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Chapter 1

Introduction

Chapter 1
Over the last few decades, minimally invasive image-guided procedures
have become increasingly popular (Galloway Jr, 2001; Ter Haar and Coussios,
2007; Xing et al., 2006; De Los Santos et al., 2013). Using image guidance during treatment facilitates minimally invasive clinical procedures (Jolesz, 1997;
Chapman and Ter Haar, 2007; Kennedy, 2005; Kennedy et al., 2014). Image
guidance provides feedback during treatment, which can lead to an improved
treatment outcome (Dawson and Sharpe, 2006; Verellen et al., 2008; Cleary
and Peters, 2010).
Image-guided therapies can be combined with different imaging modalities,
depending on the application. Applications exist using x-ray, ultrasound, MRI
and CT. Compared to other imaging modalities, MRI offers excellent soft
tissue contrasts, without using ionizing radiation. The large variety in MRI
acquisition techniques allows tuning of the contrast to specific anatomical
features, which are sometimes not visible on other modalities. In addition,
since MRI is a multiplanar technique, images can be obtained in orthogonal
planes at any angle in 2D, or even partitions at in 3D, which can be useful
for the treatment of tumors or lesions at a specific location (Lewin, 1999;
Schenck et al., 1995; Hushek et al., 2008; Weiss et al., 2008; Hinks et al., 1998).
During treatment planning, MR images can be used to assess the eligibility of
a patient for treatment and determine an optimal treatment strategy. During
treatment, regularly acquired MR images can provide feedback on the effects
of the treatment on the tissue and on the target location.
Interventional MRI has several clinical applications. MR-guided biopsy is
useful for lesions that cannot be visualized in other modalities and is used
regularly for breast and prostate lesions (Tatli et al., 2007) and head and neck
biopsies (Lewin, 1999). MR-guidance can also be applied in radiotherapy, for
which image-guidance enables a more precise treatment at the target location,
minimizing the damage to surrounding tissue (Xing et al., 2006; De Los Santos et al., 2013; Jaffray et al., 2007; Jaffray, 2012). The MR-imaging can
also be integrated directly into the linear accelerator, enabling real-time image guidance (Bostel et al., 2014; Crijns et al., 2012; Fallone et al., 2009).
In MR-guided brachytherapy, which is commonly used for the treatment of
prostate cancer, radioactive seeds are implanted percutaneously with needles
(Ricke et al., 2010; D’Amico et al., 1998; Barkati et al., 2010). Interventional
MRI is also used in ablative therapies, in which tumor cells are destructed
by lasers (Kettenbach et al., 1998; Dick et al., 2003; Streitparth et al., 2009;
Vogl et al., 2004; Hindley et al., 2002; Tovar-Spinoza et al., 2013; Bomers
et al., 2016), microwaves (Hoffmann et al., 2016) or by chemical (Shiina et al.,
1990; Livraghi et al., 1993; Clark, 2003; Yu and Burke, 2014) or thermal
(Goldberg et al., 2000) coagulation of the tissue. Among others, thermal
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therapies include cryoablation, radiofrequency ablation and high-intensity focused ultrasound ablation. MR-guided cryoablation is a technique in which
percutaneous ablation is performed by freezing of the tissue with a probe
(Gangi et al., 2012; Callstrom et al., 2013; Silverman et al., 2000; Sabel et al.,
2004). The generated ice ball and the structures located around it can be
visualized superiorly on MRI, compared with CT or ultrasound (Tatli et al.,
2007). In radiofrequency ablation, the target tissue is ablated by heat that
is generated by alternating currents (Anzai et al., 1995; Boaz et al., 1998; Ni
et al., 2005). Finally, thermal ablation using high-intensity focused ultrasound
(HIFU) Hynynen (2010); Kim (2015); Schlesinger et al. (2013); Dubinsky et al.
(2008); Zhou (2011) makes use of heat generated by an ultrasound focus to
perform tissue ablation. The temperature elevation in the targeted tissue
causes local coagulative necrosis and apoptosis of the tumor cells.
Although HIFU can also be used with ultrasound guidance (Zhou et al.,
2011; Zhang et al., 2014, 2015a; Kovatcheva et al., 2015), MR offers the advantage of mapping the temperature and excellent soft tissue contrast, therefore
contributing to the safety of the treatment. Several MR-thermometry techniques exist, of which the most widely used technique is the proton resonance
frequency shift (PRFS) method, which makes use of the dependency on temperature of the resonance frequency of protons. By measuring the resulting
phase change in gradient echo acquisitions, the relative change in temperature
can be assessed (Rieke and Butts Pauly, 2008; de Senneville et al., 2007b).
For MR-HIFU treatment, the conventional MR-table is replaced with a HIFU
table with an integrated ultrasound transducer. As an example of such a
setup, in Figure 1.1, the Philips Sonalleve MR-HIFU breast system is depicted. MR-HIFU is already used in clinical practice for thermal ablation of
uterine fibroids (Chapman and Ter Haar, 2007; Hindley et al., 2004; Voogt
et al., 2011, 2012; Ikink et al., 2013; Hesley et al., 2013; Stewart et al., 2006;
Shen et al., 2009; Morita et al., 2008; Zhang et al., 2010) and for palliative
treatment of painful bone metastases (Liberman et al., 2009; Napoli et al.,
2013; Gianfelice et al., 2008; Catane et al., 2007; Hurwitz et al., 2014; Huisman et al., 2014). Other possible applications include ablation of lesions in
the breast (Schmitz et al., 2008; Huber et al., 2001; Deckers et al., 2015; Merckel et al., 2013; Peek et al., 2015), brain (Clement and Hynynen, 2002; Colen
and Jolesz, 2010; Coluccia et al., 2014; Rieke et al., 2013), kidney (Cornelis
et al., 2011; Illing et al., 2005; Roujol et al., 2010), pancreas (Marinova et al.,
2016; Li et al., 2012), heart and liver (Ter Haar et al., 1989; Okada et al.,
2006; Kennedy et al., 2004; Fischer et al., 2010; Holbrook et al., 2010; Wijlemans et al., 2015b; Illing et al., 2005; Kang and Rhim, 2015; Khokhlova and
Hwang, 2016). Next to ablation, MR-HIFU is also applied for local drug deliv3
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Figure 1.1: The first version of the Philips Sonalleve MR-HIFU system for
treatment of uterine fibroids (Source: Philips Healthcare).
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ery using mild hyperthermia (Partanen et al., 2012; de Smet et al., 2011; Grüll
and Langereis, 2012; Schroeder et al., 2009), immunomodulation (Wu, 2016;
Cohen-Inbar et al., 2016; Hu et al., 2005), (boiling) histotripsy (Hoogenboom
et al., 2015; Khokhlova and Hwang, 2011; Zhang et al., 2015b) and radiation
sensitization (Kim, 2013; Ma et al., 2015; Borasi et al., 2014; Caissie et al.,
2011; Yao et al., 2014).
For successful application of MR-HIFU ablation procedures in moving organs, the safety and efficiency of the treatment are compromised by organ
motion. A possible solution to prevent safety issues is performing respiratory
gating, in which sonications are restricted to a short time window in which
the organ is at a specific position (van Breugel et al., 2016). However, this
approach limits the efficiency of the treatment. Firstly, no sonications are
performed during a part of every motion cycle. Secondly, during this time,
cooling of the tissue will occur, especially for highly perfused organs such as
the liver, for which the blood vessels cause a heat-sink effect. Consequently,
no thermal build-up will be achieved at the target. An approach with continuous sonication would be more time-efficient, but this would require means
for organ and target tracking, for prediction of the anatomy in real-time, such
that the hardware can be adjusted according to the new target position.
Another issue in these treatments is the possible obstruction of the beam
path by other organs or structures (e.g. air bubbles) positioned in front of
the target organ. Generally, damage to surrounding tissue needs to be minimized. For MR-HIFU specifically, the presence of different tissue types in the
beam path leads not only to safety issues, but also to difficulties in achieving the desired thermal dose in the target, due to the absorption, reflection
and refraction of the ultrasound beam by these tissues. This is the case for
MR-HIFU treatment in the liver, in which the rib cage partially obstructs the
ultrasound beam path to the liver (de Greef et al., 2015; Petrusca et al., 2015;
Gélat et al., 2014; de Senneville et al., 2016; Quesson et al., 2010). Absorption
of the ultrasound by the ribs should be avoided for two reasons. Firstly, this
absorption causes heating of the ribs, which could cause serious harm to the
patient, possibly resulting in burns and infections. Secondly, the treatment
itself will be less effective, since the absorption of the ultrasound by the bone
will result in a less accurate focus at the target. Therefore, it is both safer and
more efficient to avoid the ribs and create a higher intensity in the intercostal
spaces. Therefore, the position of the ribs must be known.
Automatic image processing solutions could potentially contribute to an
accurate treatment planning of image-guided procedures. Image registration
and segmentation can be applied in various ways to facilitate an optimal treatment strategy and minimize the abovementioned risks.
5
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Figure 1.2: Rib detection in 3D MRI (rib cage overlay in green).
In this thesis, a few issues regarding MR-HIFU treatment of the liver
and painful bone metastases are addressed and image processing solutions are
proposed. Although the focus of this work is on MR-HIFU, most methods
could possibly also be applied to treatment planning of other image-guided
therapies, such as MR-based radiotherapy.
The first chapters focus on the application of MR-HIFU for ablation of liver
lesions. Although MR-HIFU has not yet been routinely clinically applied in
the liver, it has potential to become a clinical procedure in the future. Several
studies have already been performed in animals (Quesson et al., 2011) and
clinical studies have been performed in patients (Illing et al., 2005; Anzidei
et al., 2014; Dupré et al., 2015; Ng et al., 2011; Wu et al., 2004; Zhang et al.,
2009; Chen et al., 2015).
In Chapter 1, a method is presented with which both the bone and the
cartilage of the rib cage can be segmented automatically in 3D MRI, without
using a precomputed model or training images (see Figure 1.2). The approach
in this work is a full rib cage detection. For this purpose, a specific MR
acquisition protocol was developed to yield an optimal visualization of the
ribs. These data were acquired on healthy volunteers. This automatic rib
cage detection might contribute to an accurate planning of the sonication for
MR-HIFU ablation procedures in the liver.
For successful application of radiotherapy or MR-HIFU in the liver, one of
the main issues is liver motion and deformation, which is induced by breathing,
6
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Figure 1.3: A slice from a 3D liver breathhold volume MR scan (left), which
needs to be registered to a 2D dynamic liver MR scan (middle). Overlay of
the predicted slice on this dynamic 2D MR scan of the liver (right). Both
scans were thresholded to clearly depict the blood vessel positions.

cardiac motion and by motion of surrounding organs. In case of gross patient
motion, the HIFU transducer should be switched off immediately. The probability that such motion occurs depends on the depth of sedation that will be
used in the patients during this procedure (Wijlemans et al., 2015a). During
treatment, the target location must be known, to allow accurate treatment and
prevent damage to other tissues. To adjust the treatment geometry according
to this feedback, it is required to predict the motion path of the target to
account for this processing time. Such motion modeling is also helpful during
treatment planning, to assess the feasibility of the procedure and to determine
the best possible approach of the target.
Image registration is the process of applying a deformation field to one
image, to map its coordinate system to that of another image (Maintz and
Viergever, 1998; Maes et al., 1997). The required deformation is found by
an iterative process, in which the transformation is searched for which the
images have a maximum similarity. Depending on the type of images, different
similarity metrics may be used.
In Chapter 3, registration between dynamic MR images acquired at different time points is used to create a motion model of the liver (see Figure 1.3).
The deformation field yielded by the registration represents the motion that
occurred between two different time points. This information can be used to
form a motion model, that can predict liver motion throughout the breathing
cycle. In this chapter, the focus is on the theory of building a model that predicts the average target trajectory in the moving liver. The method is tested
on data acquired on healthy volunteers.
Combined with temporal prediction of the breathing signal, such a model
might also be applied during treatment to provide input for adjusting the
7
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HIFU focus regularly. In Chapter 4, this motion model is extended with the
recording of the respiratory signal during MRI image acquisition. A temporal
prediction filter is used to predict this respiratory signal for a few time points
in the future. The possible application of this model during treatment is investigated by evaluating the performance of this temporal prediction, combined
with variations in the breathing pattern. Although the model is not applied
in a clinical setting, an assessment is made on the robustness and possible
limitations in practice.

Figure 1.4: Bone overlay obtained from CT overlaid in red on MR image of
the pelvis.
In Chapter 5, a clinical issue is addressed that involves MR-HIFU treatment of painful bone metastases. For these patients, a CT is acquired to
assess the state of the cortical bone prior to treatment. During treatment
planning, an MR image is acquired, on which the soft tissue in the target area
is visualized. In this chapter, an image registration framework is described
between the pre-treatment CT and MR images, such that information from
both modalities is combined. A bone segmentation obtained from the registered CT images can be overlaid on the MR images to allow physicians to
analyze all available information simultaneously (see Figure 1.4). This way,
the tumor growth and state of the tissue can be assessed on MRI, while the
CT overlay presents information on the amount of cortical bone that is present
in the tumor or that has disappeared at the location of the tumor, in case of
an osteoblastic or osteolytic lesion, respectively.
In Chapter 6, a summary of this thesis is presented, containing a short
review of the work described in each chapter. Finally, in Chapter 7, the
8
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results are discussed from a general perspective. The role of image processing
in the current and future application of HIFU treatments and image-guided
interventions in general is discussed and open issues are addressed.
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Automatic rib detection in
3D MRI for MR-HIFU
treatment of liver lesions

Chapter 2
Abstract
Segmentation of the rib cage is essential for proper treatment planning during Magnetic Resonance-guided High Intensity Focused Ultrasound (MR-HIFU) procedures in the liver. In such procedures, thermal
ablation of tumor tissue is achieved by use of focused ultrasound. Ribs
obstructing the ultrasonic beam path pose limitations on the beam geometry and the achievable thermal dose delivered to the target. For a
safe ablation procedure, it is therefore necessary to know the exact position of the ribs. Our work aims at detecting the entire rib cage in 3D
MRI, both the cartilage and the bone.
3D MRI data of the rib cage were acquired from 21 healthy volunteers. A vesselness filter was used to highlight elongated structures.
Thresholding and classification were used to extract structures belonging to the ribs. Dimensionality reduction was performed by fitting a
surface to these structures and unfolding this surface to a 2D plane. In
this plane, a simultaneous path search was performed to detect all visible ribs using a minimal cut-maximal flow algorithm. These paths were
mapped back to the 3D space to obtain an initial detection of the ribs,
which could subsequently be grown to a full rib cage segmentation.
Of all visible ribs in the dataset, 93% were detected. Of these visible ribs, 87% were detected correctly, which means that these ribs were
represented by one single path. As a proof of concept, one result was extended to a full rib cage segmentation, using a fast-marching algorithm.
This yielded an average boundary error of 2.0 mm.
The proposed method showed good performance in detecting the full
rib cage in 3D MR images. If ribs were not detected, these were usually
the most superior ribs, which would not be an issue for the purpose of
MR-HIFU in the liver.
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2.1

