p is then determined as its mean position within the gating

window

xsetup
p =

1

|T g
setup|

∑
t∈T g

setup

xp(t). (4.1)

The deviation of a point from its expected position is

εp(t) = ‖xp(t)− xsetup
p ‖, (4.2)

and the mean localisation error during gated treatment can be written as

ε̄p =
1

|T g
treat|

∑
t∈T g

treat

‖xp(t)− xsetup
p ‖. (4.3)
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In addition to this average deviation from the setup position, the 10 and 90 per-

centiles of the deviation were determined to show the variation within the gating

window.

4.3 Evaluated gating scenarios

To compare different gating scenarios, the following parameters were varied.

1. Gating signal: The six gating signals described above (Figs. 4.1, 4.2) were com-

pared. In addition to phase gating based on these signals, their drift was separately

documented to assess the possibilities of alternative displacement gating.

2. Duty cycle: The duty cycle, which defines the percentage of beam-on time, was

varied to change the size of the gating window. The phase thresholds φmin and φmax

were adapted accordingly.

3. Interval between patient setup and treatment: The maximum time dt between the

setup and the treatment block (Fig. 4.2), was set to 10, 20, or 30 min. Note that

the large amount of data per volunteer allowed for different experiments with a

given time dt between patient setup and treatment, depending on which block was

selected as the setup block. In the following, we will show for each volunteer the

experiments that yielded the largest deviation from the setup position in order to

assess the limitations of gating.

To be consistent between patient setup and treatment, these parameters were changed

for both the determination of the expected position and the simulated treatment.

4.4 Results

4.4.1 Gating signals

In the first analysis, the six different gating signals illustrated in Fig. 4.2 were com-

pared for each volunteer. Table 4.1 shows the drift d and the breathing magnitude

m as defined in Sect. 3.2.6 for p dmax, which is the point with maximum drift in the

anterior inferior part of the liver. Additionally, the drift and the breathing mag-

nitude of the gating signals gdia
2 and gskin

3 are given. The remaining gating signals

were qualitatively similar and were omitted for brevity. As shown in Fig. 4.2, the

diaphragm in subject 1 drifted in the same direction as the considered point p dmax.

Over the 12 data sets, however, the direction and the extent of the drift in the

gating signals varied. Neither the direction of the internal drift in the inferior liver
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area nor its extent could be reliably derived from the considered gating signals. This

was one reason for simulating phase gating, which shows the localisation accuracy

independent of the drift in the gating signals.

The results of simulated phase gating are given in Fig. 4.3. The figure shows the

deviations from the setup position for subject 1, 30% duty cycle and 20 min between

setup and treatment. The average deviation from the setup position and the variation

within the gating window are given for the point with largest drift and as an average

over all points within the right liver lobe. The results show only small differences

between the gating signals in both systematic deviation and variation within the

gating window, because all six gating signals can detect when the liver is near the

rather reproducible exhalation position. The same experiment was performed for all

12 subjects and produced similar results with only small differences between the

compared signals.

subject point p dmax + = sup signal gdia
2 + = sup signal gskin

3 + = post
mSI

[mm]
dSI

[mm]
dSI

mSI

mSI

[mm]
dSI

[mm]
dSI

mSI

mAP

[mm]
dAP

[mm]
dAP

mAP

1 9.9 15.1 1.5 17.5 3.6 0.2 3.4 -2.8 -0.8

2 4.8 5.4 1.1 9.2 0.6 0.1 3.3 1.7 0.5

3 6.1 7.4 1.2 9.4 -0.7 -0.1 2.0 1.1 0.5

4 3.6 15.3 4.2 7.3 2.4 0.3 1.6 0.1 0.0

5a 6.6 9.2 1.4 10.2 3.0 0.3 4.1 -0.6 -0.1

6a 16.3 5.2 0.3 19.5 1.6 0.1 4.9 3.7 0.8

7a 5.3 6.8 1.3 8.5 1.1 0.1 3.0 1.6 0.5

8a 4.9 10.2 2.1 10.8 -0.6 -0.1 1.9 1.9 1.0

9 3.8 9.3 2.4 10.5 2.4 0.2 3.1 0.2 0.1

10 16.6 5.0 0.3 22.4 1.2 0.1 9.7 0.9 0.1

11 5.4 6.1 1.1 11.4 2.6 0.2 2.5 0.6 0.2

12 8.7 3.9 0.4 12.6 -2.4 -0.2 2.3 -0.0 -0.0

Table 4.1: Magnitude m and drift d of the point with maximum drift p dmax,

which is located in the anterior inferior part of the liver, and of two gating sig-

nals (Figs. 4.1, 4.2). For comparison between subjects, the drifts are normalised to

the magnitudes of motion. Positive drifts are in exhalation direction.
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Figure 4.3: Accuracy of simulated phase gating (subject 1, 30% duty cycle, 20 min

between setup and treatment). The Euclidean deviation of the treatment position

from the setup position is given as an average over all points within the liver (•) and

for the point with largest deviation from the setup position (�). Error bars show the

variation within the gating window.

4.4.2 Duty cycles

In the second series of experiments, the influence of the duty cycle was evaluated

by setting it to 60%, 40%, or 20%, whilst the other parameters were kept constant

(gating signal gdia
2 , 30 min between patient setup und treatment). Figure 4.4 shows

the resulting deviations from the setup position in each subject. We first consider

the lower curves (•), which show the average deviation from the setup position

over all considered points in the liver. A smaller gating window typically leads to

a smaller range of deviations. Already a duty cycle of 40% shows a very compact

distribution with 2 mm between the 10 and the 90 percentile deviation in the worst

case (subject 4, lower curve). This compact distribution within a treatment block of

3 min confirms the findings of other groups [Balter et al. 1998, Vedam et al. 2001],

that the short-time reproducibility of exhalation is very high. Gating is very effective

around exhalation, because there the motion is typically small during a large portion

of the breathing cycle. However, all subjects show systematic deviations due to drifts,

which are larger than the variation within the gating window. The average deviation

from the setup position is in the order of 4-5 mm in five subjects (1,4,8,9,12).
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Figure 4.4: Euclidean deviation of the treatment position from the setup position

for different duty cycles (gating signal gdia
2 , 30 min between setup and treatment).

Error bars around the average deviations show the 10 and 90 percentile deviations.

The upper curves in Fig. 4.4 (�) show the deviations from the setup position for

the points with the largest drift. These large drifts, which are observed in the ante-

rior inferior part of the liver, led to systematic deviations up to 16 mm. Depending

on the drift, a lower duty cycle may even slightly increase the average deviation

from the setup position (subjects 2,6,7,8, upper curve), because the low duty cycle

produces a more compact localisation around a systematically deviating position.

To illustrate this, Fig. 4.5 shows a typical situation, in which the systematic drift

is the predominant component of the positional uncertainty. When the duty cycle

is reduced from 100% to 30%, the distribution within the gating window becomes

more compact, but the systematic deviation from the setup position is not reduced.

−4 −2 0 2 4 6 8 10 12 14 16 18
−6
−4
−2

0
2
4
6
8

10
12
14
16
18

AP position [mm]

S
I p

os
iti

on
 [m

m
]

100% duty cycle

 30% duty cycle

average positions

treatment

setup

drift over
30 min    

Figure 4.5: Distribution of one example point in subject 4. Ideal gating with 100%

and 30% duty cycle shows how the deviation between the setup and the treatment

position is mainly determined by the drift.
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4.4.3 Interval between setup and treatment

With the third set of experiments we evaluated the influence of the interval be-

tween patient setup and treatment. Intervals of 10, 20, and 30 min were compared.

Figure 4.6 shows the resulting deviations from the setup position for all subjects.

Within 10 min the average deviations over the right liver lobe (•) are below 3 mm

for all subjects. Although the deviations clearly increase for longer intervals, the av-

erage deviation of the liver from the setup position stays below 5 mm for all subjects

even after 30 min, which still allows for effective gating. However, in some regions

drifts led to larger deviations, particularly in the anterior inferior part of the right

liver lobe. These largest deviations are separately shown for each data set (�). The

average localisation errors in these points are larger than 5 mm in 3 of 12 subjects

for 10 min between setup and treatment, in 7 subjects for 20 min and in 11 subjects

for 30 min. In subject 1, the average deviation of the point with largest drift ranges

up to 16.4 mm due to a combination of large drift, a large magnitude of motion, and

irregular breathing.
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Figure 4.6: Euclidean deviation of the treatment position from the setup position

for different intervals dt between setup and treatment. Error bars around the average

deviations show the 10 and 90 percentiles to illustrate the variation within the gating

window (gating signal gdia
2 , 30% duty cycle).

4.5 Discussion

In the considered gating scenarios we varied three parameters to assess their influ-

ence on the accuracy of gating: the duty cycle, the gating signal, and the interval

between patient setup and treatment. In practice, the duty cycle is either given by
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the maximum allowed prolongation of a fraction or it is estimated such that it allows

for a certain maximum extent of target motion. We have demonstrated that if the

systematic deviations are large compared to the variation within the gating window,

then a reduction of the duty cycle has only a limited influence on the targeting accu-

racy. Therefore, a smaller duty cycle cannot guarantee a better absolute localisation

of the target. Moreover, a small gating window prolongs the treatment session and

thus increases the probability of systematic errors due to drift.

With the six compared gating signals, phase gating produced very similar results,

because all signals could reliably detect the exhalation phase. A further step will

be to apply clinically used gating signals such as spirometry measurements. This

could show potential degradations, for example due to the limited accuracy of the

measurements or due to phase shifts that have been observed in some gating sys-

tems [Tsunashima et al. 2004].

A further variation of the gating approach would be to use displacement gating in-

stead of phase gating. With displacement gating, the treatment beam is switched

on whenever the displacement of a gating signal is within predefined thresholds

(Sect. 1.3.3). The main reason why displacement gating is often used in clinical

practice is the simple implementation, which only requires the comparison of the

gating signal against two thresholds. Phase gating additionally needs a robust de-

termination of the phase in real-time. We implemented phase gating here to show the

systematic errors due to the drift of the liver independent of the drift of the gating

signal. If the drift of the gating signal reliably predicts the drift of the target, then

displacement gating has the advantage that this drift is correctly handled, whereas it

is ignored with phase gating [Vedam et al. 2001, Jiang 2006]. For example, if the sig-

nal and the target both drift in exhalation direction, then less time steps fall within

the thresholds of displacement gating and the effective duty cycle is appropriately

reduced. However, if the drift of the gating signal is not correlated with the drift of

the target or if their relationship is unknown, then displacement gating is question-

able. In our analysis we showed that the inferior part of the liver always drifted in

superior direction, whereas the gating signals drifted in either direction depending

on the data set. Additionally, with strict displacement gating the signal would of-

ten drift completely out of the gating window. The accuracy of the gating method

then mainly depends on the policy to adjust the gating window [George et al. 2006,

Shirato et al. 2006]. In the extreme case where the drift is ignored and the displace-

ment thresholds are adjusted to the drifting signal, the method becomes similar to

phase gating. Such a hybrid gating might be an alternative to the demonstrated

phase gating because it is easier to implement and produced almost identical results

in our experiments.

The presented results demonstrate how drifts can deteriorate the reproducibility of

respiratory motion within minutes. Consequently, a correlation between the liver

motion and the motion of an external surrogate that was determined during patient
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positioning may become unreliable during a treatment session. Therefore, the inter-

val between patient setup and treatment has a large influence on gating accuracy.

For short fractions of 4 min, Hoisak et al. (2006) did not observe improvements in

the localisation accuracy with repeated re-correlations during the fractions. How-

ever, for liver targets and fractions of more than 10 min, the results presented here

show a clear benefit of a re-correlation between surrogate and target, particularly

for targets in the anterior inferior part of the right liver lobe (Couinaud segments

IVb and V). In practice, we expect that the same regions are subject to large inter-

fraction motion and are challenging for absolute localisation during patient setup,

which was assumed to be ideal here.

4.6 Conclusions

The evaluation of various gating scenarios for 12 volunteers showed that within a few

minutes effective gating around exhalation with small localisation errors is possible,

even with simple gating signals. However, deformations of the liver due to drifts can

deteriorate the reproducibility of motion and cause a systematic deviation from the

setup position. This leads to the following recommendations.

(i) Measurements over a few breathing cycles should not be used as a proof for

accurate reproducibility of motion, not even within the same fraction, if it is

longer than a few minutes.

(ii) The ability of a gating method to detect the exhalation phase, which is typi-

cally very reproducible within a few minutes, should not be confused with the

capability to absolutely localise a target over longer periods.

(iii) Although the diaphragm shows the largest magnitude of motion, it should

not be used to assess the gating accuracy over the entire liver, because the

reproducibility of motion is typically much more limited in inferior parts.

(iv) In cases where a surrogate for target motion is used, a re-correlation of the

surrogate and the target at least every 10 min is recommended.

These points are particularly important for the critical anterior inferior part of the

right liver lobe (Couinaud segments IVb and V), where the largest drifts were ob-

served. As also found in a recent study on gated treatment of lung targets [Nelson

et al. 2007], all error sources have to be carefully considered before reducing the

internal margins.





5
Statistical Modelling

In Chapter 3 we have quantified the respiratory motion and the intrafraction drift

of the liver in a number of subjects. In clinical practice it is not possible to ac-

quire this kind of detailed motion data for every patient due to the long acquisition

times. In this chapter, we therefore examine how the observations from a number of

subjects can be used as prior knowledge for new, unseen subjects. We statistically

analyse the observed motion in order to systematically identify the typical modes

of liver deformation and bring the observed data into a form that can be used as

prior knowledge in a variety of applications such as image segmentation or targeting

in radiation therapy. Specifically, the aim is to answer the question, whether the

intrafraction drift of the liver can be learnt from a study population and be used

to determine the drift of an unseen liver from a few measurements. This could be

directly applied in radiation therapy, where a target that is not directly observable

could be localised based on a few patient-specific measurements such as main vessels

observed with ultrasound imaging.

5.1 Introduction and theory

In this introductory section, the main concepts of statistical modelling will be intro-

duced. Then we will shortly recall the data acquisition process, introduce a scheme

for establishing correspondence between different livers, and present three models

that capture different aspects of variation in the liver shape.

5.1.1 Statistical modelling of shape variation

There are different approaches to model shape variation. In this work we consider

statistical modelling. The goal of statistical modelling is to describe the likelihood

of different shapes. Statistical analysis of the data is performed to find a possibly

concise description of the shape variation, typically by describing the main types or
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modes of variation in the data. This phenomenological approach, which statistically

explains the observed variations, is in contrast to other approaches such as biome-

chanical models, which describe the underlying physical properties and simulate

tissue behaviour. For instance, Jaillet et al. (2004) described particle based organ

models of the prostate and the lung for tracking in radiotherapy. Another class of

biomechanical models is based on the finite element method (FEM). An FEM ap-

proach was used by Brock et al. (2005) to build a multi-organ model including the

liver for deformable image registration. Such biomechanical models only make sense

for describing intrasubject shape variation, because anatomical differences between

subjects cannot be described solely by biomechanical principles. In contrast, statisti-

cal models can, in principle, describe complex shape variations without knowing the

exact underlying physical mechanisms and therefore they offer a large flexibility. On

the other hand, to be compact and easily tractable, statistical models also require

some assumptions, for example about the distributions of the underlying stochastic

processes.

Statistical models of anatomical shapes have been extensively used in the last fifteen

years, for instance the Active Shape Models (ASM) by Cootes et al. (1995). Segmen-

tation is by far the most frequent application of statistical models [Staib and Duncan

1992, Cootes et al. 1995, Kelemen et al. 1999, Quicken 2000, Davies et al. 2003]. Ex-

amples for liver segmentation from CT images based on statistical models are [Boes

et al. 1995, Lamecker et al. 2004, Heimann et al. 2006]. Ruff et al. (1999) used a

model of the fetal liver to estimate the volume from sparse ultrasound data. Black-

all et al. (2005) proposed a subject-specific model of the respiratory liver motion

for intraoperative registration between planning MR volumes and online ultrasound

images. In the context of radiotherapy, Xu et al. (2007) used an ASM for tracking

the contours of deformable tumours in fluoroscopic image sequences. In this thesis

we will discuss three types of shape models:

Type I: Subject-specific models of shape variation

The intrasubject variation of organ shape within a fraction can result from the actual

respiration or from baseline drifts. In Sect. 5.3, we will show an exemplary model of

the full intrafraction motion including drift and respiration, and separate models of

the two components.

Type II: Population-based model of anatomical shape variation

This type of model captures the intersubject variability of the liver shape. In Sect. 5.5,

we will use such a model to describe the anatomical variation of the right liver lobe

over a number of subjects.

Type III: Population-based model of dynamic shape variation

This model describes the dynamic shape changes over time. Population-based refers

to the fact that the model is trained from a number of individuals and is therefore not

subject-specific. In Sect. 5.6, we will show a population-based model of intrafraction
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drift. The underlying assumption is that the behaviour, in this case the drift of the

liver, is independent of the specific anatomy. A more complex option would be to

model the behaviour dependent on the anatomy. For example, Kalberer et al. (2003)

described a scheme for face animation, in which the motion of a new face depends on

its anatomical similarity to the training faces. However, based on the observations

for the liver in Chapter 3 we assume that the drift of all livers can be expressed in

a single model and anatomy dependence is not necessary.

Shape parameterisation

Before we can statistically analyse organ shapes, we have to describe them in a

mathematically tractable way with a finite number of parameters. A variety of dif-

ferent shape descriptions, such as Fourier descriptors [Staib and Duncan 1992] or

spherical harmonics [Brechbühler et al. 1995], can be used for surface parameter-

isation. A straightforward approach is to simply use the coordinates of a number

of points of the described organ. Different shapes are then described by the actual

position of these points. This is called Point Distribution Model (PDM) [Cootes et

al. 1995] and has been used for numerous medical applications. As long as a shape

is defined by a finite number of parameters, it can be described by a shape vector

x. In case of a PDM with NP points, which we will use in the following, x contains

three coordinates for each point p:

x = [x1 y1 z1 ... xp yp zp ... xNP
yNP

zNP
]T . (5.1)

5.1.2 Principal component analysis

Once we have a number of shape observations x, we want to identify a model that

explains them. Principal component analysis (PCA) is a standard method for such

a multivariate analysis based on second-order statistics [Comon 1994, Shlens 2005].

PCA is also known as proper orthogonal decomposition (POD) in process con-

trol [Bleris and Kothare 2005] and as Karhunen-Loève transform (KLT) in image

processing.

The goal of PCA is to decompose the variation of x into so-called principal compo-

nents that are uncorrelated. Each observation xi is described as a linear combination

of the basis vectors uk

xi = x + [u1 ...uNK
]

 b1
...

bNK


i

, (5.2)

xi = x + U · bi , (5.3)
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where x is the average shape vector, U is an orthonormal basis and bi are the

coefficients, with which the basis vectors are linearly combined to obtain the ob-

servations. U is determined such that the basis vectors are uncorrelated and the

variance is described by as few basis vectors as possible. It is a standard result from

linear algebra that this decomposition into orthogonal basis vectors can be obtained

from an eigenanalysis of the covariance matrix C of all NI shape instances

C =
1

NI − 1
[∆x1 · · ·∆xNI

][∆x1 · · ·∆xNI
]T , (5.4)

whereby ∆xi = xi − x are the observed shapes after removing the mean. The

resulting eigensystem is

C = UΛUT . (5.5)

The columns of U are the searched eigenvectors and the diagonal matrix Λ =

diag(λ1, ...λNK
) contains the respective eigenvalues in decreasing order. These eigen-

values give the variance along the principal components, i.e. the variance of the

coefficients bk, which are the projections of ∆x onto the basis vectors uk. We denote

the standard deviation of bk as σk =
√
λk.

The number of components with non-zero eigenvalues N∅
K is given by the rank of

C. Of course, the linear space defined by the data cannot be larger than either the

number of samples minus one, or the number of coordinates. Therefore,

N∅
K = rank(C) ≤ min(NI − 1, 3NP). (5.6)

In shape analysis, the main variation in the data can often be explained by the first

few principal components. The remaining components with small σk are consid-

ered as noise and are neglected. This allows for a compact description of the shape

variation.

As mentioned above, PCA considers the second-order statistics of the observed data

and provides a linear decomposition into components that are uncorrelated. Only

for multivariate normal distributions this implies independence. However, also for

other distributions, PCA finds the principal components with maximum variance

and often provides a useful and compact description of the data.

5.1.3 Shape prediction from sparse measurements

In the context of targeting in radiation therapy, we will use a statistical model to infer

a complete organ deformation from sparse measurements. The goal is to determine

the full shape vector x from partial information, which is in the simplest case some

known elements of x. The statistical model should provide the most probable shape x̌
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that complies with both the measurements and the prior knowledge obtained from

the training data, i.e. our statistical model.

Shape prediction from sparse measurements can be a complex problem, depending

on the parameterisation, the shape statistics, and on the available predictors. Here

we discuss the special case where we have a PDM with an underlying multivariate

normal distribution. To quantify the likelihood of a certain shape, we first look at a

single variable b1, which describes the projection onto the first principal component.

Under the assumption of a normal distribution with a standard deviation of σ1 and

zero mean, the probability density function of b1 is

P (b1) =
1

σ1

√
2π
e
− b21

2σ2
1 . (5.7)

A useful property of the multivariate normal distribution is that uncorrelatedness

implies independence. Thus, if our bk are uncorrelated, then their joint probability

density function is

P (b1, ..., bNK
) =

1

(
√

2π)NK

NK∏
k=1

1

σk

e
− b2k

2σ2
k . (5.8)

If we only want to compare the likelihood of different shapes with each other, then

we can just as well consider the logarithm of the probability density function. With

the coefficients b that describe the shape and a constant c we can write

ln(P (x)) = ln(P (b1, ..., bNK
)) = −1

2

NK∑
k=1

b2
k

σ2
k

+ c. (5.9)

We see that each component is normalised with the respective standard deviation

because variations along components with smaller standard deviations are less likely.

With the same normalisation we can define the so-called Mahalanobis distance as

δM(x) =

√√√√ NK∑
k=1

b2
k

σ2
k

. (5.10)

This measure closely resembles the log likelihood that we have found before. A larger

Mahalanobis distance from the mean, which is assumed as zero, implies that a shape

is less likely.

If we now assume that some components of x are known, then the most likely shape

x̌ is the one which complies with these measurements and has minimal Mahalanobis

distance from the mean shape. There are various ways to solve this optimisation
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problem. In the following, we adopt the formulation by Hug et al. (2000). Based on

the submatrix Up, which contains only those rows of U that correspond to point p,

we can calculate basis vectors rxp , ryp , rzp that cause a unit translation of p and have

minimal Mahalanobis length [Hug et al. 2000].

Rp =
[
rxp ryp rzp

]
= ΛUT

p

(
UpΛUT

p

)−1
(5.11)

With these basis vectors and the known point displacements [∆xp ∆yp ∆zp]T , the

most likely instance x̌ is determined as

x̌ = x + URp

 ∆xp

∆yp

∆zp

 . (5.12)

An alternative formulation of this optimisation problem was described by Blanz and

Vetter (2002) for face reconstruction from sparse measurements. To avoid overfit-

ting, they introduced a weighting factor that describes the measurement uncertainty

and trades-off measurements against prior knowledge. A low confidence in the mea-

surements leads to a prediction close to the mean shape.