Introduction

MR-HIFU is a promising non-invasive therapeutic modality for image-guided
ablation of tumor tissue using focused ultrasound produced by an extracorporeal transducer array. The deposited acoustic energy causes temperature
elevation in the tissue and, when an adequate thermal dose (Sapareto and
Dewey, 1984) is delivered, this induces cell necrosis. During the ablative sonications, the temperature is monitored by MR thermometry. The MR-HIFU
technique is currently clinically applied for ablation of uterine fibroids and
painful bone metastases, but also holds promise for treatment of lesions in abdominal organs, like the liver (Ter Haar et al., 1989; Wijlemans et al., 2015b;
Chen et al., 2015; de Senneville et al., 2016; Holbrook et al., 2014). However,
several issues impede straightforward application of MR-HIFU ablation to
abdominal lesions, such as organ motion and difficulties regarding the beam
geometry. Consequently, abdominal applications of MR-HIFU ablation are
still in the developmental stage.
For the liver in particular, since it is enclosed by the rib cage, the ribs
partially obstruct the ultrasound beam path from the transducer array to the
target volume. Without countermeasures, the high absorption rate of cortical
bone would cause a large part of the ultrasound power to be absorbed by
the ribs. This results in harmful heating of the ribs, possibly causing tissue
burns and infections. Moreover, the effective dose delivered to the target is
compromised. Therefore, knowledge of the position of the ribs is necessary
to obtain an optimal and safe beam geometry shape (de Greef et al., 2015;
Petrusca et al., 2015; Gélat et al., 2014; Quesson et al., 2010). Beam shaping
can then be achieved with a multi-element transducer, by switching on and off
individual elements to create the desired focus (Marquet et al., 2011; Quesson
et al., 2010; Gélat et al., 2011).
Lately, developments have been made towards MR-only simulation for radiotherapy treatment planning (Karlsson et al., 2009; Lee and Reeves, 2010;
Fraass et al., 1987; Rank et al., 2013; Nyholm and Jonsson, 2014; Liney and
Moerland, 2014). In this process, different tissue types are distinguished such
that electron density values can be assigned to them to generate an MRCAT image (Magnetic Resonance for Calculating Attenutation) (Köhler et al.,
2015). This image can be used for treatment planning, to perform dose calculations. Typically, tissue segmentation is performed to distinguish between
soft tissue, air and bone (Köhler et al., 2015; Maspero et al., 2015; Eilertsen
et al., 2008). It is also possible to image cortical bone, using dedicated MRI
methods like ultra-short echo time imaging (UTE) (Robson and Bydder, 2006;
Du et al., 2013; Wiesinger et al., 2016; Edmund et al., 2014). Unfortunately,
13
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UTE sequences become rather lengthy with a large field of view (Köhler et al.,
2015). Therefore, automatic rib segmentation in MRI might also be useful for
treatment planning of radiotherapy.
The rib cage consists of cartilage and bone. The anterior part of the rib
cage incorporates the sternum and the cartilage attached to it. The actual
ribs consist of cortical bone and bone marrow and are attached to the spine.
The first seven ribs are attached anteriorly to the cartilage, the 8th , 9th and
10th rib are attached to the 7th rib and finally, the 11th and 12th ribs (the
floating ribs) are not attached to the anterior part.
In clinical practice, x-ray techniques such as CT and radiography are the
conventional imaging modalities for the rib cage. However, MR imaging is
already available during MR-HIFU treatment. Performing rib segmentation
directly in MRI avoids the need for acquiring a CT scan solely for treatment
planning purposes. Subsequent registration of this CT image to the MR images (Noorda et al., 2014) used for planning is therefore also avoided. This
would result in a more efficient clinical workflow and it would prevent ionizing
radiation exposure for the patient.
Automatic detection of the ribs is difficult in MRI, since cortical bone does
not yield MR signal in standard clinical sequences. The ribs can therefore only
be distinguished by their contrast with the surrounding tissue.
In the literature, several methods have been described for rib segmentation
in CT. These segmentation methods are model-based (Klinder et al., 2007), or
based on graphcuts (Pazokifard and Sowmya, 2013), classification (Staal et al.,
2007) or distance criteria (Lee and Reeves, 2010; Banik et al., 2010; Pazokifard
et al., 2014; Preteux, 1992). In addition, methods exist for costal cartilage
segmentation only. These methods are based on vesselness (Barbosa et al.,
2015; Noorda et al., 2012), morphology (Zhao et al., 2014b), distance features
(Pazokifard et al., 2015; Holbrook and Butts Pauly, 2007) or on a statistical
shape model (Zhao et al., 2014a). On the other hand, little work has been
done on rib segmentation methods for MRI. The only method described for
rib segmentation in MRI was developed by Samei et al. (2014b,a) This method
used a rib cage shape model, which was generated from CT, combined with
an MR-based appearance model.
In this chapter, we propose an automatic method for rib detection using
only 3D MRI. Our approach is based on a multi-path search in a 2D surface
that encloses the rib cage. We evaluated our results by comparing the obtained rib boundaries with manual delineations. In addition, all results were
inspected visually on correctness of the paths and on completeness of the rib
cage.
14
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2.2

Materials and methods

Data
Data were acquired in 21 healthy volunteers (10 male, 11 female), aged from
19 to 37 years (average 27 years). The volunteers underwent the regular MRI
safety screening protocol at our institution and signed an informed consent
form. After some survey scans, a coronal 3D T1-weighted spoiled gradient echo
scan was acquired during a breathhold at inspiration (1.5-T Philips Achieva,
TR/TE 4.03/1.96 ms, flip angle 10◦ , acquired voxel size 1.50 × 1.50 × 4 mm3 ,
reconstructed voxels size 1.372 × 1.372 × 2 mm3 , acquisition matrix 264 × 264
× 90, half-scan in-plane factor 0.7 and through-plane factor 0.85, P reduction
(RL) SENSE factor 1.6, S reduction (FH) sense factor 1, acquisition time 28.9
s).

Methods
Our aim was to find a collection of 3D paths in the image, which together
formed an initialization for a full rib cage segmentation. To simplify the
problem, we first defined a 3D surface enclosing the rib cage and then detected
the rib paths within this effectively 2D space with a simultaneous path search.
The simultaneous search allowed setting restrictions to the paths (e.g. a noncrossing constraint, minimum and maximum distance between the ribs) and
increased robustness compared with sequential single path searches.
The different steps of the method are described in more detail next.
Fitting a surface enclosing the rib cage in 3D
To simplify the problem, a path search for the ribs was performed in 2D. To
be able to convert the 3D problem to a 2D problem, a surface enclosing the
rib cage was found by a sequence of processing procedures.
Initialization First, an initialization was performed whereby structures with
a high probability of belonging to the rib cage were located. For this purpose,
the vesselness filter of Frangi et al. (1998), which calculates vesselness by considering the eigenvalues of the Hessian, was applied to the original image to
highlight elongated structures such as the ribs. The scale σ was set to 4.0, 5.0
and 6.0, which represented the range of possible diameters for rib structures.
The maximum vesselness value for each voxel was taken. The vesselness was
calculated for bright structures (cartilage) and dark structures (bone) separately, which was simply achieved by changing the sign of the eigenvalues
15
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(a) Initial cartilage structures.

(c) Surface enclosing the rib cage.

(b) Initial rib structures.

(d) The 2D vesselness search space

(e) The paths overlaid on the 2D search space.

(f) The final 3D rib cage skeleton.

Figure 2.1: An overview of the rib detection method. (a) Initial cartilage
structures were found using a vesselness filter. (b) Initial rib structures were
found using a vesselness filter. (c) A surface enclosing the rib cage was fitted
to these initial structures, which represented the search space for the path
finding algorithm. (d) Unfolding of this surface in 3D yielded a 2D search
space on which the corresponding vesselness values were projected. (e) A
simultaneous path search was performed in this 2D space. (f) The resulting
paths were back-projected on the 3D surface as a skeleton representation of
the rib cage.
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associated with the directions perpendicular to the elongated structure. Nonmaximum suppression of the vesselness values was performed on each slice perpendicular to the rib direction (the coronal/sagittal slices of the dark/bright
vesselness output, respectively). In this way, only points with a high probability of belonging to an elongated structure were kept. Small structures (fewer
than five voxels) were removed by connected component analysis. Automatic
segmentation of the lungs was performed using a fast active contour algorithm
(Malcolm et al., 2008). The components close to the lungs were marked as ribs
or cartilage. A downward search was performed to find additional components
that were at the same depth in the body. These structures were also included.
In Figure 2.1a and Figure 2.1b, example results of the initial cartilage and rib
structures are shown.
B-spline surface fitting The structures found in the above explained procedure were skeletonized. A 3rd -order B-spline was fitted to these remaining
points, as shown in Figure 2.1c, using the implementation from the Insight
Segmentation and Registration Toolkit (ITK)(Johnson et al., 2015). The point
set was parameterized by the polar angle θ and the height z in feet-head (FH)direction, establishing a cylindrical coordinate system. The resulting B-spline
surface described the outer contour of the rib cage in 3D. This surface was
unfolded to a 2D plane of size X × Y . Here, X was the number of pixels in
horizontal direction, depending on the number of angular samples, and Y was
the number of pixels in FH-direction. Each pixel in this 2D search space was
assigned the inverse vesselness value of each corresponding 3D point. Based
on the orientation of the structures, the search space was divided into four
areas {Q1 , Q2 , Q3 , Q4 }, representing the left and right sides of the cartilage
and bone, to which the inverse values of the bright/dark vesselness output
were assigned, respectively. This is shown in Figure 2.2.
Simultaneous path search
After reducing the dimensionality of the problem in this way, a simultaneous
graph-based path search was performed to find the location of all ribs, such
that every rib was represented by a path in the 2D search space. Searching all
paths simultaneously has several advantages compared with multiple individual searches: the speed of the algorithm is increased, robustness is increased
and constraints can be imposed on the paths. For example, a non-crossing constraint, a minimum and maximum interpath distance, and symmetry criteria
can be applied. The problem of finding these minimal paths was transformed
to computing a minimum closed set in a node-weighted directed graph (Wu
17
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Q1

Q2

Q3

Q4

Figure 2.2: Division of the search space into regions containing bone (Q1 and
Q4) and regions containing cartilage (Q2 and Q3) on the left and right sides
of the sternum.
and Chen, 2002; Li et al., 2006). For this purpose, two terminals were added
to the graph, a source s and a sink t. The nodes in the source set corresponded
to the minimum closed set; the nodes in the sink set were not contained in
the minimum closed set.
A structure of N minimal paths (N representing the number of ribs visible in the image, which was automatically estimated by the number of detected bony rib structures) was extracted from the image. A 3D graph G
was constructed for all paths simultaneously and therefore consisted of N
2D subgraphs, each representing the search space for one specific path. The
graphs consisted of columns, that represented a column of pixels at a certain
x-coordinate in the 2D image. The height of a node in this column was the
y-coordinate of the pixel that was associated with this node.
Let x be the horizontal coordinate (the column coordinate) and y the
height of the node. Then the cost of a node v with coordinates (x, y) was
based on the difference with its lower neigbor of the inverse vesselness value
in the 2D search space H (shown in Figure 2.1d):

H(x, y)
if y = 0,
w(v) =
(2.1)
H(x, y) − H(x, y − 1) otherwise
The paths were required to satisfy a number of constraints:
1. Maximum intrapath distances nRL and nLR (the maximum difference
of the y-coordinate for neighboring nodes in the same path, in left-right
18
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Table 2.1: The maximum intrapath distances defined per region.
Region

nLR

nRL

Q1
Q2
Q3
Q4

5
0
5
0

0
5
0
5

and right-left direction, respectively)
2. Maximum symmetry deviation δs between the left and right ribs
3. Minimum and maximum interpath distances δmin and δmax
Intrapath distances The intrapath distances specified the smoothness of
the paths, depending on their direction. The parameters nRL and nLR , representing the number of nodes in a neighboring column that were considered for
each node, were allowed to vary for each column. By allowing a different number of neighbors on the right and left side of a node, the paths could be forced
to have a downward or upward direction. The division of the search space
in regions Q1, Q2, Q3, Q4 was exploited to enforce different path directions,
corresponding to the different orientations of the bone and the cartilage. The
values of nRL and nLR are given in Table 2.1. In this way, from left to right
the paths were only allowed to move downwards in Q1 and Q3 and upwards
in Q2 and Q4 (see Figure 2.2).
Symmetry constraint Since the rib cage was approximately symmetric in
the generated projection, the paths were forced to contain a certain degree
of symmetry around the middle θ-coordinate. The parameter δs specified the
maximum allowed difference in vertical position between two nodes that were
assumed to be symmetric. In this work, a value of δs = 10 was used for all
paths.
Interpath distances The minimum and maximum distances between two
non-crossing paths were allowed to vary for each column. The intercostal
space is largest for the bony part of the rib cage, whereas the ribs grow closer
towards the sternum. We let δmax vary between 10 at the sternum and 30 in
the bone, and δmin varied between 1 at the sternum and 20 in the bone.
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Figure 2.3: The distancegtestconstraints that were used to build the graph G,
plotted against the sampling angle θ, which was defined such that θ = 0 was
at the sternum.

Figure 2.3 shows the values of all constraints, varying with the polar angle
θ. These constraints determined the geometry of the graph that was built,
following the approach of Wu and Chen (2002) and Li et al. (2006)
In appendix 1A, a more detailed description of the graph construction is
given.
The minimum closed set of the graph G was obtained by computing a
minimum cut through the graph, as proposed by Li et al. (2006). It was
calculated using the Boykov-Kolmogorov algorithm (Boykov and Kolmogorov,
2004). This minimum cut divided the graph nodes into a source set and a sink
set. The N upper envelopes of the nodes in the source set for each subgraph
Gi corresponded to the N minimal paths (see Figure 2.1e).

Mapping paths in 3D
The paths that were found with the method described above were mapped
back to 3D using the corresponding coordinates of the B-spline surface. The
2D paths were smoothed using a moving average filter and then upsampled
with a factor of five. The B-spline surface was also sampled at a 5 times
higher frequency, resulting in steps of ∆θ/5 = 0.001. This resulted in smooth
3D lines defining the ribs. Hereafter, we will refer to this structure as the rib
cage skeleton.
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Figure 2.4: Example of a rib cage skeleton obtained with the automatic rib
detection method, for subject 1 (see Table 2.2).