Rajamani et al. (2007) applied a similar optimisation to bone model morphing in

order to fit sparse digitised landmarks. They introduced a weighting between the

measurements and the model based on the number of training shapes and the num-

ber of measurements. Additional weights prevent a large influence of measurement

outliers. In the special case that we consider here, where some elements of x can be

directly and accurately observed, all three formulations are equivalent.

Selection of suitable predictors

Having such a prediction scheme at hand, the question arises, which points are best

suited to predict the unknown parts of a shape, i.e. which points should we measure if

we can only perform sparse measurements. We want to find these optimal predictors

based on the given training data. A possible goal for the selection of predictors is

to determine the overall shape such that there is as little remaining variance as

possible. If we assume that any point of the shape could be used as a predictor,

we would choose the point popt that reduces the variance of the model as much as

possible. The basis vectors Rp can be used to remove the variance of point p from the

statistical model by subtracting Rp, weighted by the example-specific displacements

[∆xp ∆yp ∆zp]Ti from the coefficients bi of each shape instance xi [Hug et al. 2000].

b̌i = bi −Rp

 ∆xp

∆yp

∆zp


i

= bi −RpUpbi, ∀i ∈ {1, ..., NI}. (5.13)
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To determine by how much the knowledge of point p has reduced the variability

of the model, the variance of the coefficients b̌i after model reduction is compared

to the variance of bi. A straightforward approach to find the point with maximum

reduction potential popt amongst a number of discrete points is to simply apply

Eq. (5.13) to all points in a brute force manner.

If multiple measurements are possible, the same concept of variance reduction can

be applied iteratively [Hug et al. 2000]. Once a first optimal predictor is chosen

at a fixed location, the variance at this point can be removed from the model as

detailed above. After that, each potential second predictor can be tested for its

predictive power given the reduced model. This leads to a progressive elimination

of the variation.

If we know a priori that multiple measurements or predictors are possible, then

this iterative scheme does not necessarily yield the optimal predictor locations. Our

experiments have shown that a single optimal predictor was always placed near the

centre of the liver. However, if we could directly choose two predictors, they would

be placed at diametrically opposed positions. Choosing a single optimal predictor

first and then adding another predictor under the assumption that the first point is

fixed did not yield the optimal predictors. A better approach was to directly assume

that six elements (2 × 3 coordinates) of the shape vector can be measured. In this

case, the variance reduction according to Eq. (5.13) is unchanged except from the

larger number of given variables.

An exhaustive search over all possible tuples of predictors is computationally expen-

sive, especially if we are looking for optimal triples, quadruples, etc. of predictors. In

this thesis, we have chosen the straightforward exhaustive search for simplicity, even

to find triples of predictors, which led to long computation times of up to one day

on a current PC. But since the deformations are spatially smooth over the liver, also

the reduction potential is spatially smooth. This would allow for a heuristic search

or a multi-resolution approach to find the optimal combinations of predictors more

quickly. Note that this determination of optimal predictors according to the model

has to be performed only once for a specific application.

Although we will only consider predictors that directly correspond to an element

of the shape vector, we want to refer to some extensions in related work. Blanz

and Vetter (2002) formulated the shape prediction problem with predictors that

may be arbitrary linear combinations of the shape parameters. Sierra et al. (2005,

2006) proposed a method that allows for non-linear predictors such as the Euclidean

distance between landmarks. They solve a non-linear optimisation problem to find

the shape instance that complies with the predictors whilst achieving a minimal

Mahalanobis distance from the mean shape.
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5.1.4 Independent component analysis

Another standard method in multivariate signal analysis is independent component

analysis (ICA). The aim of ICA is to explain the observed shape instances xi as

a linear combination of NS statistically independent basis signals sk. Again, we

consider the zero-mean data ∆xi and we write

[∆x1 · · ·∆xNI
] = A

 s1
...

sNS

 , (5.14)

∆X = A · S . (5.15)

The mixing matrix A contains the coefficients of the linear combinations of basis sig-

nals that produce the observed data. Both the mixing matrix and the latent signals

have to be determined such that the signals are statistically independent. According

to the central limit theorem, linear combinations of signals tend to be asymptotically

normally distributed. Therefore, the decomposition should yield underlying signals

that are maximally non-Gaussian. For a detailed discussion of ICA and methods

for finding the independent components, the reader is referred to the publications

by Hyvärinen and Oja (2000) and by Comon (1994). Three important properties of

ICA for shape modelling are:

(i) In contrast to PCA, ICA can also separate components with more complex de-

pendence than correlation, which only describes the second-order statistics.

(ii) ICA does not optimise the compactness of the description and does not provide

an ordering of the components. Therefore, it is generally not well suited for reducing

the number of shape parameters. Typically, ICA is applied after a dimensionality

reduction by PCA.

(iii) In contrast to PCA, where a multivariate normal distribution is required for

optimal decomposition, ICA can only separate independent components if at most

one component is normally distributed.

There are various implementations of ICA, which differ in the measure that is used to

quantify the statistical independence and in the optimisation procedure. Overviews

can be found in the tutorial by Hyvärinen and Oja (2000) and in [Üzümcü et al.

2003]. We applied the FastICA algorithm by Hyvärinen and Oja (2000) for which a

MATLAB implementation is freely available1.

ICA has been applied for multivariate analysis in many fields, such as the separation

of mixed audio sources or mixed images. In organ modelling, ICA often separates

the shape variation into more plausible components than PCA. One example is the

1http://www.cis.hut.fi/projects/ica/fastica/

http://www.cis.hut.fi/projects/ica/fastica/
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decomposition of face motion during speech into independent modes [Kalberer et al.

2003, Kalberer 2003]. ICA could find more natural decompositions, e.g. an isolated

component for the rounding of the mouth during speech. In medical image analysis

ICA has been applied for example to build models of the cardiac shape [Üzümcü et

al. 2003].

In this thesis we will use ICA only for the subject-specific model of shape variation

(type I). For the intersubject model of anatomical shapes (type II) we only have

12 training samples, one from each subject. In organ modelling we want to find

a decomposition such that the basic deformations occur independently from each

other, and therefore we are interested in the statistics over the linear coefficients.

In this case, ICA only makes sense with a larger number of observations. This is in

contrast to the classical blind source separation problem, where we are interested in

the statistical properties of the underlying signals, but the linear coefficients of the

observed combinations are arbitrary.

For the population-based model of intrafraction drift (type III) we have a larger

number of observations, but the fact that we want to use the above method for

shape prediction (Sect. 5.1.3) restricts us to a model with approximately normal

distributions, which is explicitly not the case for decompositions produced by ICA.

5.1.5 Intersubject correspondence

If we want to build models that are not subject-specific, we have to bring the shapes

observed in different individuals into a comparable form. Since the anatomical shape

of organs can vary strongly between subjects, it is not at all clear how to compare

deformations of these differently looking organs. More specifically, if we want to do

statistics over shape vectors xi, we have to make sure that the elements in each xi

describe comparable anatomical points.

It is crucial to define clearly, with respect to which property two points in different

livers should correspond. In resective liver surgery, the criterion for correspondence of

two areas is that they have the same vascular and biliary drainage, whereas the exact

location within the abdomen is not important. It is obvious that for some properties

a one-to-one correspondence may not exist, for example due to anomalies in the

vascularisation. For motion analysis, which we discuss in this thesis, it is important

that corresponding points experience the same influence of the respiratory motion.

We are therefore looking for a mechanical correspondence.

Having defined the property with respect to which two points should correspond, the

question remains how these corresponding points with the same properties are found.

There exist numerous strategies to establish correspondence [Davies 2002]. The most

widely used methods include manual labelling [Cootes et al. 1995], distance-based
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correspondence schemes, which favour the correspondence of close points after a cer-

tain alignment such as the softassign procrustes matching [Rangarajan et al. 1997],

or correspondence based on parameterisation such as the method based on spherical

harmonics (SPHARM) by Brechbühler et al. (1995). In fact, as soon as we interpo-

late between known corresponding points we are establishing correspondence based

on parameterisation. In Sect. 5.4 we will propose an approach similar to the manu-

ally initialised subdivision surfaces (MSS) by Zsemlye (2005). This correspondence

scheme starts from manually determined landmarks and generates fine meshes by

gradual subdivision. This subdivision is performed in the same, predefined way in

each subject and therefore preserves correspondence.

There exist methods to optimise the correspondence in order to obtain a possibly

compact model. Examples are the DetCov method, which uses the determinant of

the covariance matrix to characterise compactness [Kotcheff and Taylor 1998] and

the minimum description length (MDL) approach, which uses this information theo-

retic measure of information contents to rigorously define and optimise compactness

[Davies et al. 2002, 2003]. A comparison of different correspondence schemes for

the modelling of femurs and ventricles was presented by Styner et al. (2003). MSS,

SPHARM, MDL, and DetCov were compared with respect to compactness, gener-

ality, and specificity of the resulting models. MDL and DetCov were very similar

and performed better than SPHARM and MSS. However, in a closer analysis of the

same femur model by Zsemlye (2005), an optimisation of the correspondence based

on DetCov and MDL had only a small influence on the mesh vertex positions.

5.2 Data acquisition recalled

At this point, we shortly recall the acquisition of the data that we want to describe

with statistical models. The following analysis is based on 4DMRI data from 12

healthy volunteers (6 female, 6 male, average age 31, range 17-75). The 4DMRI

sequences were acquired as detailed in Chapter 2, which produced time-resolved

MR volumes consisting of 25-30 slices with a temporal resolution of 290-410 ms.

For each volunteer 3300-6700 volumes were obtained during acquisition sessions of

40-75 min.

The deformations between the reconstructed MR volumes were estimated by intensity-

based non-rigid registration as described in Chapter 3. These transformations can

be evaluated for any point within the liver. Depending on the type of model, we will

extract the motion for a grid of interior points or for a number of surface points.

Chapter 3 also showed a quantitative analysis of the intrafraction motion. The quasi-

periodic respiratory motion and the intrafraction drift, defined as the drift of the

exhalation position, were determined for each subject. This separation enables us to

consider three cases: the respiratory motion only, the drift only, or both together.
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Figure 5.1 illustrates the motion data obtained from subject 4 as an example. For

a regular grid of points within the right liver lobe, Fig. 5.1a shows only the quasi-

periodic motion which was obtained by subtracting the drift from the full motion.

The spread of the point clouds is consistent with the amplitudes and directions of

motion that we observed in Chapter 3. Figure 5.1b, in contrast, shows only the vari-

ation of the exhalation position, i.e. the drift, at each point. In addition to a small

variation from cycle to cycle we observe large baseline drifts of more than 15 mm.

Note that at a first glance the direction of drift is similar to the direction of the

respiratory motion. This is because the mobility of the liver is highly limited by the

surrounding structures. The following analysis, however, will differentiate between

the two types of motion, which occur over completely different time scales. Finally,

Fig. 5.1c shows the point clouds of the full motion without separating respiratory

motion and intrafraction drift.

5.3 Type I: Subject-specific models of drift and

respiratory motion

For this study we build subject-specific models of the intrafraction motion. A sta-

tistical analysis of the motion in a specific subject is instructive in two ways. On the

one hand, it allows identifying the different modes of variation in a more systematic

way than the simple assessment of point clouds that we did so far. On the other

hand, this is an excellent example to demonstrate the differences between the results

from PCA and ICA.

First, we consider respiratory motion and drift separately. The two PCAs are per-

formed on the point clouds shown in Figs. 5.1a,b. Figures 5.2a,b illustrate the first

principal components that were found in this isolated analysis of respiratory motion

and drift. As already observed from the point clouds and quantified in Chapter 3,

the dominant mode of respiratory motion shows the largest extent beneath the di-

aphragm and decreases in inferior direction, whereas the drift is largest in the inferior

area of the liver. Figure 5.2c illustrates the two first principal components of the full

motion corresponding to the point clouds in Fig. 5.1c. The first principal component

describes the variation along the main axis of each point cloud, whereas the second

component is large beneath the diaphragm as well as in the inferior part of the liver.