Full rib cage segmentation
To investigate the suitability of the rib cage skeleton as an initialization to
a full rib segmentation, an example segmentation was carried out using the
fast-marching algorithm image filter from ITK (Johnson et al., 2015; Sethian,
1999). This resulted in a full rib cage segmentation, containing the cartilage
as well as the bone.

2.3

Evaluation

It was not feasible to manually create complete rib cage segmentations, because the time to construct these would be prohibitive. The performance of
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Table 2.2: Qualitative evaluation of the rib detection for all volunteers.
Subject

Completeness

Correctness

Regularity

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21

7/8
7/8
8/8
7/7
8/8
7/8
8/9
7/9
8/9
7/8
7/8
7/7
7/7
8/9
7/7
8/8
8/9
8/8
8/9
8/8
8/8

7/7
6/7
4/8
7/7
8/8
6/7
8/8
6/7
8/8
6/7
0/7
7/7
7/7
5/8
7/7
6/8
8/8
8/8
8/8
8/8
8/8

+
±
±
±
±
±
±
+
±
+
+
±
+
±
±
±
±
+
+

the algorithm was therefore evaluated by visual inspection of the resulting 3D
skeleton by the first author. Three criteria were investigated:
1. The completeness of the skeleton
2. The correctness of each rib
3. The regularity of each rib
Completeness of the rib cage skeleton meant that all ribs present in the
original image were included in the skeleton. Correctness of the ribs meant
that each path truly represented one rib only and did not cross over to another
rib. In addition, regularity of the ribs was a qualitative measure, meaning that
the paths representing the ribs did not contain inconsistencies, such as moving inward or outward. For the last criterion, three categories were defined:
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cases where the ribs in the skeleton were smooth and easily extendable to a
full segmentation (+), cases where irregularities existed for some ribs, but a
full segmentation was still attainable (±), and cases where the skeleton was
completely irregular and not extendable to a full segmentation (−).
To investigate the possibility of extending the algorithm to a full rib cage
segmentation, the example segmentation obtained by fast marching was evaluated. For this purpose, one coronal slice in the middle of the volume was
taken for evaluation of the bone segmentation, and two sagittal slices were
taken in the left and right sides of the volume for evaluation of the cartilage
segmentation. In this way, the boundary error was measured at four points for
every rib: twice in the cartilage and twice in the bone, for both the left and
the right side. The outer contour of the automatic segmentation was visually
compared against the delineated contours for every rib that was visible. For
quantitative evaluation, the mean boundary error and the Hausdorff distance
between these contours was measured.

2.4

Results

The output of the algorithm was a 3D skeleton representing the rib cage.
Figure 2.4 shows a representative example.
For each subject, the skeleton was evaluated for completeness, correctness
and regularity. These results are summarized in Table 2.2. In general, most
ribs visible in the image were also present in the skeleton. If the skeleton was
incomplete, usually the upper ribs were missing, which were often partially
outside the field of view. For subject 3, the rib detection failed completely. In
this case, the vesselness output was so low that almost no cartilage structures
were detected in the first step. Therefore, the ribs that were detected for this
subject were completely incorrect at the anterior side. For the other subjects,
most ribs were detected correctly. Irregularities occurred, but did not have
a significant influence on a full segmentation based on the skeleton. In total,
93% of all ribs that were fully contained in the field of view were detected,
and 87% of these ribs were detected correctly.
The result of extending the algorithm to a full rib cage segmentation for
subject 1 is presented in Figure 2.5.
The overlay of this segmentation on the original data is shown in Figure
2.6.
For the example case which was extended to a full segmentation, the mean
boundary error and the Hausdorff distance were calculated for every rib. The
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Figure 2.5: 3D rendering of a full 3D rib cage segmentation for subject 1,
acquired with a fast marching algorithm.
average boundary error found this way was 2.0 mm, and the average Hausdorff
distance was 5.1 mm. All boundary errors are presented in Table 2.3.

2.5

Discussion

We have developed an automatic method for rib detection in 3D MRI. The
method was based on finding initial rib structures by using rib-like features,
a B-spline fitting of the enclosing surface of the rib cage, and a graph-based
minimal-path search of all ribs simultaneously.
In general, the obtained results were promising. The algorithm was capable
of finding almost all ribs that were present in the field of view. When ribs were
missing, these were usually the upper ribs that were only partially visible.
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Table 2.3: Average boundary error and Hausdorff distance of the full 3D rib
cage segmentation of Fig. 2.5, evaluated at two points for every rib.
Rib number
bone
3
4
5
6
7
8
9
10
Average

Average boundary
error (mm)
Left
Right

Hausdorff
distance (mm)
Left
Right

1.2
1.0
1.4
2.4
1.7
2.1
1.9
2.7
1.8

3.1
2.7
3.9
7.0
4.1
5.8
5.5
5.5
4.7

3.1
2.3
1.0
1.6
2.3
2.2
2.5
2.0
2.1

6.9
5.8
3.1
6.9
4.9
5.7
4.9
5.5
5.5

Total average

2.0

5.1

Rib number
cartilage

Average boundary
error (mm)
Left
Right

Hausdorff
distance (mm)
Left
Right

1.6
1.5
3.3
2.6
0.7
0.6
2.2
1.8

4.0
4.2
9.7
4.6
2.4
2.7
4.2
4.5

3
4
5
6
7
8
9
Average
Total average

2.9
1.3
1.9
2.2
1.5
1.3
1.2
1.8
1.8

8.0
2.4
3.4
5.5
4.2
4.0
2.0
4.2
4.4
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Figure 2.6: Overlay (green) of the full 3D rib cage segmentation of Fig. 2.5
on the original image.

For almost all subjects, the rib cage skeleton contained all ribs visible in
the image and the ribs were in general correct. For most subjects, the paths
did not contain significant irregularities. The paths were still contained in
the rib and consequently an extension to a full segmentation was possible.
The segmentation failed completely for one subject. This particular image
was relatively noisy, resulting in a low vesselness output in the very first step.
This issue could probably be resolved by acquiring a higher quality MR scan.
In addition, it was shown that extension to a full rib segmentation was possible, by using a fast marching algorithm. This full rib segmentation yielded
an average boundary error of 2.0 mm for the bone and 1.8 mm for the cartilage.
The average Hausdorff distance, representing the largest boundary error for
all points on the rib boundary, was 5.1 mm for bone and 4.4 mm for cartilage.
Since only data of healthy volunteers could be used, the ribs showed no
abnormalities. However, for clinical use, the algorithm would be required to
handle deviating anatomies, such as missing ribs or lesions. It is not expected
that this will occur frequently, since the patients are selected based on lesions
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in the liver, not in the ribs.
The benefit of using this automatic rib detection for image-guided interventions is that no CT would be necessary. The algorithm detects the ribs
purely based on the MRI data. This can easily be included in the treatment
planning step of the treatment protocol for an MR-HIFU procedure.
The image acquisition time was 28.9 s in breathhold. Since patients undergoing HIFU treatment of the liver will be sedated, this should be feasible. To
reduce the scan time, faster acquisition protocols, for example using parallel
imaging or compressed sensing, might be used. An alternative might be to use
a protocol with respiratory gating, either using a navigator or a respiratory
belt, to allow free breathing during image acquisition.
Possible improvements of this method lie predominantly in the detection
of anomalies beforehand. The algorithm uses a simultaneous path search,
forcing closed paths in the outcome. This leads to robustness, which could be
a beneficial feature if the data contain noise in some areas. However, if the
anatomy deviates due to tumors or missing parts, it might be preferable to
allow more flexibility.

2.6

Conclusion

An automatic rib cage detection method, using T1-weighted gradient echo MR
data as input, was developed, including both cartilage and bone. The method
uses a simultaneous graph-based path search. The result was a 3D skeleton
representing the rib cage. In principle, this skeleton is suited for extension to a
full rib cage segmentation. For one subject, such a full segmentation was performed, yielding an average boundary error of 2.0 mm with respect to manual
delination at specific positions in the ribs. These results seem promising for
further development of an automatic rib cage segmentation pipeline.
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Appendix 2A
The graph G represented the search space for N non-crossing paths in a 2D
plane H of dimensions X ×Y , consequently containing N ×X ×Y nodes. Each
node V (x, y) was assigned a cost value w(x, y), representing the likeliness of
the corresponding pixel H(x, y) to be part of a rib (see Equation 2.1). The
connections between the nodes determined the structure of the search space.
The node connections were formed using directed intracolumn arcs, intercolumn arcs and interpath arcs. These arcs implemented the path constraints as
defined in section 2.2.
From here on, we will refer to a node v at location (x, y) belonging to path
i as v = Vi (x, y). Likewise, an entire column located at column coordinate x
is referred to as Coli (x).
Intracolumn arcs The intracolumn arcs E a connected each node V (x, y)
in column Col(x) to the underlying node V (x, y − 1), as shown in Figure 2.7a.
Intercolumn neighbor arcs The intercolumn arcs E r formed connections
between columns belonging to the same subgraph, specifying the intrapath
smoothness constraints. Each node V (x, y) was connected to node V (x −
1, y − nLR ) ∈ Col(x − 1) and V (x + 1, y − nRL ) ∈ Col(x + 1), representing the
nodes in the left/right adjacent column that were located nLR /nRL positions
lower, respectively. The difference in smoothness in left-right and right-left
direction enforced the paths to follow a specific direction. This is shown in
Figure 2.7b.
Intercolumn symmetry arcs The symmetry constraint δs restricted the
vertical distance between two nodes that were assumed to be symmetric in the
coronal plane. The column xsym yielding the highest reflective symmetry in
the image was taken as the reflection axis. The set of intercolumn symmetry
arcs E s was formed by connecting the nodes V (x, y) in every column x to
their mirrored neighbors V (2xsym − x, y − δs ), as shown in Figure 2.7c.
Interpath arcs The interpath arcs E p implemented the interpath constraints. They connected nodes in corresponding columns Coli (x) and Colj (x)
of the 2D subgraphs Gi and Gj that represented the different paths i and j.
The distances δmin and δmax determined the specific connections as shown in
Figure 2.7d. Directed arcs were introduced connecting each node Vi (x, y) to
Vj (x, y − δmax ) and each node Vj (x, y) to Vi (x, y + δmin ).
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Figure 2.7: The construction of the intracolumn arcs E a , the intercolumn arcs
E r , the intercolumn symmetry arcs E s and the interpath arcs E p .
Figure 2.8 displays the construction of the entire graph G including all
abovementionedSarcs.
The nodes N
i=0 {Vi (x, y) | y < (N − i − 1) · δmin ∨ y > Y − i · δmin } were
deficient nodes, since they could not possibly be part of any solution given
the interpath constraints, enforcing at least a space of size δmin between
every path. For each subgraph Gi , the set of valid nodes was given by
{Vi (x, y) | x ∈ x, y ∈ yi }, with x = {x | 0 ≤ x < X} and yi = {y | (N − i − 1) · δmin ≤ y < Y − i · δmin }.
The deficient nodes were removed from the graph by assigning them an infinite cost value. Since no arcs existed connecting these nodes to other nodes,
they were assigned to the sink set by default. The node set forming the lowest
feasible path in G, called the base set, was therefore given by:
V

B

=

N
[


Vi x, (N − i − 1) · δmin



.

(2.2)

i=1
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𝑛𝐿𝑅
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intercolumn
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path 1
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Figure 2.8: All types of arcs displayed in the graph construction.
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To make the base set strongly connected, additional arcs were added.
Bidirectional intercolumn arcs were added between nodes Vi (x, i · δmin ) and
Vi (x + 1, i · δmin ). Similarly, bidirectional
interpath arcs were added between

nodes Vi 0, (N − i − 1) · δmin and Vi+1 0, (N − i) · δmin .
In summary, the graph G contained the following arcs:
a

E =
Er =

N[
−1

n

i=0
N[
−1

n



Vi x, y , Vi x, y − 1

y ∈ yi

o

(2.3)



Vi x, y , Vi x − 1, y − nLR

i=0

o
x ∈ {1, . . . , X − 1}, y ≥ nLR , y ∈ yi ∪
n


Vi x, y , Vi x + 1, y − nRL
o
x ∈ {0, . . . , X − 2}, y ≥ nRL , y ∈ yi ∪
n


Vi x, (N − i − 1) · δmin , Vi x − 1, (N − i − 1) · δmin
o
x ∈ {1, . . . , X − 1} ∪
n


Vi x, (N − i − 1) · δmin , Vi x + 1, (N − i − 1) · δmin
o
x ∈ {0, . . . , X − 2}
s

E =

N[
−1



(2.4)



Vi x, y , Vi 2xsym − x, y − δs

i=0


x ∈ {0, . . . , X − 1}, y ∈ yi
p

E =

N[
−2

n



Vi x, y , Vi+1 x, y − δmax

(2.5)
o
y ≥ δmax , y ∈ yi ∪

i=0

o


Vi+1 x, y , Vi x, y + δmin
y ∈ yi ∪
n
 o

∪
Vi 0, (N − i − 1) · δmin , Vi+1 0, (N − i) · δmin

n
o


Vi+1 0, (N − i) · δmin , Vi 0, (N − i − 1) · δmin
n

(2.6)

A cost translation was performed on the nodes in the base set to guarantee
the existence of a minimum closed set solution. In case the total cost Cbase
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of the base set ViB of subgraph Gi was non-negative, the value Cbase + 1 was

subtracted from the cost of the first node in the base set Vi 0, (N −i−1)·δmin .
Finally, the minimum closed set of the geometric graph G was obtained by
computing the minimum s − t cut in a related graph Gst , as proposed Li et al.
(2006) Gst extended G by a set of source and sink arcs Est . The source arcs
connected the source s to the nodes v with non-negative costs, with weight
w(v) given by Equation 2.1; the sink arcs connected the sink t to the nodes
v with negative costs, with weight −w(v). The arcs in E a , E r and E p were
assigned an infinite weight.
The minimum s − t cut was calculated using the Boykov-Kolmogorov algorithm (Boykov and Kolmogorov, 2004). The N upper envelopes of the nodes
in the source set for each subgraph Gi corresponded to the N minimal paths.
These paths were obtained by taking the node with the largest y-coordinate
in each column Coli (x).
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Subject-specific 4D liver
motion modeling based on
registration of dynamic MRI

Chapter 3
Abstract
Magnetic Resonance-guided High Intensity Focused Ultrasound treatment of the liver is a promising non-invasive technique for ablation of liver
lesions. For the technique to be used in clinical practice, however, the issue of liver motion needs to be addressed. In this paper, a subject-specific
4D liver motion model is presented that is created based on registration
of dynamically acquired magnetic resonance data. This model can be
used for predicting the tumor motion trajectory for treatment planning
and to indicate the tumor position for treatment guidance. The performance of the model was evaluated on a dynamic scan series that was
not used to build the model. The method achieved an average Dice coefficient of 0.93 between the predicted and actual liver profiles and an
average vessel misalignment of 3.0 mm. The model performed robustly,
with a small variation in the results per subject. The results demonstrate the potential of the model to be used for MRI-guided treatment
of liver lesions. Furthermore, the model can possibly be applied in other
image-guided therapies, for instance radiotherapy of the liver.
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3.1

Introduction

Magnetic Resonance-guided High Intensity Focused Ultrasound (MR-HIFU)
heating is a new non-invasive technique for ablative tumor treatment and local drug delivery. It is currently routinely used in the clinic for the ablation
of uterine fibroids (Tempany et al., 2003; Hesley et al., 2013; Ikink et al.,
2013; Stewart et al., 2006; Voogt et al., 2011) and as a palliative treatment
for painful bone metastases (Catane et al., 2007; Gianfelice et al., 2008; Hurwitz et al., 2014; Liberman et al., 2009; Napoli et al., 2013; Huisman et al.,
2014). Furthermore, MR-HIFU could potentially be applied to treat lesions
in abdominal organs. Although such procedures are still in the developmental
stage, clinical case studies have already been performed (Anzidei et al., 2014;
Okada et al., 2006), indicating the need for reliable motion compensation.
During HIFU ablation, a focused ultrasound beam is used to heat tumor
tissue. The deposited energy causes temperature elevation in the tissue and
finally induces coagulative necrosis and apoptosis of tumor cells. In MRHIFU, the temperature is monitored by MR temperature mapping, which is
most commonly realized by fast multi-stack 2D MR image acquisition. For
application of MR-HIFU to liver tumor ablation, one major obstacle is liver
motion. The liver moves and deforms considerably during breathing. Since
targeted therapy on moving organs requires knowledge of the tumor position
for multiple phases of the respiratory cycle, it would be beneficial to have that
information available before and during treatment. Image-guided therapies often rely on real-time imaging to provide information about the tumor position
(Dawson and Jaffray, 2007; Ma and Paskalev, 2006; Balter and Kessler, 2007).
The beam geometry can be updated during treatment according to the tumor
motion, or gated therapy can be performed. In case of a continuous updating
process, fast image registration can be performed to track the tumor, possibly aided by fiducial markers that are implanted near the tumor. A different
approach is to use a model that predicts the tumor position. This model can
be built offline prior to treatment and does not necessarily depend on imaging
during treatment. Also, treatment planning can be improved by using such
a model to assess the feasibility of MR-HIFU treatment for a specific patient
and to optimize the beam geometry. During treatment, the model could be
used to either adjust the ultrasound beam according to the tumor position or
to modulate the power in case of gated therapy.
The liver moves during the respiratory cycle. From earlier studies, it is
known that the most significant component of liver motion is translation in
the feet-head (FH)-direction. This translation was shown to vary between
human subjects from 10 to 30 mm during normal breathing(Clifford et al.,
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2002). In addition, translation was found to range from 1 to 12 mm in the
anterior-posterior (AP)-direction and from 1 to 3 mm in the left-right (LR)direction (Clifford et al., 2002; von Siebenthal et al., 2007a; Chui et al., 2004).
Furthermore, friction with surrounding organs can cause an additional local
deformation of up to 3 mm (von Siebenthal et al., 2007b). Finally, there is a
small continuous change of the position of the liver over time, called drift (von
Siebenthal et al., 2007b; Preiswerk et al., 2012). This drift is mainly caused by
gravity and muscle relaxation. The drift predominantly occurs in the superior
direction when in supine position (von Siebenthal et al., 2007b,c), but a small
drift in other directions was also described in Sharp et al. (2007). The mean
magnitude of the drift was found to vary between 2.4 and 7.1 mm over time
periods of more than an hour (von Siebenthal et al., 2007c). However, the
maximum displacement caused by the drift can be larger than 15 mm (von
Siebenthal et al., 2007b,c).
In the literature, several liver motion models have been introduced, which
may be divided into subject-specific models and population-based models.
Approaches for population-based models used statistical modeling (Preiswerk
et al., 2012) or biomechanical modeling (Nguyen et al., 2009). Although
these models show promising results, it is difficult to adjust such a model
to subject-specific deviations. Samei et al. (2012) combined free-breathing
4D MRI acquisition with non-rigid registration to create an exemplar model
that could be adapted to an unseen subject. The robustness of this exemplar
model to outliers in the breathing pattern was demonstrated. However, such a
model needs input from many different subjects in order to capture all possible
inter-subject variations in the motion pattern. A significant improvement was
shown by combining the exemplar model with a subject-specific model based
on principal component analysis. In Preiswerk et al. (2014), a populationbased statistical model (as described in their previous work (Preiswerk et al.,
2012)) was combined with information from 2D ultrasound sequences on which
tracking of manually placed landmarks was performed. It was shown that this
method could predict the motion of the right liver lobe accurately. Given
the large inter-subject variability in liver motion (Clifford et al., 2002; Davies
et al., 1994), building a subject-specific model offline prior to treatment will
ensure that the model is tuned to the characteristics of that patient. Patients
undergoing liver treatment may show a non-average liver motion pattern, due
to the presence of tumors varying in location and size, cirrhosis, or a history
of liver surgery. Such deviations are not an issue for a patient-specific model,
since this is built on data of that patient exclusively.
Subject- or patient-specific models have been investigated by von Siebenthal et al. (2007a) and Rohlfing et al. (2004) Both studies used registration
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of dynamic MRI data of a single patient to obtain a patient-specific model.
Rohlfing et al. Rohlfing et al. (2004) used a prospectively gated 3D MRI
protocol, depicting the liver in ten different stages in the breathing cycle. Although such a 3D + t scanning protocol provides accurate information on liver
motion, the duration of the data acquisition of approximately two hours is
considerable, whereas time is often limited in clinical practice. von Siebenthal et al. (2007a), used a multi-2D + t MRI acquisition, which yielded a
collection of unsorted 2D images. A retrospective slice stacking method was
developed based on navigator frames that were acquired in between the 2D
slices. On these frames, regions of interest were selected manually to calculate the displacements. The motion correction method proposed by Dikaios
et al. (2012) also used retrospective slice stacking based on image similarities.
Baumgartner et al. (2014) proposed a novel slice stacking method using manifold learning. This technique was shown to outperform methods based on 1D
pencil beam navigators and image-based methods. de Senneville et al. (2007a)
predicted the liver motion by creating a look-up table of liver states during
an average motion cycle, based on optical-flow registration of 2D liver images.
This method was developed for 2D motion prediction. Blackall et al. (2001)
proposed a subject-specific statistical model, based on free-form registration
and principal component analysis. In their more recent work (Blackall et al.,
2005), non-rigid registration of six 3D MRI volumes was performed to obtain
a liver motion model. The reference 3D MRI volume was then registered to
2D intraoperative ultrasound images, acquired during free breathing. For this
registration, the model was used to constrain the alignment. More recently,
a method that used external information on the breathing depth combined
with ultrasound speckle information was developed to predict the liver motion (Yang et al., 2014). For each ultrasound frame, a motion vector was
determined by the model. This motion vector was assumed to be valid for the
entire image, such that local deformations were ignored. Furthermore, in the
work of McClelland et al. McClelland et al. (2013), an extensive overview of
respiratory motion models in general is given, describing their use, the data
acquisition, the fitting methods and issues that arise when using such models.
In this chapter, we describe a clear and fast method to obtain a subjectspecific 4D liver motion model. In our approach, 2D dynamic data are used in
a similar way to the abovementioned methods to build a motion model of the
entire liver. In contrast to these methods, the data acquisition is performed
at six locations in the liver only and does not include navigator frames, which
reduces the amount of data and the total acquisition time considerably. The
building of the model is automatic; it does not require any manually selected
regions of interest or landmarks, as in the method described in von Sieben37
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thal et al. (2007a). The model includes non-rigid deformations to accurately
describe the motion of the entire liver.

3.2

Materials & methods

Data acquisition
MRI scans were obtained of 18 healthy volunteers, aged from 20 to 30 years. In
accordance with local regulations in the hospital, the volunteers were screened
for contraindications and informed about possible risks. All MRI scans were
acquired on a clinical 1.5-T MR scanner (Achieva, Philips Healthcare Best,
The Netherlands). The volunteers were scanned in prone position, as would
most likely be the position during MR-HIFU treatment of the liver. For
each volunteer, a transverse 3D T1-weighted spoiled gradient echo scan with
spectral attenuated inversion recovery (SPAIR) fat suppression was acquired
during a breathhold at inspiration, with the following scan parameter settings:
TE/TR = 1.8/3.9 ms, flip angle 30◦ , acquired voxel size 2 × 2 × 4 mm3 ,
slice gap -2 mm (overcontiguous slices), acquisition matrix 256 × 256 × 100,
half-scan in-plane factor 0.7 and through-plane factor 0.85, acquisition time
22.5 s. In addition, a series of 200 dynamically acquired multi-slice scans
with six slices was recorded. This was a dynamic multi-slice sagittal spoiled
gradient echo scan with SPAIR fat suppression, with the following parameter
settings: TE/TR = 1.8/3.9 ms, flip angle 30◦ , acquired in-plane voxel size
2 × 2 mm2 , slice thickness 8 mm, temporal resolution 1800 ms, acquisition
matrix 256 × 256, 6 slices, 200 dynamics, total acquisition time 369 s. The
six slices were placed at equidistant locations in the liver, with a 15-mm gap
in between them. The dynamics were acquired interleaved over these six
locations during free breathing, at an interval of 1.8 s. The volunteers did not
receive breathing instructions, other than to breathe normally. In total, 1200
dynamics were acquired, resulting in 200 dynamics at each location. Finally,
an additional sagittal single 2D dynamic sequence was acquired, which was
identical to the scan acquired with the dynamic protocol mentioned above
with the same orientation. This series consisted of 150 dynamics and was
acquired at a different location in the liver, for validation of the model, as will
be explained in section 3.2. For one volunteer, this evaluation sequence was
performed in both the sagittal and the coronal direction.
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Methods
The aim was to obtain a model of one average motion cycle of the entire liver.
This average motion cycle should consist of a number of deformations that
could be applied to a 3D liver volume obtained from other data, to show the
entire liver in a specific state.
Dynamic 2D data were available at six equidistant locations in the liver
(see Figures 3.1 and 3.2). They were acquired over a total time interval of
369 s. In this short time interval, the drift in liver motion was considered
negligible. Since the dynamic data at these six locations were not acquired
at the same point in time, they needed to be reordered, such that dynamics
from different locations belonging to the same state of the liver could be
grouped together. It was assumed that the translation of the liver in FHdirection, both magnitude and direction, indicated the state of the liver at a
particular time point. The translation value and the motion direction were
used to cluster the data, such that each cluster corresponded to a specific
state of the liver during an average respiratory cycle. For each cluster, a 3D
deformation field was calculated by registration of the dynamic data. The
FH-translation value and direction of an unseen slice could then be used to
look up the corresponding state in the model, such that the liver deformation
could be predicted. This model is an extension of the method in Chapter 2,
including more volunteers and introducing improvements in the method. One
of the most significant changes was the inclusion of gradient magnitude images
in the registration process, which considerably increased robustness. Also,
registrations were now actually performed in 2D, in contrast to our previous
work, where the registration process was implemented in 3D while blocking
motion in the LR-direction. This yielded a significant speed-up in building the
model, from 30 to 2.5 hours. Furthermore, the grouping process was simplified,
which resulted in a reduction of the computation time and less variation in the
number of clusters that were obtained for each subject. Lastly, the evaluation
of the vessel center alignment was performed by automatic calculation of the
center of mass of each vessel crosscut, instead of selecting the center positions
manually.
Our method consisted of three main stages (see Figure 3.3).
1. Registration Registration was performed of the 3D liver volume to
each dynamic at each location. This resulted in 200 deformation fields
at each of the six locations.
2. Grouping The deformation fields were grouped based on the translation
of a dynamic in FH-direction. Each group then contained deformation
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Figure 3.1
fields from all six locations, belonging to the same state of the liver.
3. Interpolation These deformation fields were averaged for every location
and interpolated in 3D, to yield a 3D deformation field for every cluster.
The liver was then deformed according to these 3D deformation fields,
to obtain a look-up table of the liver for all possible states.
Below, each stage is explained in more detail.
Stage 1: Registration
The 3D breathhold image of the liver was registered to the dynamics at each
location. For this process, liver masks were created manually on every first
dynamic slice. These masks served as a sampling region during registration, so
that the focus was on the liver and possible distortions from the surrounding
moving organs and ribs were avoided. The masks were therefore not accurate
liver segmentations, but rather regions of interest that also included the outer
contours of the liver.
In addition, gradient magnitude images were calculated of the 2D dynamics, by convolution with the derivative of a Gaussian kernel with σ = 1 voxel.
These gradient magnitude images were included in parts of the registration
process, to force alignment of the inner structures as well as the liver boundary.
The registration process consisted of two phases. First, the liver volume
was registered to the first dynamic at each of the six locations. Then, each
first dynamic was registered to the other 199 dynamics at that location.
For all registrations, the publicly available elastix toolkit was used (Klein
et al., 2010). A multi-resolution strategy was adopted. The multi-resolution
pyramid was constructed by downsampling with a factor of 2, starting from the
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Figure 3.2
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original image. Simultaneously, the image was smoothed by convolution with
a Gaussian kernel, with σ increasing with a factor of 2 at each step, starting
from σ = 0.5 voxel for the original image. Multi-resolution registration was
then performed from coarse to fine. In each resolution step, optimization ran
for a maximum of 1000 iterations. Mutual information was used as the metric
for registration of the intensity images, implemented as in Mattes et al. (2001).
The histograms that were built to calculate the mutual information contained
32×32 bins. For registration of the corresponding gradient magnitude images,
normalized cross-correlation was used. When both images were registered
simultaneously, these metrics were combined into a single cost function by
adding their normalized values. For all registrations, a random coordinate
sampler was used, with the number of samples defined for each resolution
separately, using more samples for higher resolutions.
Registration phase 1: Volume to first dynamic During registration of
the volume to the first dynamic at each location, motion in the lateral direction
was not accounted for. The 3D registration problem (3D volume to 2D slice)
could therefore be converted to a 2D registration, since the lateral location
of the slice in the 3D volume was already known. A 2D interpolated slice
was taken from the 3D volume at each of the six locations where dynamics
were acquired, using the scanner coordinates to determine the location (see
Figure 3.4). These six slices were then registered to the first dynamic of each
corresponding dynamic sequence.
First, rigid registration of the volume slice to the first dynamic was performed, followed by deformable registration using a B-spline transformation
model, to capture local deformations. In both the rigid and the deformable
registration steps, the liver masks defined the region of interest, meaning that
all samples were drawn in this region.
The rigid registration step was performed only on the intensity images,
using mutual information as a metric. Gradient magnitude images were not
included in this step, since the edge images of the interpolated slice and the
dynamic differed considerably outside the liver, owing to differences in contrast
between the 2D and 3D scan sequences. These differences in the edge images
would disturb the registration process. Rigid registration was performed at
four resolutions, using a random coordinate sampler drawing 750, 1500, 3000
and 6000 samples from the lowest to the highest resolution.
During deformable registration, the gradient magnitude images were included to improve alignment of the inner structures of the liver. It was assumed that the rigid registration step had aligned the livers sufficiently, so
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Figure 3.4