If we apply ICA to find the two maximally independent components of the same

data, we obtain the components illustrated in Fig. 5.2d. In contrast to PCA, ICA

can separate the drift from the quasi-periodic motion, which are statistically in-

dependent. The determined components look very similar to the modes that were

separately found for respiratory motion (Fig. 5.2a) and drift (Fig. 5.2b).
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(a) Point clouds of respiratory motion (drift compensated)
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(b) Point clouds of exhalation positions (drift only)
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(c) Point clouds of full motion (drift and respiratory motion)
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Figure 5.1: Point clouds showing the positional variation of a regular grid of points

during an acquisition session of 63 min.



5.3. Type I: Subject-specific models of drift and respiratory motion 91

(a) First principal component of respiratory motion (Fig. 5.1a)
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(b) First principal component of drift (Fig. 5.1b)
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(c) First two principal components of respiratory motion and drift (Fig. 5.1c)
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(d) Independent components of respiratory motion and drift (Fig. 5.1c)
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Figure 5.2: PCA of the full motion (c) cannot separate the respiratory motion

from the drift, whereas ICA (d) successfully separates the two components.
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Although these models are nice illustrative examples, their practical use is limited,

because clinically it will be rarely possible to gather the required data over hours for

a specific subject. Even if large amounts of subject-specific data could be acquired,

it is questionable how applicable such a model would be in a later session because

of the significant interfraction variability of respiratory motion [Mageras et al. 2004,

Hugo et al. 2006, Sonke et al. 2007, Juhler-Nottrup et al. 2007]. The next sections

will therefore discuss population-based modelling.

5.4 Mechanical correspondence between livers

As mentioned in Sect. 5.1.5, a crucial step for building intersubject models is to es-

tablish correspondence between the subjects. For modelling the respiratory deforma-

tion in the abdomen, the goal is to find corresponding points that move comparably.

We assume that for such mechanical considerations the most relevant property of a

point in the liver is its location relative to the liver surface, for example its distance

from the diaphragm. We thus propose a scheme to establish correspondence based

on mechanically relevant landmarks on the liver surface.

In a preparatory step, the liver was segmented manually in one exhalation volume

per subject. This produced fine triangular surface meshes with several thousand

triangles but without correspondence between the subjects. These surfaces were

then remeshed with an approach similar to the MSS method described by Zsem-

lye (2005) in order to establish correspondence. As a starting point for remeshing,

four mechanically relevant boundaries were identified. Figure 5.3 shows the four

landmarks LAI,LAS,LPI,LPS, where the indices indicate the location (anterior, pos-

terior, superior, inferior). These points mark the delineations between the superior

surface adjacent to the lung, the anterior and the posterior areas, which slide along

the abdominal wall, and the inferior surface. The four landmarks were labelled man-

ually in each sagittal slice from the inferior vena cava (IVC) to the inferior tip of

the liver. These points were then connected by cubic splines to obtain 3D curves of

the four boundaries.

As a next step, a coordinate system was established to obtain a consistent orientation

of the liver meshes in different subjects. The axes of the coordinate system were

chosen to reflect the orientation of the liver in the body. The left-right axis was placed

perpendicular to the medial plane of the body and the superior-inferior axis was

aligned with the posterior abdominal wall. The anterior-posterior axis was defined

to be orthogonal to the first two axes.

A prototype of the right liver lobe consisting of 46 triangles was aligned to the fine

mesh of each specific liver as illustrated in Fig. 5.4a, such that its four edges coincided

with the marked boundaries. In left-right direction, the vertices of the prototype were
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Figure 5.3: Anatomical landmarks LAS, LPS, LAI, and LPI on three example slices

from different subjects. These landmarks were manually selected on each slice and

connected by splines to obtain 3D curves of the mechanically relevant delineations.

regularly distributed along the landmark splines. The coarse prototype was then

gradually refined to fit the fine surface mesh. In each refinement step, the triangles

of the prototype were regularly subdivided into four smaller triangles and the newly

generated points were projected onto the surface mesh. Figure 5.4b shows how a

new point p′ab was projected along the normal ~n. An alternative method would be

to place a newly generated midpoint in the middle of a geodesic path along the fine

surface mesh [Zsemlye 2005]. However, for mechanical correspondence, we assume

that a newly generated midpoint should not move towards either endpoint of the

edge when it is adjusted to the liver surface. Therefore, the projection along the

normals of the prototype was chosen.

LPI

LPS

LAS

LAI tip

IV
C

(a)

pa

p
 b pab

p’ab
n

(b) (c)

Figure 5.4: (a) Coarse prototype mesh aligned with respect to manually identi-

fied delineations on the fine surface mesh. (b) Refined mesh after correspondence

preserving subdivision and projection. (c) Resulting mesh after three refinement

steps.
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Three refinement steps were performed for each of the 12 livers (Fig. 5.4c). Based on

the resulting correspondences on the liver surface, a grid of corresponding interior

points was defined. A regular grid of 290 points with 15 mm isotropic resolution

was placed in the average liver shape and then transformed to each subject-specific

liver. Therefore, a Delaunay tetrahedrisation of the surface points of the average

liver was produced [Barber et al. 1996]. The position of each point in the average

liver can be defined by the barycentric coordinates that describe its position within

a tetrahedron. Assuming the same tetrahedrisation in each subject-specific liver, the

grid point can be transformed to these livers by placing it into the same tetrahedron

at identical barycentric coordinates. The resulting points correspond to the regular

grid of points in the average liver. In the next sections we will use either these

corresponding interior points or the corresponding surface points.

Note that this intersubject correspondence has to be established only for one MR

volume per subject. The location of the corresponding points in all other volumes

of a subjects, i.e. the intrasubject correspondence, was established by the described

non-rigid registration (Chapter 3). The resulting quality of the non-rigid registra-

tion (Sect. 3.2.5) suggests that the motion between the MR volumes - and thus the

intrasubject correspondence - was accurately recovered.

5.5 Type II: Population-based model of anatomi-

cal shape variation

Based on the correspondences introduced in the previous section, we build a statis-

tical model of the intersubject variation of the liver shape. Such a model is useful for

segmentation, where it can provide prior knowledge about the expected anatomical

variations. In the context of this thesis, however, this shape model is only built for

illustrative purpose. It shows the variety of liver shapes that have to be handled and

it describes the variation of the corresponding points that were determined in each

subject.

From each of the 12 subjects the surface mesh of one shape instance was used for

modelling. We have chosen the exhalation shape at the beginning of the acquisi-

tion session, which was also the volume on which we established the intersubject

correspondence. Figure 5.5 shows all sample shapes with the corresponding surface

meshes. These 12 samples demonstrate the large intersubject variability of the liver

anatomy. Recall that all shapes were described in a coordinate system defined by

the medial plane of the body and by the chest wall. For statistical modelling, all

coordinates were determined relative to an origin defined in the centre of the inferior

vena cava and at the superior-inferior level of the branching of the portal vein. To

retain the variability of the size we did no scaling or normalisation of the axes.
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Figure 5.5: Surface of the right liver lobe at exhalation from 12 different subjects.

From these samples a model of intersubject shape variation was built.

To apply PCA to these samples, each shape was represented as a vector x containing

the three coordinates of each of the 249 surface points. From PCA we obtained the

eigenshapes uk that show the principal modes of variation. Figure 5.6 illustrates

these modes by giving the shapes that deviate by two standard deviations (±2
√
λk)

from the mean shape. From these shapes it is well visible that a large portion of

the variation is concentrated in the first four principal components, and that PCA

decomposed the variation into plausible, naturally looking modes. The first principal

component mainly describes the inferior extent of the tip and of the anterior inferior

border (margo inferior). The second mode determines the anterior-posterior extent

of the liver, which is mainly given by the geometry of the rib cage. The third mode

captures the flatness of the liver dome given by the shape of the diaphragm at
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Figure 5.6: First principal components of the anatomical intersubject shape varia-

tion. The displayed surfaces differ by two standard deviations from the mean shape;

dark surface: x + 2
√
λk · uk, light surface: x− 2

√
λk · uk.

exhalation and the fourth component describes the superior extent of the liver.

Starting from the fifth mode, the variations become comparably low. This is also

clearly visible from the cumulative variance shown in Fig. 5.7, also referred to as

the cumulative energy. 80% of the variance are covered by the first four principal

components and the increase of the cumulative energy is smaller starting from the

fifth component.
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Figure 5.7: Cumulative variance of the intersubject shape variation determined by

PCA.
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The described model was built from only 12 sample shapes, which is a small number

for statistical modelling. Therefore, it is unlikely that the resulting model is complete

and describes any unseen liver. Nevertheless, it is instructive to find the main modes

of shape variation in the considered population and it illustrates the positional

variation of the corresponding points.

5.6 Type III: Population-based model of intrafrac-

tion drift

In the liver, the quasi-periodic motion can be handled to a large degree by breath-

hold techniques or respiratory gating. Therefore, the aim of this third model was to

capture only the intrafraction drift. Thereby we assume that this drift is independent

of the respiratory motion as indicated in the independent component analysis in

Sect. 5.3. A second assumption is that the intrafraction motion is similar between

subjects and we can build a drift model that is not patient-specific despite the large

variation in the liver anatomy.

To build this model, we consider the variation in the exhalation positions of a grid of

interior points over the entire acquisition session. Given the established intersubject

correspondence, we can build point clouds of the combined data from all subjects.

More specifically, the drift of each corresponding point is expressed in a point-specific

coordinate system, which is placed at the corresponding position in each subject. As

defined above, the coordinate axes were defined such that they correspond to the

main axes of the body.

From each volunteer, 220-850 exhalation volumes were available. To avoid a bias

towards one specific dataset, an equal number of 200 sample exhalation positions

was taken from each dataset, regularly distributed over the acquisition session. Then

a PCA was performed over the resulting 12 × 200 samples of the 290 interior cor-

responding points. Figure 5.8 depicts the first two principal components that were

found. The background shows slices of one example subject for orientation. The

principal components are consistent with our observations in the single data sets,

where a similar drift of the anterior inferior part of the liver lobe (Couinaud seg-

ments IVb and V) in superior direction was observed. The deformation is lowest in

the posterior part, where the shape of the liver is mainly defined by the right kidney

and the diaphragm.

The compactness of the derived model is characterised by the cumulative variance

covered by the first few principal components (Fig. 5.9). Although the model de-

scribes the distribution of 290 points over 2400 sample deformations, it is compact

and covers 90% of the full variance with 3 principal components. This confirms again

that there are very dominant modes of intrafraction drift as observed in Sect. 3.3.3.