that possible distorting edges outside the liver were not located in the region
of interest anymore. Because the intensity images were registered simultaneously with the gradient magnitude images, a combined cost function of mutual
information and cross-correlation was used, as described in section 3.2. Two
resolutions were used, with 1024 and 2048 samples. The grid spacing of the
B-spline control point grid was 80 by 80 mm2 in the lower resolution and 40
by 40 mm2 in the final resolution.
Finally, at each of the six locations in the liver, a deformation field was
obtained describing the transformation from the volume to the first dynamic
of that location. This deformation field did not have a physical meaning, but
was merely a mapping to the domain of the dynamic sequences.
Registration phase 2: First dynamic to other dynamics In this phase,
for each of the six dynamic series, the first dynamic was registered to the other
199 dynamics. As these dynamics were all acquired at the same lateral location
in the liver and lateral motion was neglected, this registration was performed
in 2D.
Again, rigid registration was followed by deformable registration for each
dynamic, using the masks on the first dynamics as a region of interest. Because
this time all images were obtained from the same scan sequence, no disturbing
edges were expected in the gradient magnitude images. Therefore, a combined
cost function was used to perform simultaneous registration of the intensity
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image and the gradient magnitude image in both steps.
The rigid registration step was again performed in four resolutions, using
750, 1500, 2250 and 3000 samples in each resolution. The deformable registration step used a B-spline transformation model in two resolutions, with 1024
and 2048 samples. Again, the control point grid spacing was 80 by 80 mm in
the lower resolution and 40 by 40 mm in the final resolution.
This registration phase yielded a deformation field for every dynamic, describing the transformation of the first dynamic to this particular dynamic.
This resulted in 6 × 200 = 1200 deformation fields.
Combination of the deformation fields Finally, the deformation fields
obtained in phase 1 were concatenated with each of the deformation fields
from phase 2, to yield a single 2D deformation field for every dynamic at every
location. Each of these 1200 deformation fields described the transformation
for the corresponding 2D volume slice to a specific dynamic.
Stage 2: Grouping
The liver motion model should contain a sufficient number of states to represent the motion of the liver within the breathing cycle. For this purpose, the
deformation fields were divided into groups representing a particular stage of
the liver motion cycle. The spread of the groups over the motion range was
such that each state of the liver was represented by at least one dynamic at
every location. Each group should contain deformation fields from all six locations in order to form a 3D liver motion field for a particular state. The
inspiration states were separated from the expiration states.
For each dynamic, the FH translation value was taken from the rigid registration step in the second registration phase (section 3.2). To perform separate
grouping of the inspiration and expiration states, first all FH-values from every
location were normalized between −1 and +1, rejecting outliers of more than
two standard deviations away from the average, to correct for differences in
the range of translation for each location in the liver. Next, these data points
were all plotted over time and smoothed by local regression using weighted
linear least squares and a second degree polynomial model. Figure 3.5 shows
the smoothed data. The gradient at each of these data points was used to
label the points as inspiration or expiration.
For both sets (inspiration and expiration), the same grouping procedure
was used. Groups were formed based on rounding the abovementioned normalized values to 0.1 mm. Dynamics that had the same FH-value after normalization and rounding were grouped together. If a group did not contain
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Figure 3.5
at least one dynamic from every location, that particular cluster was merged
with the closest neighboring group. This typically occurred for extreme states
that were not reached at all locations during scanning. Consequently, the
number of liver motion cycle stages obtained in the model could differ per
subject. The grouping process resulted in 15 to 20 groups with one or more
deformation fields at all six locations in the liver. This was sufficient for a
typical motion range of maximally 30 mm, as this would result in a maximum
difference of 2 mm per group.
Stage 3: Interpolation
For each group, deformation fields from the same location were averaged, such
that each group contained six average deformation fields, corresponding to the
six slices in the liver. Then, a 3D deformation field was calculated over the
entire liver for each cluster. This field was obtained by cubic spline interpolation between the six averaged deformation fields in each cluster. This resulted
in a 3D deformation field for each cluster, describing the liver deformation in
a specific stage of the motion cycle.

Evaluation
To evaluate the performance of the model, the data acquired using the 2D
single dynamic sequence of 150 images was used, which was not included in
the model construction. This resembled the practical situation of obtaining fast 2D images during therapy at the location of the tumor. An assessment was made of the accuracy of predicting the deformation of this unseen
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Figure 3.6

dataset, which corresponds to the prediction error during actual HIFU treatment. When synchronization with the breathing signal is needed, a navigator
echo can be acquired at the diaphragm. In this way, a navigator signal can
be obtained, which is represented by a 1D image, from which the motion in a
specific direction can be calculated using the contrast between the diaphragm
and the lung. Most scanners contain software that can automatically detect
this translation, usually by edge detection. In our approach, such a navigator
signal was simulated for each dynamic by taking the middle column of the
sagittal slices, which always clearly depicted the diaphragm.
The first navigator was manually placed on the diaphragm, as would be
done in practice prior to acquisition. Then, each of the 149 subsequent navigator signals was registered to the first one, minimizing the sum of squared
differences (SSD) between the two signals. A maximum shift of five voxels
between two neighboring signals was allowed, in order to guarantee correct
registration of the diaphragm edge. In Figure 3.6, the 1D navigator signals
and the diaphragm positions obtained by registration are shown.
The resulting values were again normalized, to match the translation values
on which clustering was performed. By comparing each value with its neighbors and calculating the gradient, it was determined automatically whether
the dynamic was taken during inspiration or expiration. For each dynamic, the
normalized FH-value together with the inspiration/expiration label was used
to find the closest cluster in the model. The 3D deformation field belonging to
this particular cluster was used to deform the liver volume. A 2D interpolated
slice was taken from this volume at the position of the evaluation series, using
the scanner coordinates to determine the exact location. This slice, showing
the liver deformation predicted by the model, was then compared with the
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Figure 3.7

actual evaluation slice.
The performance of the model was evaluated by calculating the Dice coefficient of the predicted and actual liver masks, the median of the surface
distance of these masks, and by measuring the distance between the predicted
and actual center positions of the largest vessels. The Dice coefficient indicates
the prediction accuracy for the entire liver, whereas the surface distance is a
more informative measure of the accuracy of the predicted liver shape. The
vessel misalignment indicates the error in predicting the position of the inner
structures of the liver. The latter is especially valuable, since the purpose of
the model is prediction of the tumor position. It is expected that misalignment of the vessels is similar to misalignment of a tumor. Because the size
of the entire dataset was large, with 150 evaluation dynamics per volunteer,
evaluation was only performed on randomly chosen subsets of 30 dynamics
per subject. For these dynamics, a manual liver segmentation was created by
the first author, to automatically calculate the Dice score. These masks were
also used for calculating the surface distance, in combination with a Euclidean
distance transform. In addition, the distance between the vessel centers was
calculated on the same subset of 30 slices. First, a threshold was put on the
slices manually to roughly segment the blood vessel profiles. Then, landmark
annotations were placed on vessels that were visible in both slices, with a maximum of five vessels, as demonstrated in Figure 3.7. The centers of mass of
these vessel profiles were calculated automatically and the Euclidean distance
between them was determined. Because the dynamics on which evaluation
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Table 3.1: Dice coefficient and median surface displacement in mm of predicted
vs. actual liver profiles.
Volunteer

Dice coefficient
(mean ± standard deviation)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
average

0.95
0.93
0.94
0.94
0.93
0.93
0.94
0.89
0.92
0.95
0.96
0.96
0.86
0.90
0.96
0.92
0.89
0.93

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.01
0.02
0.01
0.01
0.01
0.02
0.02
0.01
0.02
0.01
0.01
0.01
0.02
0.02
0.01
0.01
0.01
0.02

0.93 ± 0.03

Median surface displacement (mm)
(mean ± standard deviation)
1.3
1.9
2.2
1.9
1.8
2.0
2.0
2.0
2.1
1.4
1.1
1.2
4.5
2.4
1.1
2.0
2.7
2.2

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.5
0.5
0.7
0.8
0.4
0.7
0.8
0.7
1.1
0.4
0.3
0.3
1.5
0.4
0.3
0.5
0.6
0.7

2.0 ± 0.8

was performed were chosen randomly for each subject, it was assumed that
these results were representative for the entire dataset. For the last volunteer,
evaluation was performed on both the coronal and the sagittal sequence.

3.3

Results

The results of the comparison of the predicted and actual liver profiles are
given in Table 3.1. The Dice scores ranged from 0.86 to 0.96, with a mean of
0.93. For all volunteers, a standard deviation of 0.02 or less was obtained in
the Dice coefficient, indicating that results varied minimally over the different
dynamics. The average median surface displacement of the liver masks was
calculated over the 30 evaluation dynamics for each subject. This measure
varied between 1.1 and 4.5 mm, with a mean value of 2.0 mm over all subjects.
In Table 3.2, the results for vessel misalignment are presented. An average
vessel misalignment of 3.0 mm was obtained. The number of vessels on which
distance measurements were performed varied per slice, because some slices
depicted more vessels than others. Often, on the predicted slice, which was
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Table 3.2: Vessel misalignment between predicted and actual slices.
Volunteer
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
average

Vessel misalignment (mm)
(mean ± standard deviation)
2.8
2.2
3.3
2.8
3.7
2.5
3.1
2.5
3.0
2.0
2.1
2.3
4.4
3.6
4.0
4.0
3.3
2.5

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.5
0.3
1.7
1.5
1.2
1.5
1.7
1.0
1.0
0.7
0.7
1.0
1.6
1.0
1.1
1.5
0.9
0.7

3.0 ± 0.7

a deformed version from the 3D volume, more vessels were visible than on
the dynamic slices. The number of visible vessels also varied between slices.
Consequently, evaluation was performed on one vessel in 2% of the slices, on
two vessels in 8% of the slices, three vessels (33%), four vessels (26%) or five
vessels (31%).
In Figure 3.8, a dynamic slice is shown with the predicted slice for this
dynamic overlaid in red.
An additional evaluation was performed for volunteer 18 in the coronal
direction. The results are presented in Table 3.3.

3.4

Discussion

We developed a subject-specific liver motion model based on registration of
dynamic MR data. The model was based on 1200 deformation fields, obtained
from 200 dynamics at six locations in the liver, which were typically acquired
in 369 s. The dynamic MR acquisition protocol was derived from a standard
clinical liver imaging sequence. Therefore, the temporal resolution of 300 ms
could not be decreased without compromising the image resolution and con49
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Figure 3.8

Table 3.3: Comparison of the vessel misalignment in the sagittal and coronal
series.
Direction