98 5. Statistical Modelling

[mm]

[m
m

]

LR
I

S

−50 −30 −10 10 30 50

−100

−80

−60

−40

−20

0

20

40

60

[mm]

[m
m

]

I

S

A P
−80 −60 −40 −20 0 20 40 60 80

−100

−80

−60

−40

−20

0

20

40

60

[mm]

[m
m

]

LR
P

A

−50 −30 −10 10 30 50

−80

−60

−40

−20

0

20

40

60

80

Figure 5.8: Point clouds (top) and first two principal components (bottom) of the

intrafraction drift, i.e. the variation of the exhalation position. The point clouds of

all subjects were combined according to the established intersubject correspondence.
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Figure 5.9: Cumulative variance of the population-based model of intrafraction

drift.
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To describe the likelihood of a certain shape by its Mahalanobis distance from the

mean shape, it is essential that the data can be well approximated by a normal

distribution. In order to verify this assumption, we assessed the histograms of the

coefficients bk. Figure 5.10 shows these histograms for the first six principal com-

ponents and the normal distributions with the same standard deviations for com-

parison. With Pearson’s χ2 test we calculated for each component the likelihood

that the observed distribution was generated by a normal process. The resulting

p-values range from 1.3 · 10−20 to 2.8 · 10−5 (Fig. 5.10). On the one hand, these very

low values indicate that, strictly speaking, the assumption of multivariate normal

distributions does not hold. On the other hand, we see from the histograms that the

distributions are well behaved and that they are not too far from normal distribu-

tions. The distributions continuously decrease towards both sides and, except from

the third component, the histograms are well centred around the mean. Although

these distributions are not ideal, the model provides us with a reasonable basis for

shape prediction from partial information.
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Figure 5.10: Histograms of the projections bk along the principal components uk

and normal distributions (lines) for comparison. The p-values give the probability

that the observed distributions result from an underlying normal process.
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5.6.1 Drift prediction

Shape prediction from a PCA-based model and a few subject-specific measurements

was introduced in Sect. 5.1.3. Recall that the aim was to use the statistical model

built from a study population as prior knowledge to determine the drift over an

entire unseen liver from a few measurements. To evaluate the predictive power of

the model, leave-one-out experiments were performed. Models built from 11 of the

12 livers were used to predict the displacement of all points in the left-out liver

following Eq. (5.12). We applied the method discussed in Sect. 5.1.3 to determine

the predictor point popt that leads to the smallest remaining variance in the model if

its position is known. Note that this calculation is based on the observed statistics

and may not be an optimal choice for a new unseen liver. In a practical setup it might

not be possible to observe popt, for example due to the lack of trackable structures.

For this reason, all 290 corresponding interior points were tested for their capability

to predict the deformation of the left-out liver.

Figure 5.11 depicts the results of the leave-one-out experiment for subject 1. The

drift of the entire liver over the acquisition session of 51 min was predicted from

a single point, for which we assume that the drift can be measured exactly. Each

corresponding point was tested by using it as a predictor and the resulting average

error is shown as the size of the marker at the respective position. We observe that

the point popt is indeed one of the best predictors, although it was determined from

the leave-one-out model that did not include the subject for which we predicted the

drift. Most points show a similar predictive power, which illustrates that the method

is robust with respect to the choice of the predictor. However, we can identify two

areas that are less suitable as predictors. First, this is the medial area toward the

inferior vena cava, where the influence of the beating heart is largest, and second,

points in the tip of the liver lobe show lower predictive power. These points are

directly influenced by intestinal motion, which is in some cases poorly correlated to

the deformation in the rest of the liver.

Table 5.1 shows the extent of drift observed in each subject over the acquisition

sessions of 40-75 min. Whilst the mean drift of all considered points is 5 mm or

larger in 5 of 12 subjects, the maximum drift is 5 mm or larger in all subjects and

ranges up to 18.8 mm. The table also shows the results from three different types of

experiments.

Case A: The prediction of the drift based on the point popt, which has the maxi-

mum potential for variance reduction according to the model, leads to small average

prediction errors ranging from 0.6 mm to 2.3 mm. The optimal predictor popt was lo-

cated near the centre of the liver for all subjects. As an example, Fig. 5.11 shows popt

for subject 1. In subject 3, the deformation was successfully predicted with a mean

residual error of 1.8 mm, but the maximum error was only reduced from 8.4 mm

to 5.1 mm. This is possible because the prediction criterion, i.e. the Mahalanobis
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Figure 5.11: Prediction errors when different points are used as predictors. The

radius of a marker indicates the mean prediction error over the right liver lobe

that results if this specific point can be measured. popt is the point with maximum

potential for variance reduction according to the model.

subject drift [mm] error A [mm] error B [mm] error C [mm]

popt known 1 point known 3 points known

1 6.5±3.4 (18.8) 2.3±1.3 (7.7) 2.6±1.5 (8.7) 1.9±1.2 (5.8)

2 3.4±1.7 (7.1) 1.6±0.7 (3.2) 1.8±0.7 (3.5) 1.1±0.5 (2.7)

3 3.2±1.7 (8.4) 1.8±0.9 (5.1) 2.3±0.9 (6.5) 1.4±0.7 (4.0)

4 6.1±2.9 (14.8) 2.0±0.7 (3.3) 2.2±0.8 (3.9) 1.4±0.5 (2.6)

5 5.5±2.2 (10.2) 1.5±0.4 (3.2) 1.5±0.5 (3.8) 1.0±0.3 (2.2)

6 3.9±0.9 (5.7) 1.6±0.5 (3.0) 1.6±0.5 (3.1) 0.9±0.4 (1.9)

7 3.1±1.5 (7.0) 0.9±0.4 (2.0) 1.0±0.4 (2.0) 0.7±0.4 (1.8)

8 5.5±3.0 (12.1) 1.6±1.0 (5.0) 2.0±1.2 (5.8) 1.2±0.6 (3.1)

9 5.0±1.9 (10.1) 1.3±0.6 (3.8) 1.4±0.7 (4.0) 0.9±0.5 (2.7)

10 2.4±1.0 (5.0) 0.6±0.2 (1.4) 0.6±0.2 (1.5) 0.5±0.2 (1.5)

11 3.1±1.4 (6.0) 1.5±0.6 (3.0) 1.6±0.7 (3.3) 0.9±0.4 (2.4)

12 4.2±2.1 (9.4) 1.7±0.8 (4.2) 2.0±0.8 (4.4) 1.3±0.6 (3.0)

Table 5.1: Euclidean drift during complete acquisition sessions; average ± standard

deviation and (maximum) over the right liver lobe. The prediction errors are given

for three cases: (A) prediction from popt (B) worst prediction from one of the six

neighbours of popt (C) prediction from the three points with maximum reduction

potential according to the model.
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distance from the mean shape, takes the entire liver into account and may be not

optimal for single points.

Case B : Table 5.1 further shows the prediction error if popt cannot be localised but

one of its six direct neighbours. The small degradations show the robustness with

respect to the exact choice of the predictor.

Case C : To evaluate the further improvements in prediction accuracy with more

available measurements, we applied Eq. (5.13) to find not only one but three points

with maximum potential for variance reduction. In each leave-one-out model the

triplet with maximum variance reduction was found by exhaustive search. These

three points were then assumed to be measurable in the left-out liver and used as

predictors. The quantitative results for three predictors in Table 5.1 show a clear

reduction of the prediction error in all but one subject. Only subject 10 shows a slight

increase from 1.4 mm to 1.5 mm in the maximum prediction error with 3 known

points compared to the prediction based on popt. This is again possible because

the prediction criterion was defined over the entire liver lobe and may insufficiently

reflect single point deviations. However, the mean prediction error of 0.5 mm in this

subject is the smallest amongst all experiments.

5.7 Discussion and Conclusions

In this chapter we have shown three types of statistical models. The first two models

were rather illustrative in the context of this thesis. With a subject-specific model

we could systematically identify the main modes of intrafraction variation. This

model was also an instructive example for ICA, which successfully separated the

statistically independent components of deformation, i.e the respiratory motion and

the baseline drift. After establishing intersubject correspondence, we then built an

intersubject model of shape variation to illustrate the large anatomical variability

of the liver.

The third model was tailored to the envisaged application of drift prediction from

sparse measurements. The population-based model of intrafraction drift strongly

reduced the localisation uncertainties in a previously unseen liver given a few known

point displacements. For a given tumour location, this method can determine the

expected drift from observable features such as the main vessels in ultrasound or the

contours in on-board X-ray imaging. An important property for the practical value

of this model is its robustness with respect to the choice of the predictor.

In the described experiments we assumed accurately measurable predictors. An im-

portant further step will be to incorporate the uncertainty of measurements and to

determine the achievable accuracy in practical setups. Moreover, the kind of par-

tial information used for prediction may be adapted to a specific application. For
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example, if only the in-plane components of the predictor displacement are mea-

surable, then the model and the prediction framework remain unchanged, but more

measurements may be necessary for accurate predictions.

The mechanically motivated correspondences between subjects led to a compact

model of liver deformation. However, a more complex scheme that takes more me-

chanically relevant landmarks into account, such as the contact areas with the right

kidney, the gall bladder, or the portal vein, may further increase the predictive power

of the model.

From shape variation to motion

In this chapter we have described variations of the liver shape. Thereby, we consid-

ered the observed shapes as independent instances, irrespective of their temporal se-

quence. We termed this “modelling of shape variation” and not “motion modelling”,

because a motion model would also capture the temporal sequence of shapes. For

example, the liver shapes at mid-inhalation, full inhalation and mid-exhalation are

highly correlated and may be described to a large degree by a single mode of vari-

ation corresponding to the breathing depth. Such spatio-temporal models are also

called 4D models.

A simple 4D model can be constructed by not only using single shape vectors x but

combined vectors, for instance x4D = [xexh xinh]T , that describe the joint variation

of several temporally dependent shapes. Recent examples of such spatio-temporal

models for the heart have been published by Montagnat and Delingette (2004),

Stegmann and Pedersen (2005), and by Perperidis et al. (2005a). 4D modelling will

also be a natural further step based on the data presented in this thesis.

Issues in spatio-temporal modelling are the handling of large data sets, because each

instance describes a sequence of shapes, and the required temporal normalisation.

For a 4D model we have not only to find corresponding anatomical points, but also

corresponding temporal points in different motion samples.





6
Dosimetric Effects of Organ

Motion in Proton Therapy

The realistic motion data that was obtained in this work offers the possibility to eval-

uate the effects of organ motion in proton therapy. After an introduction to radiation

therapy with scanned proton beams, we will present a dose calculation approach

that takes organ motion into account. Subsequently, an experimental comparison of

different motion scenarios will be shown.

6.1 Proton therapy

In conventional radiotherapy, which was discussed in Chapter 1, the dose is delivered

by either X-rays or gamma rays. An alternative to these photon beams is to use

charged particles such as protons. Protons have a higher biological effectiveness

than photons and a more localised deposition of their energy [Gueulette et al. 2005].

Most of the energy can be delivered at a specified depth. Figure 6.1 schematically

shows the dose deposition as a function of path length with the pronounced so-

called Bragg peak. Only little dose is deposited on the way and no dose is delivered

downstream after the Bragg peak. This allows for example eye treatments without

delivering any dose to the brain.

A possible way to deliver protons is to scatter the proton beam and shape it to the

target volume by using templates, so-called collimators and compensators, which are

specifically manufactured for each patient. An alternative delivery method, which of-

fers a higher flexibility, is the spot scanning technique developed at the Paul Scherrer

Institute (PSI, Villigen, Switzerland) [Lomax 1999, Pedroni et al. 1995]. The dose

is applied to a three-dimensional grid of discrete spots one after the other by a

scanned pencil beam. In the current implementation, the pencil beam has a full

width half maximum of 8 mm and the grid of delivery spots has an isotropic reso-

lution of 5 mm in water. The depth of a pencil beam can be varied by inserting or

removing polyethylene range shifter plates. At a specific depth, the beam is deflected
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Figure 6.1: Schematic graph of dose deposition of protons as a function of path

length with the pronounced Bragg peak.

along a line by a sweeper magnet. Scanning along the third axis is performed by

moving the patient table. The dead times for moving the pencil beam along the axis

of the sweeper magnet, the range shifter, and the table motion are 4 ms, 40 ms, and

1 s, respectively. The treatment of a volume of one litre requires more than 9000

spots and takes in the order of a few minutes. To shape the dose distribution to the

target and to obtain a possibly homogeneous dose distribution, the energy and the

duration of the single spots are optimised by a treatment planning system [Pedroni

et al. 2005].

In analogy to Intensity Modulated Radiotherapy (IMRT), it is possible to combine a

number of inhomogeneous proton fields from different directions in order to obtain a

possibly homogeneous dose distribution in the target whilst sparing healthy tissue.