Dice

Median surface
displacement (mm)
(mean ± standard
deviation)
FH

sagittal
coronal

50

0.93 ± 0.02
0.83 ± 0.02

2.2 ± 0.7
5.8 ± 0.7

Vessel
misalignment (mm)
(mean ± standard
deviation)
AP
LR
Euclidean

2.0 ± 0.8 1.1 ± 0.4
N/A
2.5 ± 0.7
2.1 ± 1.4
N/A
1.7 ± 0.8 3.0 ± 1.3
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sequently the registration accuracy. Similarly, a relationship exists between
the slice thickness and the gap between the dynamic slice locations. A larger
slice thickness allows a larger coverage of the liver, while a smaller slice thickness yields a more accurate local deformation field. In addition, the total
imaging time should be kept as low as possible. To acquire dynamic images
equidistantly over the entire liver while limiting the total acquisition time,
dynamics were acquired at six locations with a slice thickness of 8 mm. As
a consequence of the interleaved scan protocol, a minimal gap of 15 mm was
necessary to avoid signal saturation in neighboring slices. For practical use of
this model, it would be feasible to investigate the possibilities for optimizing
the data acquisition. A more sophisticated sequence design could allow fast
image acquisition, thereby increasing the temporal resolution and reducing
the total scan time.
Data were obtained of healthy volunteers. We expect that the model will
perform similarly on patient data as it did on data of healthy volunteers, since
the model captures subject-specific liver deformations, without making prior
assumptions about global liver motion.
The volunteers were instructed to breathe normally. They did not obtain
further instructions on their breathing, such as deep or shallow breaths or
variations in the frequency. The purpose was to build a motion model in
which natural variations are captured. Extreme situations were therefore not
included specifically. On the other hand, it is possible that an occasional
deep breath occurred during dynamic imaging. To deal with such situations,
outliers were excluded from the model by not taking into account positions
that were outside two standard deviations of the average position.
Next to breathing, several other unpredictable factors influence liver motion, such as bowel movements, stomach filling and additional motion of surrounding organs. The extent of these influences varies for different locations
in the liver. To eliminate errors introduced by these factors, motion fields
are averaged by the clustering process for similar phases in the breathing cycle. Possibly, motion of the rib cage affects the liver motion fields close to
the ribs. In practice, tumors located at these sites would not be eligible for
HIFU treatment due to safety issues with near field heating at the ribs. In
addition, the rib cage motion should be synchronized with the liver motion,
as they are both caused by breathing. Therefore, these motion fields should
be reproducible and captured by the model.
When the liver moves during breathing, it slides along other organs and the
rib cage. Without introducing specific constraints in the registration method,
sliding motion is not captured during registration. This work did not specifically address this problem, because our interest was mainly in internal defor51
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mation of the liver, since these are the most probable target locations to be
treated with HIFU. However, to minimize errors introduced by sliding motion,
we used a mask of the liver during registration, such that information of voxels
in neighboring organs did not influence the liver deformation field.
The output of the model was a look-up table representing 15-20 different
possible liver states. The grouping of the deformation fields was an iterative
process and the number of obtained clusters varied depending on the spread
of the FH-values in the data. Grouping the data eliminated variations due to
registration errors, thereby increasing the robustness of the model. Although
temporal accuracy was limited by this approach, the number of states in the
model was still sufficient for accurate performance.
The average Dice coefficient obtained on all volunteers was 0.93. In addition, the standard deviation of the Dice score was low, which suggests that the
performance of the model is robust. This was also confirmed by the median
surface displacement, which had an average value of 2.0 mm over all subjects.
The average vessel misalignment over all volunteers was 3.0 mm. This
is quite satisfactory, given that the size of a typical focal area in a clinical
MR-HIFU system is 3 × 3 × 7 mm3 or larger (Köhler et al., 2009; Wu et al.,
2005). Moreover, in practice, an additional margin around the tumor target
area is taken, both for safety reasons and to avoid tumor spread. However, the
standard deviation of vessel misalignment was high. Results varied considerably between slices from the same volunteer. One reason for this was that the
number of vessels that were visible, and on which evaluation could thus be performed, varied over the slices. Secondly, this variability could originate from
errors introduced during evaluation. Although an attempt was made during
acquisition to place the evaluation slice at a location free of vessel bifurcations
and sudden changes in directions, variations in shape of the cross-sections of
the visible vessels could still be present because of out-of-plane motion or signal differences. In these cases, the calculated center of mass of the thresholded
vessel profile could deviate from the actual vessel center.
These errors might be reduced by using a different approach in a practical
situation. In this work, the model was built on the entire liver. In practice, it
would probably suffice to model only the portion of the liver surrounding the
tumor. The slice thickness could be reduced and the slices could be placed
closely around the ablation area. This could possibly yield an increase in
accuracy.
The additional evaluation in the coronal direction for volunteer 18 showed
that the average error in the coronal series was 3.0 mm, compared with an
average error of 2.5 mm in the sagittal series. Since motion in the LR-direction
was not included in the model, it should be expected that a small error in this
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direction would occur. The errors in FH- and AP-direction were 2.0 mm
and 1.1 mm, respectively. The average error in the LR-direction was 1.7 mm.
This indicates that the prediction error in all three directions was comparable,
even though the motion in LR-direction was not compensated for. At least for
this volunteer, neglecting the motion in LR-direction was therefore considered
reasonable.
The main goal of this work was to explore the possibility of building an
accurate liver motion model. The results show a sufficiently accurate prediction of both the rigid displacement and the deformation of the liver for the
evaluation sequence. The model was evaluated for 18 volunteers for a single
slice location in the liver. This location was not included in the construction
of the model. To avoid undesired heating of surrounding organs, clinical HIFU
treatment is preferably performed on tumors located sufficiently far from organ boundaries. To reflect this, the sagittal evaluation sequence was recorded
at a location roughly in the middle of the liver. The image-based navigator
used for evaluation could in practice be replaced by an external signal, such
as a respiratory belt or a navigator signal.
The deformation fields that were used to build the model only contained
motion in the FH-direction and anterior-posterior (AP)-direction; we assumed
motion in the LR-direction to be negligible. Including the LR-direction in the
model would require additional data for building the model. Such a full 3D
solution seems infeasible for use during treatment, in view of the additional
time it would cost to build the model. Furthermore, introducing additional
degrees of freedom in the registration problem could lead to deterioration in
the robustness of the model.
The computational cost of the model was for a large part caused by the
extensive number of registrations. Computations were performed on a duoquad core Xeon system. It is important to note that some parts of the code
in elastix were not implemented in a multi-threaded fashion, so that not
all cores were used at all times. The registration of the volume to the first
dynamic took approximately 50 s. The registration of the first dynamic to
each of the other dynamics took 45 s. This resulted in a total registration
time per volunteer of 6 × 50 s + 199 × 45 s = 9255 s, which is approximately
2.5 hours. The averaging and clustering of the deformation fields took around
2 minutes. The interpolation of the deformation fields in 3D took approximately 15 minutes per volunteer. These offline calculations could probably
be accelerated by implementation on graphics processing units (GPUs). Once
the model had been built, its use as a look-up table was very fast, taking only
10 ms per dynamic. This makes use of the model in real-time applications
attractive.
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The main benefit of the proposed model lies in the fact that it does not
require complex MR acquisition techniques or additional hardware. It was
shown that even when no external breathing signal was recorded, the model
could still be applied to accurately predict spatial motion. This liver motion
model can therefore be used for treatment planning to indicate the pattern of
tumor motion during regular breathing. Treatment strategies and parameters
can be adjusted based on this predicted pattern.
In theory, the model could also be used during treatment to predict the tumor position in real-time. However, several additional practical issues should
be addressed to that end. First of all, real-time tracking of the displacement
of the liver should be available, either by acquiring a navigator signal or by
using external sensors to capture the breathing cycle, such as a respiratory
belt or possibly an ultrasound image. Secondly, for use during treatment, it
is necessary to predict the translation ahead of time, so that the expected deformation can be searched for in the look-up table based on this translation,
before the liver actually reaches this point and the HIFU beam geometry can
be updated accordingly. Next, to match the calculated deformations to the
liver volume during treatment, an initial registration would be necessary to
obtain a correspondence with the volume that was used to build the model.
Furthermore, the drift in the liver motion, as mentioned in section 3.1, cannot
be ignored during lengthy treatment procedures, which may take over an hour.
Finally, an important issue with the use of the model during treatment would
be sudden changes in the breathing pattern, in case of which a recalibration
of the model might be required.

3.5

Conclusion

A 4D liver motion model based on registration of dynamic MRI data was
presented. The model proved successful in predicting the liver deformation
during regular breathing. With an average Dice coefficient of 0.93, the profile
of the liver was accurately predicted. The average error in the prediction
of the blood vessel center positions was 3.0 mm. It is expected that tumor
misalignment will be similar to vessel misalignment, and therefore this figure
indicates the expected error of the predicted tumor position during HIFU
treatment. For a HIFU focal area size of a few mm3 and the use of a significant
additional safety margin, this result appears promising. The model thus seems
valuable for use in planning of HIFU treatment of liver lesions, to indicate
the expected motion pattern of the target. The model also has potential for
treatment guidance, since it may predict the motion of the liver in real-time,
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provided that the breathing pattern of the patient is regular. The setup of the
model makes detection of patient motion or deviations in breathing possible,
which contributes to the safety of the treatment.
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Subject-specific liver motion
modeling in MRI: a clinical
feasibility study

Chapter 4
Abstract
A liver motion model based on registration of dynamic MRI data, as
previously proposed by the authors, was extended with temporal prediction and respiratory signal data. The potential improvements of these
extensions with respect to the original model were investigated. Additional evaluations were performed to investigate the limitations of the
model regarding temporal prediction and extreme breathing motion.
Data were acquired of four volunteers, with breathing instructions
and a respiratory belt. The model was built from these data using spatial
prediction only and using temporal forward prediction of 300 ms to 1200
ms.
From temporal prediction of 0 ms to 1200 ms ahead, the Dice coefficient of liver overlap decreased with 0.85%, the median liver surface
distance increased with 20.6% and the vessel misalignment increased with
20%. The mean vessel misalignment was 2.9 mm for the original method,
3.4 mm for spatial prediction with a respiratory signal and 4.0 mm for
prediction of 1200 ms ahead with a respiratory signal.
Although the extension of the model to temporal prediction yields a
decreased prediction accuracy, the results are still acceptable. The use of
the breathing signal as input to the model is feasible. Sudden changes in
the breathing pattern can yield large errors. However, these errors only
persist during a short time interval, after which they can be corrected
automatically. Therefore, this model could be useful in a clinical setting.
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4.1

Introduction

Organ motion modeling can be valuable for image-guided non-invasive treatments. For the liver in particular, many models exist. Examples are populationbased models (Preiswerk et al., 2012; Samei et al., 2012) and subject-specific
models (von Siebenthal et al., 2007a; de Senneville et al., 2007a). Possible applications for liver motion models are radiotherapy procedures (Blackall et al.,
2006) and magnetic resonance-guided high intensity focused ultrasound (MRHIFU) treatment of liver lesions. In both methods, compensation for liver
motion is required. This can be done by performing gated therapy, in which
the treatment is only performed when the target is at a specific position. For
MR-HIFU, this approach is less efficient, due to the high vascularization of the
liver. The high perfusion that results from this causes relatively fast cooling
of the target. Therefore, a continuous treatment approach would be beneficial, in which the tumor position can be followed over time. In Chapter 3, we
introduced a subject-specific motion model that was based on registration of
dynamic MR data in order to create a look-up table describing the deformation of the liver in several states in an average breathing cycle. This model
performs spatial prediction of the average liver motion, by which we mean
that there is no forward prediction in time, but the deformation at a specific
time point is predicted by the model. This is sufficient for use during treatment planning, to investigate the feasibility of a procedure and to determine
an optimal treatment strategy. For such a model to also be useful during the
actual treatment, temporal prediction of the liver motion is required, in which
the state of the liver is predicted for future time points, for which the deformation is then predicted by the model. This information can be used during
treatment to adjust the geometry according to the new target location. In
this work, both the spatial and temporal prediction results are evaluated, also
for more realistic situations in which breathing can be irregular.
The building of the model is an extensive process including many registrations, which can however be performed completely offline. During treatment,
to link the actual motion to the model, input would be needed on the breathing
pattern and the current phase in the breathing cycle, which can be obtained
with a respiratory belt or with a navigator echo applied during MR acquisition. Based on this information, the liver deformation corresponding to the
current state could then be obtained from the model.
In this work, we investigate the spatiotemporal performance of our model,
for four volunteers. This study was performed to yield a better insight into
the potential of our model to be applied in clinical practice as well as into
further extensions that might be needed. We acquired a breathing signal
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using a respiratory belt during the MR data acquisition, which yields the
information necessary for temporal motion prediction. In addition to regular
breathing, volunteers were also instructed to lower or increase their breathing
frequency and to perform deep inhalations or shallow breathing, to explore the
limitations of our motion prediction method regarding variations in breathing
pattern. Experiments were set up to determine the influence of the number
of time prediction steps on the accuracy of the model.

4.2

Materials & Methods

Data
MR data were acquired of four healthy volunteers. In accordance with local
regulations in the hospital, the volunteers were screened for contraindications
and asked to sign an informed consent form. All MRI scans were acquired
on a 1.5-T scanner (Achieva, Philips Healthcare Best, The Netherlands). The
volunteers were scanned in prone position. For each volunteer, a 3D transverse
scan was acquired during a breathhold at inspiration. In addition, a series
of 200 2D dynamically acquired sagittal multi-slice scans with six slices was
recorded. The six slices were placed at equidistant locations in the liver,
with a gap of 15 mm in between them, as shown in Figures 4.1 and 4.2.
The dynamics were acquired interleaved over these six locations. During this
scan, the volunteers were given breathing instructions to obtain the following
breathing modes: fast breathing (0.60-0.80 Hz), slow breathing (0.10-0.25 Hz),
sudden breathhold and regular breathing (0.20-0.25 Hz). The volunteers were
instructed to breathe normally for 10 s, then increase their breathing frequency
for the next 10 s, breathe slowly for 10 s, perform a sudden breathhold of 5
s and then breathe normally for the last 10 s. Finally, a sagittal single 2D
dynamic slice sequence was acquired, which was identical to the scan acquired
with the dynamic protocol mentioned above with the same orientation. This
series consisted of 150 dynamics and was acquired at a different location in the
liver, for validation of the model. A breathing signal was recorded during all
scans using a respiratory belt. In Table 4.1, an overview of the scan parameters
for these three acquisitions is presented.
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Table 4.1: MR data acquired on volunteers.
Scan
parameters

Breathhold
volume scan

Multi-slice
dynamic scan

Single-slice
dynamic scan

Acquisition
3D
Multi-slice 2D + t Single-slice 2D + t
Orientation
Transversal
Sagittal
Sagittal
Technique
T1-TFE
T1-TFE
T1-TFE
TE (ms)
1.8
1.8
1.8
TR (ms)
3.9
3.9
3.9
Flip angle (◦ )
30
30
30
Voxel size in-plane (mm2 )
2×2
2×2
2×2
Slice thickness (mm)
4
8
8
Slice gap (mm)
-2
15
N/A
Acquisition matrix
256 × 256
256 × 256
256 × 256
Number of slices
100
6
1
Number of dynamics
N/A
200
150
Half-scan in-plane factor
0.7
0.7
0.7
Half-scan through-plane factor
0.85
0.85
0.85
Fat suppression
SPAIR
SPAIR
SPAIR
Total scan duration (s)
22.5
369
46.2

Figure 4.1: The geometry of the dynamic acquisition overlaid on the volume
scan.
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Figure 4.2: The six dynamic slices.

Methods
Building of the model
For all subjects, a liver motion model was built based on the 3D volume data
and the multi-slice dynamic scan. This resulted in a look-up table typically
consisting of 20 possible liver states: 10 during inspiration and 10 during
expiration. These liver states were represented by full 3D transformations,
consisting of a rigid motion component and a deformation. It was assumed
that the normalized feet-head (FH) translation of the liver, together with its
direction, could be used to distinguish each liver state in the model. Based
on this value, for every new liver image, the most similar state can be obtained from the model. Its corresponding 3D deformation field can then be
used to deform the image according to this state. For details on the model
construction, we refer to Chapter 3.
In this work, the model was built in different configurations. First of all,
the exact same method was used as described in Chapter 3, where a simulated
navigator signal was used to measure the translation of the liver in feet-head
(FH) direction, since acquiring an actual navigator in the same imaging se62
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quence that was used for dynamic imaging could not be realized, and spatial
motion prediction was performed (configuration N). In addition, the model
was built using a recorded respiratory signal instead of a simulated navigator
signal. In this configuration, not only spatial prediction was performed, but
temporal prediction was also performed for 1 to 4 time steps ahead, corresponding to 300 to 1200 ms (configuration R). Finally, the model was also
built in selective configuration, meaning that dynamics with deviating frequency or amplitude were not contained in the model (configuration RS).
Samples were removed if the respiratory frequency (which was determined by
a Fourier transform spectral analysis within a window of [-5s, +5s]) or the
amplitude at that time point was more than one standard deviation above or
below the average frequency or amplitude, respectively. As a result, on average
30% of the samples were removed (keeping 65.7%, 71.2%, 80.3% and 60.0%
of the samples for subjects 1 to 4, respectively), which represented extremely
deep inhalations or extremely fast or slow breathing. Samples with smaller
irregularities were still contained in the dataset. This selective configuration
was also combined with temporal prediction dt of 0 to 1200 ms ahead. All
configurations are listed below.
 N0: Spatial prediction using a simulated navigator (as was done in Chapter 3): dt = 0 ms.
 R0: Spatial prediction using the breathing signal: dt = 0 ms.
 R300: Temporal prediction using the breathing signal: dt = 300 ms (1
time step).
 R600: Temporal prediction using the breathing signal: dt = 600 ms (2
time steps).
 R900: Temporal prediction using the breathing signal: dt = 900 ms (3
time steps).
 R1200: Temporal prediction using the breathing signal: dt = 1200 ms
(4 time steps).
 RS0: Spatial prediction using the breathing signal, model built in selective configuration: dt = 0 ms.
 RS300: Temporal prediction using the breathing signal, model built in
selective configuration: dt = 300 ms (1 time step).
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 RS600: Temporal prediction using the breathing signal, model built in
selective configuration: dt = 600 ms (2 time steps).
 RS900: Temporal prediction using the breathing signal, model built in
selective configuration: dt = 900 ms (3 time steps).
 RS1200: Temporal prediction using the breathing signal, model built in
selective configuration: dt = 1200 ms (4 time steps).

The look-up table that was created by the model was used for motion
prediction on the sagittal single slice dynamic series that was acquired for
evaluation. This sequence was acquired at a location in the middle of the
liver, which was not contained in the model. The input to the model was the
normalized feet-head (FH) translation of the liver, together with its direction.
Based on this value, the current state of the liver could be linked to the most
similar state contained in the model.
Comparing the results of configuration N0 with R0 reflects the additional
error that is introduced in the practical situation, which relies on the breathing signal instead of a simulated navigator signal. Comparing the selective
configuration (RS) with the standard configuration (R) yields insight into the
influence of differences in the breathing pattern during the building of the
model. Finally, the influence of the prediction time is analyzed by comparing
the results of the configurations with different prediction times.
Using the model with a navigator signal
In the N-configuration, the FH-translation values were obtained by simulating
a navigator echo, by sampling a 1D column in each dynamic and tracking the
diaphragm in these images. The direction of the translation could be obtained
from the gradient of this simulated signal. The normalized FH-translation
value was calculated for each dynamic in the evaluation sequence. This value
was then used to determine the corresponding liver state of these dynamics.
Each normalized FH-translation value was compared with the average FHtranslation value of each liver state and the state with the closest average
value was assigned to the corresponding dynamic.
Using the model with a respiratory signal
To evaluate the performance of the model based on the respiratory signal, a relationship needed to be established between this signal and the FH-translation
of the liver, to obtain phase coherence between the two signals. A breathing
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signal was obtained with an external respiratory sensor, which was placed posteriorly (since the subjects were scanned in prone position), approximately at
the average diaphragm position. The position of this sensor was logged with
a frequency of 500 Hz. Logging of the breathing signal starts before the start
of the actual scan, which yields data for calibration of the signal to the model.
Since the dynamic scan acquisition time was 300 ms, the original respiratory
signal was downsampled to match this time step. Next, the average phase
shift between the two signals was computed using the data points acquired
before the start of the scan. This shift was then applied to the evaluation
respiratory signal. From this relationship, normalized FH-translation values
were obtained. Inspiration states were again separated from expiration states
using the gradient of the translation. The coupling with the model was then
achieved in the same manner as with the simulated navigator signal.

Temporal motion prediction
In addition to spatial prediction, temporal prediction of the liver motion was
performed. The temporal resolution of the dynamic sequence was 300 ms. The
limitations of the prediction were investigated by varying the prediction time.
Results were generated for time steps of 0 ms (spatial prediction only), 300 ms,
600 ms, 900 ms and 1200 ms. This temporal prediction was performed using
an extended Kalman filter, which has been shown to yield robust predictions
for non-linear motion (Kalman, 1960; Riadh, 2006; Müller, 2008; Lewis et al.,
2007; Wigren et al., 2003; Roujol et al., 2012). The Kalman filter is a recursive
prediction filter, that assumes the state of a process at a certain time point can
be predicted based on its previous states. The extended Kalman filter is the
non-linear variant, which locally uses a linear approximation of the motion.
In this case, it was assumed the liver motion could be approximated by a
driven harmonic oscillator, based on the assumption that its periodic motion
is caused by the periodic pattern of the breathing (Wood and Henkelman,
1985; George et al., 2005), which in turn induces motion of the diaphragm. In
this case, the following equation of motion applies:
ω02 x + β ẋ + ẍ = f,

(4.1)

with x representing the position, ω0 the angular frequency, β a friction coefficient and f the driving force. Following the approach from Müller (2008), the
current state of the motion is described by the state vector st = (x(t), v(t), f (t)),
describing the position, velocity and driving force at a certain time point. Us65
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ing Equation 4.1, the time evolution can be written as:
∂s
= As
∂t

(4.2)

Assuming f˙ = 0 in a short time frame, since nothing is known about the
driving force, we obtain the matrix A:


0
1 0
 −ω02 −β 1 
0
0 0
Time evolution for a short time interval ∆t is then given by the matrix exponential:
φ(∆t) = eA∆t .

(4.3)

Let F := φ(∆t) define the time evolution matrix for a certain time step. Then
Equation 4.2 can be written in a recursive form as:
st = F st−1 .

(4.4)

In practice, an additive noise term wt , describing the process noise, should be
taken into account:
st = F st−1 + wt .

(4.5)

This noise term is expected to be normally distributed with zero mean and
covariance Q.
The Kalman filter can be used to predict the state vector s at a certain
time point, based on the previous time point. The Kalman filter comprises
two phases: the prediction phase and the update phase. In the prediction
phase, an estimate of the state at the next time point is made, based on the
model that was used as an input. Equation 4.4 describes the ideal case when
no noise is present. This equation is used to predict the a priori state st|t−1
based on the previous state st−1|t−1 . In addition, an a priori estimate of the
covariance matrix Pt , reflecting the expected prediction error, is made. The
prediction step thus contains the following two calculations:
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ŝt|t−1 = F ŝt−1|t−1

(4.6)

Pt|t−1 = F Pt−1|t−1 F T + Q.

(4.7)
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In our example, we defined Q as:


0.1 0 0
 0 0.1 0 
0
0 1
such that errors were attributed to the force more heavily than to the position
and the velocity. This was done since this force should represent the causes of
all unpredictable short-term additional variations in the motion pattern, such
as surrounding organ motion and changes in the breathing pattern. These
values were set after performing a few experiments on records that were not
used for evaluation.
In the update step, the state vector is updated based on a new measurement, taking into account possible observation noise. The measured state zt
is described as:
zt = H ŝt + rt ,

(4.8)

where Ht is the measurement matrix and rt is the observation noise. This
observation noise is also expected to be normally distributed with zero mean
and covariance R. In this case, the measurement matrix H was given by H =
(1, 0, 0), since only position was measured. The observation error covariance R
was set to (0.2, 0, 0), reflecting the estimate that the error margin in measuring
the normalized FH-translation might be approximately 20%. This should
include both the error in the relationship between the breathing signal and
the liver motion, as well as the error resulting from the registrations. Before
each update, the residual yt is calculated, which is the difference between the
measured state and the state that would have been measured in case of an
accurate prediction:
ỹt = zt − H ŝt|t−1

(4.9)

The residual covariance is given by:
St = HPt|t−1 H T + R

(4.10)

The a posteriori state estimate given by the update step, is based on both
the a priori estimate from the prediction step and the measured state in the
update step. Based on the covariance matrices P and S, a weighting is found
between both factors in order to yield a new state estimate. This balance,
which reflects the confidence in the prediction versus the confidence in the
measurements, is described by the optimal Kalman gain:
Kt = Pt|t−1 H T St−1

(4.11)
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Once the optimal Kalman gain is calculated, the update step gives the a
posteriori state estimate and the a posteriori covariance estimate:
ŝt|t = ŝt|t−1 + Kt ỹt

(4.12)

Pt|t = (I − KH)Pt|t−1 .

(4.13)

To predict more than one time step ahead, several consecutive prediction steps
are performed for each time point, before an update step is performed.

Evaluation
The liver motion model yielded a look-up table, containing deformed liver
volumes, representing liver motion and deformation throughout an average
breathing cycle. From each of these deformed volumes, an interpolated slice
was taken at the same location as the dynamic evaluation sequence. This slice
was then compared with the actual state of the liver, represented by the evaluation sequence. Quantitative evaluation was performed by computing the Dice
coefficient between the actual and predicted liver mask, the median surface
distance between the actual and predicted liver boundary and by comparing
the predicted blood vessel center positions with the actual center positions.
Since this process was time-consuming, this was done for 20% of the dynamics
(30 dynamics) for every subject. The details are explained below.
Model performance in all configurations
To evaluate the performance of the model quantitatively, semi-automatic segmentations of the liver were created directly on the dynamic evaluation slices,
using an active contour algorithm (Malcolm et al., 2008), followed by manual
correction for leaking. A liver segmentation was created in the same way on
the interpolated slice taken from the original volume. This mask was then deformed according to the deformation fields yielded by the model, to generate
the ground truth liver masks. The Dice coefficient between these masks was
computed to compare their similarity.
The blood vessel misalignment was computed by comparing blood vessels
in the actual dynamic image and the predicted image. Both images were
binarized using a manually set threshold to yield a blood vessel segmentation.
Only vessels that were visible in both images were compared. The number of
vessels could differ per dynamic and consequently, evaluation was performed
on a varying number of vessels (two to five). For each vessel, the center of
mass was computed on both images, and the Euclidean distance between these
two points was calculated to obtain the vessel misalignment in millimeters.
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Unfortunately, the shape of the vessel profile could be different between the
two images, as a consequence of pulsatility and inflow effects, causing throughplane motion. Consequently, an additional error was introduced by comparing
the centers of mass of the vessel profiles. This should be considered when
evaluating the vessel misalignment.
The outcomes of the model in the different configurations were used to
compare the performance of building the model based on a navigator signal
(N0) or on the respiratory signal (R0). In addition, a comparison was made
between spatial prediction based on the respiratory signal (R0/RS0) and prediction for 1 to 4 time steps ahead (R300, R600, R900, R1200/RS300, RS600,
RS900, RS1200). Finally, a comparison was made between including all liver
states that occurred during the building of the model (R-configuration) and
by only selecting liver states that did not represent extreme situations (RSconfiguration).
Separating internal errors in the model from Kalman prediction
errors during its use
The final prediction error of the liver motion model results from two independent errors: registration errors and errors in signal prediction by the Kalman
filter. It is assumed that the recording of the breathing signal was sufficiently
accurate, so that possible errors introduced by this process could be considered negligible. Registration errors occur in the process of building the model.
These errors result in incorrect FH-translation values, which cause errors in
the assignment of a sample to a particular breathing state. Moreover, additional errors in the deformable registration step cause inaccuracies in the
deformation fields of the cluster. Therefore, registration errors influence the
accuracy of the look-up table.
Errors originating from the Kalman filter affect the model performance
by introducing errors in the use of the look-up table. These errors cause an
incorrect prediction of the respiratory phase and therefore the corresponding sample is linked to an incorrect FH-translation value. Consequently, the
wrong cluster is assigned to this sample and the deformation applied at this
time point is incorrect. Errors in signal prediction become significant when
they are larger than half the distance between different model states. Typically, this distance was found to be approximately 20% of the normalized
respiratory amplitude. The entire motion range is twice as large as the amplitude, therefore this corresponds to 10% of the normalized range.
To investigate the influence of the extended Kalman filter on the final
model prediction error, a separate evaluation was performed on signal predic69
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tion. Three evaluations were performed on the Kalman filter:
 The Kalman prediction errors were computed for all evaluation sequences,
for the time steps of 300, 600, 900 and 1200 ms. These errors reflect the
additional temporal prediction error, on top of the internal spatial prediction error, that can be expected when using the model in a clinical
setting. To measure the Kalman prediction error, the difference between
the actual normalized respiratory position and the predicted normalized
position was computed for all samples. Because both signals had been
normalized, the absolute respiratory amplitude was measured for all subjects, so that the Kalman prediction error could be translated to a final
prediction error in millimeters.
 The Kalman filter performance in extreme situations was analyzed, to
investigate the maximal prediction error that can be expected in a practical situation. Therefore, the Kalman prediction error was computed
on the outlier samples in the dataset that was used to build the model.
These extreme situations were: a deep inhalation, a sudden change in
breathing frequency, and a sudden stop. Again, the Kalman prediction
errors for time steps of 300, 600, 900 and 1200 ms were computed.
 To investigate if a larger Kalman prediction error indeed leads to less accurate results in the end, the correlation coefficients between the Kalman
filter error and the errors in the Dice coefficient, the median surface distance and the blood vessel positions were calculated. The corresponding
P -values were computed to investigate the significance of the correlation
between prediction errors in the Kalman filter and resulting errors in the
final results. In addition, the influence on the final model prediction outcome was inspected, by separating the results of samples with a Kalman
error below and above 0.2. A Kalman error of 0.2 was assumed to correspond to the average distance in FH-position between different states
in the model look-up table.

4.3

Results

Figure 4.3 shows the Dice coefficients obtained for all subjects, using the 11
different model configurations. For all subjects, method N0 yields the highest
Dice scores, followed by method RS0.
In Figure 4.4, the median surface distance is shown for all subjects and
model configurations. The best performing model configuration for the median
surface distance is N0, followed by R0.
70

Liver motion model: clinical feasibility

1

Dice coefficient

0.98

0.96

0.94

0.92

0.9

N0

R0

R 300

R 600

R 900

R 1200

RS 0

RS 300 RS 600 RS 900 RS 1200

Model configuration

Figure 4.3: Dice coefficients of a comparison between the actual liver masks
on 30 dynamic evaluation slices and the predicted liver masks. The different
colors represent the four different subjects.
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Figure 4.4: Median surface distance in mm between the actual liver boundaries
on 30 dynamic evaluation slices and the predicted boundaries. The different
colors represent the four different subjects.