Such Intensity Modulated Proton Therapy (IMPT) [Lomax 1999] can deliver highly

conformal dose distributions to complex shapes in the vicinity of organs at risk.

A potential disadvantage of the highly localised dose deposition is its higher sensi-

tivity to localisation uncertainties. Rietzel et al. (2005) showed that in contrast to

dose distributions from photons, proton dose distributions in the liver were strongly

affected by anatomical changes, because the dose deposition strongly depends on

the radiological path length. A further disadvantage of dynamic dose delivery is the

potential for interplay effects.

6.2 Interplay effects

Dose delivery with scanned proton beams [Pedroni et al. 1995, Lomax 1999] is a

sequential process. As a result, the dose delivered to a given voxel depends not

only on the motion of this voxel, but also on the delivery sequence. Two dynamic
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systems, in our case the respiratory motion and the scanning of the proton beam,

may interfere and lead to interplay effects. For example, the tissue may move in a

way such that several pencil beams are applied to the same anatomical point, which

leads to a dose that is higher than planned, whereas part of the target may never

be hit by a pencil beam. Phillips et al. (1992) already showed the large influence

of sinusoidal motion on the dose distribution for scanned proton therapy. Yu et

al. (1998) demonstrated large dose errors due to interplay effects in IMRT with

dynamic collimation, which is another example of time dependent dose delivery. If

both dynamic systems, the tissue motion and the dose delivery, have similar periods,

then the same constructive or destructive interference may occur in each breathing

cycle and the potential for interplay effects is high compared to systems where one

dynamic process is much faster than the other.

Interplay effects have to be distinguished from blurring, which is a smearing of the

delivered dose over the tissue that moves within a field. Blurring also occurs with

moving tissue in a static field. If a homogeneous dose is applied to a volume, then

blurring only affects the edges of the target. To compensate for this blurring, safety

margins are planned as discussed in Sect. 1.2.3. Interplay effects, in contrast, may

produce cold and hot spots at arbitrary locations in the target and in its vicinity.

Therefore, these effects cannot be handled by the traditional margin approach [Lam-

bert et al. 2005].

If interplay effects are random, they may average out over a large number of frac-

tions. Several works have demonstrated this averaging as predicted by the central

limit theorem [Bortfeld et al. 2002, Jiang et al. 2003, Kuo et al. 2007]. However,

interplay effects are still poorly understood because of their strong dependence on

the exact motion and treatment patterns. For example, Berbeco et al. (2006b) mea-

sured clear interplay effects in IMRT, whereas a recent work on motion in helical

tomotherapy [Kanagaki et al. 2007] did not show any adverse synchronisation effects,

not even for a single fraction.

Because of the large uncertainties resulting from respiratory motion, proton therapy

at PSI is currently limited to sites where it can be assumed that the influence of

respiratory motion is below 1-2 mm [Gueulette et al. 2005]. Treated sites are the

head, the neck, the spine, and the lower pelvis. One goal of this work was to study

the interplay effects between realistic organ motion and the spot scanning technique

applied at PSI. This is a preparatory step towards the treatment of sites that move

with respiration.
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6.3 4D dose calculation

The aim of a dose calculation is to predict the dose, which is accumulated in

each voxel during the delivery of a certain field. If a voxel moves during irradia-

tion, the dose deposition depends on the current voxel position. An obvious ap-

proach is to separately consider a number of discrete time steps or breathing phases.

For each time step, the delivered dose is separately calculated and all dose dis-

tributions are summed up to obtain the accumulated dose. This is expected to

be a good approximation if the motion between the single time steps is small. A

disadvantage of this approach may be the large amount of planning data, which

grows with the number of time steps. For example, using all ten different phases

from a typical 4DCT reconstruction may not be necessary in daily clinical routine.

A number of works have discussed the use of possibly representative mean posi-

tions or composites for planning [Underberg et al. 2005b, Wolthaus et al. 2006,

Kang et al. 2007]. Although such approximations require only a single dose calcu-

lation in a static scene, they cannot account for interplay effects. We will therefore

only consider truly time resolved calculation methods in the following.

For planning in the presence of respiratory motion, several groups have looked into

the possibilities of 4DCT [Keall 2004, Rietzel et al. 2005, Guckenberger et al. 2007],

where multiple dose calculations are performed on time resolved 3D data sets. After

a separate dose calculation for each phase, non-rigid registration is used to “warp”

all dynamic images and the corresponding dose distributions back into a reference

volume. This yields the overall dose that is accumulated over all considered breathing

phases. Bert and Rietzel (2007) described a method for dose calculation with scanned

ion beams based on this principle. Each single spot is assigned to one of the discrete

phases of a 4DCT data set according to its delivery time. The dose calculation is

then performed separately in each quasi-static volume.

The motion studies that were described in this thesis provide us with realistic point-

by-point motion vectors. Although these motion fields were also determined by non-

rigid registration (Chapter 3), they are already known at the time of dose calcula-

tion. This makes it possible to calculate the dose based on these trajectories in a

single calculation. Following this idea, a dose calculation approach was developed

based on the treatment planning system that is currently used in clinical practice

at PSI [Pedroni et al. 2005]. In this planning system for scanned proton beams, the

dose calculation is already sequential for a static anatomy, because it considers the

applied spots one after the other. For each applied pencil beam, the dose to a voxel

is calculated depending on the location (x0, y0, w0) of the voxel relative to the spot

where the pencil beam is applied. With the central axis dose D(w0) at a depth w0

the static dose delivered by spot s is

ds(x0, y0, w0) =
D(w0)

2πσxσy

e
− x20

2σ2
x e
− y20

2σ2
y . (6.1)
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The exponential terms account for the decrease at distance x0 and y0 along the

respective axes orthogonal to the beam direction.

This calculation is repeated for each applied pencil beam. Since this procedure is

already time resolved, the only adaptation for a moving anatomy is to make sure that

the correct voxel position at the time of the spot delivery is taken into account. From

the scanning sequence, the spot durations, and the dead times we can determine

the time ts at which spot s is delivered. To calculate the contribution of a spot

that is applied at time ts to a voxel, which is at position (x0, y0, w0) in the static

planning scene, we take into account the time dependent position of this voxel

(x(t), y(t), w(t)). The dose contribution ds of spot s now depends on the delivery

time ts of this spot.

ds(x0, y0, w0, ts) =
D(w(ts))

2πσxσy

e
− (x(ts))

2

2σ2
x e

− (y(ts))
2

2σ2
y (6.2)

In the following, we will make the assumption that the time dependence of the

radiological path length can be neglected and we obtain

ds(x0, y0, w0, ts) ≈
D(w0)

2πσxσy

e
− (x(ts))

2

2σ2
x e

− (y(ts))
2

2σ2
y . (6.3)

This assumption does not hold if the irradiated point moves either along the beam

axis or orthogonally in inhomogeneous tissue such that its radiological depth changes.

Nevertheless, we will use this approximation in a first step and do strongly simplified

dose calculations with homogeneous tissue.

6.4 Simulation settings

To demonstrate the described 4D dose calculation, we consider the simple case shown

in Fig. 6.2a.

• A spherical target with a diameter of 4.4 cm was placed at the centre of the

right liver lobe.

• A single field composed of 540 spots was planned and optimised to deliver a

possibly homogeneous dose of 2.0 Gy to the target. The delivery time for these

540 spots including all dead times is 29 s.

• The pencil beams point from anterior to posterior. The left-right beam deflec-

tion is performed by the sweeper magnet and the superior-inferior motion by

couch adjustments.
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• No safety margins were planned.

• The density is assumed to be water equivalent in the entire treatment volume.

The limitations of these assumptions and possible extensions will be addressed in

Sect. 6.6. However, even with this simple scenario it is possible to evaluate the effects

of synthetic and realistic motion data on the dose distribution and to address three

important questions:

(i) What is the dosimetric difference between one-dimensional sinusoidal motion and

realistic motion?

(ii) What is the effect of intrafraction drifts on the resulting dose distribution?

(iii) What is the dosimetric effect of respiratory gating?

To answer these questions, the delivery of the described field was simulated with

the realistic non-rigid organ motion of 12 subjects. The required dense motion fields

were obtained as described in Chapters 2 and 3. Table 6.1 shows the superior-

inferior magnitude of breathing mSI
target and the cycle duration T as well as their

variability over the 29 s of simulated dose delivery. The table also shows the drifts

dtarget observed over 30 min. The main component of all target drifts was in superior

direction as observed in Sect. 3.3.3.

subject T [s] mSI
target [mm] dtarget [mm]

avg (min-max) avg (min-max)

1 4.7 (4.3-5.4) 10.9 (9.0-12.4) 8.4

2 7.1 (5.5-8.2) 8.3 (7.5-8.6) 1.7

3 3.2 (2.9-4.1) 8.5 (6.7-10.8) 1.3

4 3.2 (2.7-3.4) 6.1 (4.0-6.9) 3.9

5 3.7 (3.2-4.2) 7.9 (7.2-8.9) 2.4

6 5.8 (5.3-6.4) 15.7 (14.1-17.5) 2.3

7 3.3 (3.0-3.8) 6.6 (5.1-8.3) 3.8

8 4.6 (3.8-5.6) 11.0 (8.7-13.0) 1.9

9 3.2 (2.8-3.7) 8.7 (7.0-10.0) 1.8

10 5.0 (4.6-5.3) 20.5 (19.1-21.6) 0.3

11 2.5 (2.5-2.8) 8.9 (7.7-9.7) 2.7

12 6.9 (5.8-9.0) 10.1 (8.2-11.7) 3.9

Table 6.1: Cycle duration T and superior-inferior magnitude of respiration mSI
target

over the 29 s of simulated dose delivery. The Euclidean drift dtarget observed over

30 min was applied to simulate intrafraction deviations.
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For comparison, the same experiments were performed with simplified synthetic mo-

tion. According to an established sinusoidal model discussed in Sect. 1.1, the organ

motion was approximated as a rigid displacement in superior-inferior direction [Lu-

jan et al. 2003].

y(t) = y0 +mSI
target cos4

(
πt

T

)
(6.4)

The amplitude and the period were chosen equal to the average breathing magnitude

mSI
target and the average cycle duration T of the realistic motion given in Table 6.1.

The average value of the cos4 trajectory was removed by setting y0 = −0.375mSI
target,

which results in a movement around a zero mean position.

A further set of experiments was performed to assess the influence of gating on

the dose distribution. Phase gating as discussed in Sect. 4.2 was applied with dif-

ferent duty cycles. This required longer treatment sessions to maintain an effective

treatment time of 29 s for the delivery of the planned field.

6.5 Results

In order to introduce some concepts of dose evaluation, we first have a closer look at

the dose distributions in the first two subjects. Subsequently, we will compare the

key values for all subjects.

Figure 6.2 shows the resulting dose distributions in four different cases. The static

case (Fig. 6.2a) depicts the planned field, which was optimised to bring a possibly

homogeneous dose distribution to the target whilst sparing the surrounding tissue.

Note that the background image shows the target location in subject 1 for orienta-

tion. The displayed MR image does not correspond to the tissue density, which was

assumed to be water equivalent in our experiments.

Figure 6.2b shows the dose distribution resulting from one-dimensional cos4 motion

with an amplitude of 10.9 mm and a period of 4.7 s (Table 6.1). As a result, we

observe a large degradation of the dose distribution compared to the static case. The

maximum dose reaches 127% of the planned dose and a hot spot with a dose larger

than 95% can be found outside the target. A cold area with a dose below 95% goes

through the entire target at a constant superior-inferior level. This inhomogeneous

dose distribution is a result of interplay effects and cannot be explained by simple

blurring.

The dose distribution resulting from the realistic non-rigid motion observed in sub-

ject 1 is illustrated in Fig. 6.2c. No pronounced hot spot appears outside the target

and the overall maximum dose of 119% is lower than with cos4 motion. The realistic

motion was applied under the assumption that the patient positioning at the begin-

ning of the dose delivery was perfect and the motion occurs around a known mean
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Figure 6.2: Dose distributions for different motion scenarios in subject 1. (a) static

(b) cos4-shaped rigid superior-inferior motion (c) non-rigid motion from 4DMRI

with ideal patient positioning (d) non-rigid motion with additional systematic dis-

placement due to 30 min of intrafraction drift.

position. Figure 6.2d shows the additional degradation in a more realistic scenario,

which includes intrafraction drift. The mean position was determined 30 min before

treatment, which led to systematic errors in the target localisation. In subject 1, the

Euclidean drift was 8.4 mm at the centre of the target (Table 6.1). Since the target

drifted in superior direction, its superior part moved out of the field and was not

properly irradiated. Note that the dose distribution is not only shifted but shows

slightly different interplay effects.

So far we have only considered one exemplary slice through a three-dimensional dose

distribution. A well established method to summarise the dose over the entire target

volume is the dose-volume histogram (DVH). For a given dose the DVH shows the

percentage of the volume that receives at least this dose. Figure 6.3 shows the DVHs

for the target volume in the four discussed cases. In the static case, close to 100% of

the volume receive at least 90% of the planned dose and 60% of the volume receive

at least 99% of the planned dose.
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Figure 6.3: Dose-volume histograms for the four considered motion scenarios in

subjects 1 and 2. The small drift of 1.7 mm in subject 2 hardly influences the DVH.

The curves in Fig. 6.3a show the four DVHs for subject 1 and directly correspond to

the four dose distributions shown in Fig. 6.2. The DVHs for cos4 motion and non-

rigid motion without drift look very similar. The main difference is observed in the

maximum dose to the target, which is larger for the cos4 motion as already observed

in Figs. 6.2b,c. Both types of motion, cos4 and non-rigid, influence the maximum

as well as minimum dose to the target. The additional systematic error due to

intrafraction drift influences only the minimum dose. The target drifted partially

out of the planned field and the superior edge of the target received a very low dose.

In the DVH this is visible as a lower percentage of the volume that receives a dose

between 40% and 100%. Only 50% of the volume receive 95% of the planned dose

or more. It has to be noted that the considered DVHs quantify only the dose to the

target. Similar cumulative histograms can be generated for organs at risk or areas

of healthy tissue, which are not considered here.

As a further example we look at the DVHs of subject 2. Figure 6.3b exhibits large

differences between cos4 and non-rigid motion in the order of several percent dose

deviation in the DVH. This is in contrast to subject 1, where the two cases were

very similar. On the other hand, the Euclidean drift in subject 2 is only 1.7 mm. As

expected, this leads to hardly any degradation compared to the DVH with perfect

positioning.

The exemplary DVHs of subjects 1 and 2 demonstrate that both assumptions,

cos4-shaped motion and ideal patient positioning, may serve as a close approxi-

mation in some cases but may be less useful in others. In the following, we will

therefore examine both assumptions for all subjects.
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6.5.1 Approximation by cos4 motion

To examine the differences between one-dimensional cos4-shaped motion and the

realistic non-rigid motion from 4DMRI, we look at the resulting minimum and the

maximum dose to the target. The value D98 is a common surrogate for the minimum

dose. It means that 98% of the volume receive at least the dose D98. Similarly, D2

is used as a surrogate for the maximum dose to the target, as it gives the maximum

dose that is delivered to at least 2% of the volume. Both values can be determined

directly from the DVH.

Figure 6.4 shows the effect of realistic non-rigid motion and cos4 motion on the

maximum and the minimum dose. For all motion patterns, the maximum dose D2 is

higher and the minimum dose D98 is lower than in the static case. We observe that

in some cases the results for realistic and for cos4 motion are almost identical. In

other cases, the values differ by more than 5% in either direction. This demonstrates

that the perfectly periodic cos4 motion is not always a worst case estimate. In some

cases the interplay effects are clearly stronger with realistic motion (subjects 3,4,9).

To examine whether the changes in the minimum and maximum dose are directly

related to the magnitude of motion, the 12 cases were ordered with respect to the

breathing magnitude (Fig. 6.4). The motion with the largest magnitude (subject 10)

yielded the largest degradation. The smallest magnitudes of less than 8 mm (sub-

jects 4,5,7) produced the smallest changes compared to the static case. These coarse

observations demonstrate a higher potential for interplay with larger motion. How-

ever, no reliable relationship between the magnitude of breathing and the degra-

dation in D2 and D98 was found, neither for the absolute degradation nor for the

difference between cos4 motion and realistic non-rigid motion.

6.5.2 Influence of intrafraction drift

The effect of intrafraction drift as observed in the 12 subjects (Table 6.1) is il-

lustrated in Fig. 6.5. The maximum dose to the target shows almost no difference

between perfect positioning and the simulation with systematic errors. The mini-

mum dose to the target, in contrast, is clearly reduced, because the target moved

partially out of the planned field. An extreme reduction of the minimum dose to

45% is observed in subject 1 and reductions by 5% or more occur in 4 other subjects

(4,7,9,12). The relation between the dose degradation and the amount of drift was

examined by plotting the minimum and maximum dose against the Euclidean drift.

The very low drift of 0.3 mm in subject 10 does hardly influence the calculated val-

ues, whereas the largest drift of 8.4 mm leads to the largest underdosage. But also in

these experiments no clear relation between the systematic error and the amount of

underdosage can be determined. Even systematic errors below 3 mm lead to a clear

reduction of the minimum dose in some cases (subjects 5,9,11).
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Figure 6.4: Maximum dose D2 and minimum dose D98 to the target for cos4 motion

and realistic non-rigid motion. The values are ordered according to the subject

number (left) and according to the magnitude of breathing (right). No general over-

or underestimation of interplay effects by cos4 motion can be observed.

6.5.3 Dose distributions in gated treatment

In Sect. 4.2 we have shown the high reproducibility of the exhalation position and

the effectiveness of respiratory gating with residual motion in the range of a few

millimetres. The same phase gating method was applied to the exemplary motion

sequences of subjects 1 and 2. Table 6.2 shows how the superior-inferior range of

target motion is reduced by respiratory gating and how the number of breathing

cycles is increased such that the same effective treatment time of 29 s is reached.

In Chapter 4 we have seen that for longer treatment sessions the intrafraction drift of

the liver can lead to large localisation errors. This drift can not only occur between

patient positioning and actual treatment, but also during irradiation, particularly

if the dose delivery is prolonged by gating with a very small duty cycle. However,
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Figure 6.5: Maximum dose D2 and minimum dose D98 to the target for realistic

non-rigid motion. Systematic errors due to drifts over 30 min led to a lower D98.

The values are ordered according to the subject number (left) and according to the

Euclidean drift of the target (right).

SI range [mm] number of cycles

subject 100% 50% 30% 100% 50% 30%

1 12.8 4.3 1.5 7 13 22

2 8.8 1.9 0.6 4 10 16

Table 6.2: Superior-inferior range of target motion and the number of breathing

cycles required to achieve 29 s of effective treatment time with different duty cycles.
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in the cases that we consider here, the treatment time is below 2 minutes and the

baseline drift within this time span is very small (Chapter 4).

Figure 6.6 shows the DVHs for the two subjects and different duty cycles. In both

subjects, a duty cycle of 30% results in a dose distribution close to the static case.

With 50% duty cycle we observe an increased maximum dose in subject 1, where

the residual range of motion is 4.3 mm. In subject 2, gating is more effective, with

a residual motion of 1.9 mm. Here a duty cycle of 50% only leads to minor devia-

tions from the static dose distribution. Although these results are only exemplary,

they demonstrate the straightforward application of the planning approach to gated

treatment and illustrate once more the potential benefit of respiratory gating.
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Figure 6.6: Dose-volume histograms for gated treatment in subjects 1 and 2. Dose

distributions close to the static case are achieved with duty cycles of 50% or lower.

6.6 Discussion

The first question that we addressed with our experiments was how similar the ef-

fects of one-dimensional cos4 motion and the measured motion trajectories are in

a simple spot scanning scenario. The dose calculations have shown that perfectly

periodic cos4 motion cannot generally be used as a worst case estimate for interplay

effects. In some cases, the realistic motion pattern led to worse dose distributions.

This motivates further studies based on the acquired realistic motion data. So far,

the presented dose calculation neglected the motion along the beam axis. An im-

portant extension will be to include the time dependent voxel positions w(t) along

the beam axis according to Eq. (6.2). This extension will provide more realistic dose

calculations and potentially reveal more complex interference patterns.
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Another simplification was the assumption of water equivalent density in the entire

treatment volume. Accounting for different tissue densities is expected to produce

more extreme motion artefacts, for example due to the large influence of the ribs on

the radiological path length. Although the MR images obtained in this work cannot

be used directly for dose calculations, the extracted deformation vectors and the

resulting motion models are independent of the imaging modality. On the one hand,

these motion vectors can be used to deform planning CT images by transferring the

motion vectors from MR to CT using non-rigid registration [Andronache 2006]. On

the other hand, the variable radiological path length could be directly integrated

into the dynamic dose calculation according to Eq. (6.2) by using a central dose

D(w0, t) that considers not only the time dependent location of a voxel w(t) but

also the time dependent radiological path length.

Our second question concerned the dosimetric effects of systematic errors due to

intrafraction drifts. Already small drifts led to underdosage in parts of the target.

This high sensitivity is mainly due to the fact that no safety margins around the

target were planned. In clinical treatment planning, a minimum safety margin in the

order of 2-5 mm will always be applied, even with the most accurate image guided

targeting. This prevents underdosage of the target in the case of drifts at the cost

of a higher dose to the surrounding tissue. Further work is required to determine

suitable safety margins depending on the targeting method that will be used in

clinical practice.

For the presented dose calculations, a spherical tumour was placed at the centre

of the right liver lobe. As shown in Chapter 3, larger breathing amplitudes occur

closer to the diaphragm and larger drifts are observed in the inferior part of the

liver. Therefore, further experiments with different target locations in each subject

are expected to show more extreme cases of interplay and degradations due to drifts.

The third question that we addressed was how respiratory gating affects the dose

distribution. As expected, these simulations produced dose distributions close to the

static case, even with a large duty cycle of 50%. This confirms the effectiveness of

gating around exhalation observed in Chapter 4.

In future work, the developed methods will be used to evaluate different spot scan-

ning sequences. One possible approach to alleviate motion artefacts is repainting,

where the target volume is scanned several times and a fraction of the dose is de-

livered in each iteration. On the one hand, this may lead to an averaging of motion

artefacts, even within a single fraction. On the other hand, repainting may also lead

to interplay effects, if the rescanning sequence interferes with the respiratory mo-

tion. This requires careful evaluation or even measures to randomise the repainting

pattern.

Further improvements in the scanning sequence will be possible with the new gantry,

which is currently being installed at PSI [Pedroni et al. 2004]. This gantry will
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provide deflecting magnets that allow for two-dimensional scanning at a specific

depth. A movement of the patient table is not required with this technique anymore,

which allows for more flexible scanning and faster dose delivery.

6.7 Conclusions

The described experiments show the strong interplay effects that arise between spot

scanning and respiratory organ motion. At least for small numbers of fractions,

the effect of this motion cannot be modelled solely by blurring. Since this strongly

depends on the exact motion and delivery pattern, a careful evaluation of each

treatment system is required. With the proposed 4D dose calculation approach,

spot scanning patterns can be simulated with realistic respiratory motion. Because

the results that were obtained with realistic motion differ from simulation results

with simplified cos4 motion, we recommend to evaluate each delivery sequence with

a large number of motion patterns that include both perfectly periodic and realistic

motion.





7
Summary and Outlook

In the preceding chapters we have already discussed the open issues and possibilities

for future research in each phase of this work, namely in imaging, motion extraction,

respiratory gating, statistical modelling, and evaluation of proton delivery patterns.

This chapter briefly summarises the results and provides a more general outlook.

In the introduction we have illustrated different methods for monitoring and han-

dling respiratory motion in radiation therapy. In summary, there are various pos-

sibilities to handle motion during treatment delivery, for example by respiratory

gating or tracking. This allows for reducing the positional uncertainties and thus for

decreasing the required safety margins. However, the crucial point in all techniques

for motion management is to know the location and the positional uncertainty of

the target and the organs at risk as accurately as possible.

With the increasing availability and quality of imaging techniques such as on-board

cone-beam CT, there is a growing understanding of all the uncertainties and po-

sitional variations that are present in soft tissue subjected to respiratory motion.

Along these lines, the developed 4DMRI method further enhanced the possibilities

of dynamic imaging and increased the knowledge about organ motion, as it allowed

for the first time to study three-dimensional respiratory motion and its variabil-

ity continuously over tens of minutes. This closes the gap between the short-term

analysis of a few regular cycles, which is possible with 4DCT, and the long-term

investigation of interfraction motion, which is considered in image-guided patient

setup.

The 4DMRI method was applied to 13 volunteers and we analysed the magnitude

of the respiratory motion and the intrafraction drift in the right liver lobe over

roughly one hour per subject. This analysis showed typical spatial distributions of

magnitude and drift over the right liver lobe. Large drifts, which ranged up to more

than one centimetre over 20 minutes, were observed in the anterior inferior part

of the liver (Couinaud segments IVb and V). Our simulations of different gating

scenarios demonstrated the large targeting errors that can result from gating with

external respiratory signals.
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The growing awareness of such uncertainties and their low predictability are cur-

rently leading to an increased use of image guidance in radiation therapy. For exam-

ple, patient positioning based on radiographs of the bony anatomy is already a form

of image guidance. However, the term image guided radiotherapy (IGRT) is used

increasingly for a direct imaging of the target before or during treatment delivery

and an appropriate adaptation of the treatment, for example by gating or tracking.

This thesis confirmed that a safe reduction of treatment margins in the liver is only

possible with some monitoring of the soft tissue motion. Such a monitoring is nec-

essary at least on a fraction by fraction basis. We have seen that for the liver, an

additional updating of the target localisation within fractions is recommended if frac-

tions are longer than a few minutes. Depending on the delivery method, this involves

a realignment of the target and the treatment beam or an update of the correlation

between an external surrogate and the target. Unfortunately, a direct observation

of the target itself is often not possible because on-board imaging is not available,

because the target is not sufficiently visible, or because the available methods are

too invasive, for instance due the required ionising radiation or the need for marker

implantation. However, a direct monitoring of the target may not be necessary if

enough prior information about the motion is available to predict the target mo-

tion from surrogates. We have shown that external surrogates for respiratory motion

such as the motion of the abdominal skin can only detect the breathing phase, but

they cannot reliably predict the absolute position of a target in the liver. We believe

that safe targeting is only possible based on internal measurements, for example by

localising structures close to the target in fluoroscopy, by electro-magnetic tracking,

or, non-invasively, by tracking of prominent vessels or boundaries with ultrasound

imaging. In all these areas there are promising advances.

Concerning the prior information about the expected motion, our research showed

that in the case of intrafraction liver motion there are very typical modes of de-

formation. Although this study was only performed with a small group of healthy

subjects, it provides a reasonable estimate of the drift that has to be expected. Fur-

ther research is necessary to extend the observations to a larger number of subjects

including pathological cases. Additionally, studies on the interfraction variability of

motion are required in order to improve daily patient positioning and the design of

appropriate safety margins.

The statistical modelling of liver drift showed that sparse subject-specific measure-

ments, for example obtained from ultrasound imaging could, together with the prior

knowledge gained from a study population, provide enough information for accurate

target localisation. It is clear that this targeting approach is still some steps away

from clinical use. In practice, we have a strongly limited choice of observable sur-

rogates. Moreover, we need to localise specific targets and organs at risk instead of

the complete liver that we were looking at in our examples. Nevertheless, we envi-

sion that also in specific clinical applications as much prior knowledge as possible
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should be combined with a few simple patient specific measurements. The predic-

tion scheme described here is suitable for this combination of prior knowledge and

measurements and for the systematic choice of predictors.

The motivation for the described research came from the field of proton therapy

with scanned beams. Further research in this area is necessary to fully understand

all possible effects between organ motion and dynamic dose delivery. With guarded

optimism we look towards the treatment of sites subjected to organ motion with

scanned proton beams. On the one hand, there is the increased awareness of motion

issues, some of them being specific to dynamic dose delivery, such as the demon-

strated interplay effects between a scanned beam and respiratory motion. On the

other hand, the knowledge about organ motion, the possibilities for image guided

targeting, and the methods for time resolved treatment delivery are constantly im-

proving. Although this thesis only provides single steps towards fully 4D treatment,

we believe that improvements of the dynamic aspects in imaging, planning, and

treatment delivery are crucial to make radiation therapy more safe, more accurate,

and more efficient.

The described methods to study organ motion and to statistically capture the ob-

served behaviour are neither limited to the liver as a specific organ, nor to radiation

therapy as a treatment method. Various other applications such as targeting in high

intensity focused ultrasound (HIFU), motion correction in radiofrequency tumour

ablation, model-based segmentation, or anatomical simulations may profit from this

work.
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[Kelemen et al. 1999] A. Kelemen, G. Székely, and G. Gerig. Elastic model-based seg-
mentation of 3-D neuroradiological data sets. IEEE T. Med. Imaging, 18(10):828–839,
1999.

[Kennedy et al. 2004] J. E. Kennedy, F. Wu, G. R. ter Haar, F. V. Gleeson, R. R. Phillips,
M. R. Middleton, and D. Cranston. High-intensity focused ultrasound for the treatment
of liver tumours. Ultrasonics, 42(1-9):931–935, 2004.



Bibliography 133

[King et al. 2001] A. P. King, J. M. Blackall, G. P. Penney, and D. J. Hawkes. Tracking
liver motion using 3-D ultrasound and a surface based statistical shape model. In
Proc. IEEE Workshop on Mathematical Methods in Biomedical Image Analysis, pages
145–152, 2001.

[Kini et al. 2003] V. R. Kini, S. S. Vedam, P. J. Keall, S. Patil, C. Chen, and R. Mohan.
Patient training in respiratory-gated radiotherapy. Medical Dosimetry, 28(1):7–11, 2003.

[Kitamura et al. 2002] K. Kitamura, H. Shirato, S. Shimizu, N. Shinohara,
T. Harabayashi, T. Shimizu, Y. Kodama, H. Endo, R. Onimaru, S. Nishioka,
H. Aoyama, K. Tsuchiya, and K. Miyasaka. Registration accuracy and possible
migration of internal fiducial gold marker implanted in prostate and liver treated with
real-time tumor-tracking radiation therapy (RTRT). Radiother. Oncol., 62(3):275–281,
2002.

[Kitamura et al. 2003] K. Kitamura, H. Shirato, Y. Seppenwoolde, T. Shimizu, Y. Ko-
dama, H. Endo, R. Onimaru, M. Oda, K. Fujita, S. Shimizu, and K. Miyasaka. Tumor
location, cirrhosis, and surgical history contribute to tumor movement in the liver, as
measured during stereotactic irradiation using a real-time tumor-tracking radiotherapy
system. Int. J. Radiat. Oncol. Biol. Phys., 56(1):221–228, 2003.

[Kleshneva et al. 2006] T. Kleshneva, J. Muzik, and M. Alber. An algorithm for auto-
matic determination of the respiratory phases in four-dimensional computed tomogra-
phy. Phys. Med. Biol., 51(16):N269–N276, 2006.

[Koch et al. 2004] N. Koch, H. H. Liu, G. Starkschall, M. Jacobson, K. Forster, Z. Liao,
R. Komaki, and C. W. Stevens. Evaluation of internal lung motion for respiratory-
gated radiotherapy using MRI: Part I correlating internal lung motion with skin fiducial
motion. Int. J. Radiat. Oncol. Biol. Phys., 60(5):1459–1472, 2004.

[Korreman et al. 2005] S. S. Korreman, A. N. Pedersen, T. J. Nottrup, L. Specht, and
H. Nystrom. Breathing adapted radiotherapy for breast cancer: Comparison of free
breathing gating with the breath-hold technique. Radiother. Oncol., 76(3):311–318,
2005.

[Korreman et al. 2006] S. Korreman, H. Mostafavi, Q.-T. Le, and A. Boyer. Comparison
of respiratory surrogates for gated lung radiotherapy without internal fiducials. Acta
Oncologica, 45(7):935–942, 2006.

[Koshani et al. 2006] R. Koshani, J. M. Balter, J. A. Hayman, G. T. Henning, and M. van
Herk. Short-term and long-term reproducibility of lung tumor position using active
breathing control (ABC). Int. J. Radiat. Oncol. Biol. Phys., 65(5):1553–1559, 2006.

[Kotcheff and Taylor 1998] A. C. W. Kotcheff and C. J. Taylor. Automatic construction
of eigenshape models by direct optimization. Med. Image Anal., 2(4):303–314, 1998.

[Kubo and Hill 1996] H. D. Kubo and B. C. Hill. Respiration gated radiotherapy treat-
ment: a technical study. Phys. Med. Biol., 41(1):83–91, 1996.

[Kuo et al. 2007] H.-C. Kuo, K.-S. Chuang, W. S. Liu, A. Wu, and R. Lalonde. Analysis
of organ motion effects on the effective fluences for liver IMRT. Phys. Med. Biol.,
52(14):4227–4244, 2007.



134 Bibliography

[Kupelian et al. 2007] P. A. Kupelian, A. Forbes, T. R. Willoughby, K. Wallace, R. R.
Manon, S. L. Meeks, L. Herrera, A. Johnston, and J. J. Herran. Implantation and
stability of metallic fiducials within pulmonary lesions. Int. J. Radiat. Oncol. Biol.
Phys., 69(3):777–785, 2007.

[Kybic and Unser 2003] J. Kybic and M. Unser. Fast parametric elastic image registra-
tion. IEEE T. Image Process., 12(11):1427–1442, 2003.

[Lambert et al. 2005] J. Lambert, N. Suchowerska, D. R. McKenzie, and M. Jackson. In-
trafractional motion during proton beam scanning. Phys. Med. Biol., 50(20):4853–4862,
2005.

[Lamecker et al. 2004] H. Lamecker, T. Lange, and M. Seebass. Segmentation of the liver
using a 3D statistical shape model. Technical report, Konrad-Zuse-Zentrum für Infor-
mationstechnik Berlin, 2004.

[Le et al. 2006] Q. T. Le, B. W. Loo, A. Ho, C. Cotrutz, A. C. Koong, H. Wakelee, S. T.
Kee, D. Constantinescu, R. I. Whyte, and J. Donington. Results of a phase I dose-
escalation study using single-fraction stereotactic radiotherapy for lung tumors. J.
Thorac. Oncol., 1(8):802–809, 2006.

[Lee et al. 1997] S. Lee, G. Wolberg, and S. Shin. Scattered data interpolation with mul-
tilevel B-splines. IEEE T. Vis. Comput. Gr., 3(3):228–244, 1997.

[Li et al. 2006] T. Li, L. Xing, P. Munro, C. McGuinness, M. Chao, Y. Yang, B. Loo,
and A. Koong. Four-dimensional cone-beam computed tomography using an on-board
imager. Med. Phys., 33(10):3825–3833, 2006.
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