Figure 4.5 shows the mean vessel misalignment for all subjects and model
configurations. The most eminent difference with the Dice score and the
surface distance are the results for subject 1. Contrary to the positive results
of these measures, the vessel misalignment is the poorest for this subject (4.18
- 4.70 mm). On average, the best performing model configuration is again N0,
followed by RS0.
Table 4.2 shows the performance for all model configurations. For all three
measures, spatial prediction based on a simulated navigator (model configuration N0) yields better results than spatial prediction based on the respiratory
signal (R0 and RS0). The other configurations are all based on the respiratory
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Figure 4.5: Vessel misalignment in mm between the actual vessel centers on
the dynamic evaluation slices and their predicted positions. The different
colors represent the four different subjects.

signal, with differences in forward-prediction time. It is clear that, for the Dice
coefficient, the median surface distance and the blood vessel misalignment, a
larger time step in prediction yields a lower accuracy in the results. This
holds for both the R-configurations and the RS-configurations. Finally, the
RS-configurations yielded better results for blood vessel prediction than the
R-configurations. The Dice coefficient and the surface distance were similar
for both configurations.
We analyzed the errors in the extended Kalman filter separately by computing the absolute differences of the normalized respiratory amplitudes predicted by the Kalman filter and the actual values obtained from the respiratory
signal. This was done for the time steps of 300, 600, 900 and 1200 ms. These
results are shown in Figure 4.6. The results show that the Kalman error
increases with a larger time step for all subjects.
In addition, the performance of the Kalman filter was tested in extreme
situations (see Table 4.3). It was found that the errors produced by the
Kalman filter increased with a larger prediction time step. Also, they could
be higher than the normalized amplitude. For sudden frequency changes and
deep inhalations, the errors were caused by a relatively small phase shift, which
could result in large amplitude errors. For the sudden stops, these errors were
caused by the sudden change of the amplitude. It was found that the Kalman
filter was able to correct these errors in 3.6 to 4.5 seconds. Figure 4.7 shows
the Kalman filter errors for a sudden stop.
The correlation coefficients between the Kalman prediction errors and the
errors in our final results were computed. These results are presented in Table
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Table 4.2: Average and standard deviation of results for all subjects, computed
for all model configurations.
Model
configuration

Dice
coefficient

Median surface
distance (mm)

Vessel
misalignment (mm)

N0:

0.958 ± 0.022

1.33 ± 0.59

2.91 ± 1.28

0.945
0.944
0.943
0.938
0.936

±
±
±
±
±

0.016
0.020
0.021
0.022
0.025

2.01
1.99
2.08
2.27
2.40

±
±
±
±
±

0.33
0.54
0.56
0.62
0.79

3.42
3.33
3.53
3.76
4.01

±
±
±
±
±

1.09
0.90
0.89
0.91
1.04

RS0:
RS300:
RS600:
RS900:
RS1200:

0.944
0.942
0.942
0.939
0.937

±
±
±
±
±

0.016
0.018
0.021
0.022
0.023

2.04
2.15
2.09
2.24
2.38

±
±
±
±
±

0.37
0.47
0.53
0.63
0.71

3.25
3.31
3.45
3.70
3.83

±
±
±
±
±

0.95
0.72
0.70
0.82
0.81

Kalman prediction error (fraction of normalized amplitude)

R0:
R300:
R600:
R900:
R1200:

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
300

600

900

1200

Prediction time step (ms)

Figure 4.6: The Kalman prediction errors, as fractions of the normalized respiratory amplitudes, plotted against the prediction time step. The different
colors represent the 4 different subjects.
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Table 4.3: Kalman prediction errors (fractions of the normalized amplitudes)
in extreme situations.
Time step (ms)

Frequency change

300
600
900
1200

0.69
0.95
1.09
1.06

[0.63-0.75]
[0.87-1.08]
[1.01-1.23]
[1.03-1.08]

Sudden stop
0.41
0.53
0.62
0.71

Deep inhalation

[0.26-0.49]
[0.26-0.69]
[0.31-0.86]
[0.30-0.92]

0.74
0.95
1.06
1.19

[0.59-1.00]
[0.87-1.02]
[0.91-1.23]
[0.91-1.34]

0.8

Normalized respiratory amplitude

0.6
0.4
0.2
0
-0.2
-0.4
-0.6
Actual respiratory signal
Kalman predicted signal

-0.8
-1
0

20

40

60

80

100

120

time (s)

(a) Kalman prediction compared to the original signal during a sudden stop.
0.2
0.18

Normalized respiratory amplitude

0.16
0.14
0.12
0.1
0.08
0.06
0.04
0.02
0
57

57.5

58

58.5

59

59.5
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60.5

61

time (s)

(b) The Kalman error during the sudden stop.

Figure 4.7: Sudden stop during Kalman prediction.
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Table 4.4: The correlation coefficients r and their significances (P -values)
between the Kalman prediction error and model outcomes.

Subject

Dice coefficient
r
P -value

Median surface distance Vessel misalignment
r
P -value
r
P -value

1
2
3
4

-0.0965
0.1361
0.077
0.4295 3.440E-12 0.4204
-0.4669 2.143E-14 0.4623
-0.2989 2.413E-06 0.3071

0.2344
1.073E-11
4.138E-14
1.24E-06

-0.0385
0.4518
0.5275
0.3234

0.5527
1.799E-13
1.367E-18
3.031E-07

Total

-0.2144 1.898E-11 0.2100

4.952E-11

0.2557

8.64E-16

4.4. The correlations that were calculated for each subject separately show
that correlations were found for subjects 2 to 4. However, for subject 1, no
significant correlations were found for all measures. The bottom row shows the
correlation for all subjects. As expected, a negative correlation exists between
the Kalman prediction error and the Dice coefficient, whereas the correlation
is positive for the median surface distance and the vessel misalignment. All
these correlations are significant, as indicated by the P -values, for all of which
holds: P  0.05.
The performance of the model on samples with a small Kalman error
(< 0.2) and a large Kalman error (≥ 0.2) is presented in Table 4.5. This evaluation was performed on the R300-R1200 and RS300-RS1200 configurations
only, since the other configurations did not employ Kalman prediction. The
differences in the Dice coefficient run from 0 for R300 to 0.016 for R1200.
For the median surface distances, the differences between the two groups vary
between 0.01 mm for RS300 and 0.61 mm for R1200. The difference in performance is most visible in the vessel misalignment results, which show an
average difference of 0.7 mm between both groups.

4.4

Discussion

The clinical potential and the limitations of the liver motion model proposed
in Chapter 3 were investigated. For this purpose, different situations were
evaluated. Firstly, a comparison was made between building the model based
on a simulated navigator signal (as was the case in the aforementioned paper)
and based on a respiratory signal. Secondly, we compared the performance of
spatial prediction with forward-prediction for 1 to 4 time steps (300 to 1200
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Table 4.5: Comparison of averages outcomes for a Kalman error smaller and
larger than 20% of normalized amplitude.
Model
configuration
Kalman error
R300
R600
R900
R1200
RS300
RS600
RS900
RS1200
Model
configuration
Kalman error
R300
R600
R900
R1200
RS300
RS600
RS900
RS1200

Dice
coefficient
< 0.2.

Median surface
distance (mm)
≥ 0.2

0.026 0.944 ± 0.019
0.027 0.938 ± 0.028
0.028 0.932 ± 0.036
0.030 0.929 ± 0.035
0.026 0.942 ± 0.018
0.027 0.938 ± 0.027
0.028 0.933 ± 0.036
0.031 0.931 ± 0.031
Vessel
misalignment (mm)

0.944
0.945
0.943
0.945
0.941
0.945
0.943
0.944

±
±
±
±
±
±
±
±

< 0.2
3.11
3.29
3.50
3.61
3.14
3.27
3.37
3.45

±
±
±
±
±
±
±
±

1.32
1.57
1.76
1.60
1.55
1.81
1.71
1.39

< 0.2
1.97
1.93
2.03
2.05
2.14
1.96
2.05
2.14

±
±
±
±
±
±
±
±

1.04
0.96
1.08
1.18
1.07
0.97
1.09
1.25

≥ 0.2
2.05
2.35
2.57
2.66
2.15
2.32
2.48
2.56

±
±
±
±
±
±
±
±

0.90
1.26
1.67
1.59
0.83
1.24
1.63
1.40

≥ 0.2
3.94
3.96
4.11
4.31
3.78
3.77
4.13
4.11

±
±
±
±
±
±
±
±

1.67
1.70
1.99
2.20
1.58
1.46
2.15
2.05

ms). Thirdly, we analyzed the influence of removing extreme situations, as
could be detected in the respiratory signal that was used during the model
building process. Finally, we evaluated the Kalman filter performance for all
samples and also separately for extreme situations.
The results for the N0 configuration were in line with the results that were
obtained in Chapter 3, with an average Dice coefficient of 0.96, an average
median surface distance of 1.3 mm and an average vessel misalignment of 2.9
mm. For the first subject, the Dice coefficient and median surface distance
yielded good results compared with the other subjects, while the vessel misalignment was the poorest for this subject. It seemed that the internal liver
deformation for this subject was relatively large, which affects the registration
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accuracy during the building of the model. Small prediction errors may have
a larger effect in this subject as well, since the deformation fields between
different model states show larger differences, yielding a relatively large error
when selecting a wrong state from the look-up table.
For all three measures, the navigator-based model (N0) outperformed the
respiratory-based configurations. A difference of 0.013 was found for the average Dice coefficient, whereas the average median surface distance increased
with 0.68 mm and the average vessel misalignment increased with 0.51 mm
(see Table 4.2). This should be expected, since the navigator yields a direct
measurement of liver displacement, in contrast to the respiratory signal. However, this simulated navigator could only be calculated offline after the data
acquisition and did not yield a measure that could be used during treatment.
As mentioned before, a 4D dynamic sequence with a built-in navigator echo
signal would probably be the optimal solution, but this is difficult to realize in
practice. Using the respiratory signal as an indirect measurement of liver motion is the most practical solution. To translate the respiratory amplitude and
phase to the corresponding position in the liver motion cycle, a relationship
needs to be established between them. In this work, we analyzed the phase
difference between both signals on the part of the breathing signal that was
acquired before the start of the scan and used this phase delay to shift the
respiratory signal. An additional error of the model is expected in this case.
From Table 4.2, it is clear that a larger prediction time yields less accurate
results. This additional error can be attributed to the Kalman filter. Temporal
prediction of more than one time step is achieved by not updating the Kalman
filter after every time step, but instead performing the prediction step several
times consecutively. Comparing the results for a time step of 0 ms to a time
step of 1200 ms, the Dice coefficient decreased with 0.85%, the median surface
distance increased with 20.6% and the vessel misalignment increased with
20.4%. This indicates that prediction of almost 1 s ahead is feasible. Even
though the errors increased, a mean vessel misalignment of 4 mm could still
be obtained. Since an additional margin of 0.5 to 1.0 cm is taken into account
in clinical practice (Wells et al., 2015), this is still a promising result for
application in the clinic.
Excluding extreme situations from the model building process (RS-configuration) yielded slightly better results than including all samples (R-configuration). The increase in performance was small however, since the model
probably suffered from the fact that a significant part of dynamics were missing, yielding fewer states in the final model due to the grouping process. In
a clinical setting, a patient would be sedated, such that no considerable irregularities should be expected in the breathing pattern during treatment. In
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these experiments, the RS-configuration and the R-configuration had similar
performance, indicating that the presence of irregularities does not necessarily have a significant influence, provided that sufficient samples are present to
average out their effects.
The performance of the signal prediction by the extended Kalman filter
was evaluated separately. The results show that these errors increase with
a larger time step. As shown in Figure 4.6, the median error value for a
prediction time step of 300 ms is well below 20% of the normalized amplitude,
which is considered a small error, since this corresponds to the average distance
between two consecutive model states. Although this error increases with a
larger time step, for three of the four subjects, the median Kalman error is
still approximately 0.2 for a prediction time step of 1200 ms.
In extreme situations, the average Kalman error was found to vary between
0.41 and 1.09. Such errors typically lead to misalignments of 8 to 20 mm. For
a sudden stop in the breathing pattern, the Kalman filter typically needed
3.6 to 4.5 seconds to recalibrate. For changes in frequency and sudden deep
inhalations, the errors were mainly caused by small phase differences and were
corrected in less than a second. Depending on the treatment for which the
model is used, it should be decided if the change in delivered dose resulting
from these errors (either heat or radiation) is acceptable for the patient. It
is also possible to stop the treatment as soon as such outliers are detected,
since the Kalman filter updates continuously, such that errors can be checked
in real-time. It might be feasible to improve the final results by using a
more complex Kalman filter implementation, for example by approximating
the motion by a combination of harmonic functions with different frequencies,
instead of only one.
Comparing the results for samples with a Kalman prediction error larger
than 0.2 and a prediction error smaller than 0.2, we observed that a larger
Kalman prediction error leads to a larger final error. This is also confirmed by
the correlation values (Table 4.4), which show a strong correlation between the
Kalman error and the final errors in the model. The difference in average errors
in Table 4.5 is smaller than the additional error of 4 mm that is expected with
a Kalman error of 0.2. This suggests that registration errors and grouping
errors are present in all samples, and these decrease the difference between
samples with a Kalman error smaller than 0.2 versus samples with an error
equal to or larger than 0.2. Overall, the temporal prediction using a Kalman
filter based on the respiratory signal adds a vessel misalignment error of 0.3
to 1.1 mm.
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4.5

Conclusion

In this chapter, the practical limitations and the performance in a more applied
setting were evaluated of a liver motion model based on registration of dynamic
slices. This model was proposed for spatial prediction in Chapter 3 and was
extended to temporal prediction based on a respiratory signal in this work.
An extended Kalman filter based on harmonic motion was implemented to
predict the liver translation into the future. The original implementation,
using a simulated navigator signal, was compared with an implementation
based on the respiratory signal. Forward-prediction was performed for four
time intervals of 300, 600, 900 and 1200 ms. In a clinical setting, the necessary
prediction time would probably not be more than 1 s, since this is the typical
time needed for feedback to the HIFU system and mechanical adjustment of
the beam. However, many systems make use of electronical steering, in which
different transducer elements are switched on and off throughout the treatment
to adjust the HIFU focus. With such a system, only tens of ms (Aubry et al.,
2013; Pernot et al., 2004) would be needed to update the beam configuration.
In that case, the prediction time step of 300 ms would already be sufficient.
The errors caused by the Kalman prediction were evaluated separately and
performance in extreme situations was investigated. The results showed that
extreme errors could occur, but that the Kalman filter was also able to correct
these errors in a few seconds. On average, a prediction of 300 ms to 1200 ms
ahead yields an additional vessel misalignment error of 0.3 to 1.1 mm. This
leads to a total average error of 3.3 to 4.1 mm, which could still be acceptable
for clinical use.
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Abstract
MR-HIFU is a new non-invasive treatment modality that can be used
for palliation in patients with painful bone metastases. Since treatment
strategies are mainly focused on the ablation of periosteal nerves, information on the presence and geometry of cortical bone influences the
treatment strategy, both in determining the acoustic power and in avoiding safety issues related to far-field heating. Although MRI is available
for imaging during treatment, CT is best used for examining the cortical
bone. We present a registration method for registering CT and MR images of patients with bone metastases prior to therapy. CT and MRI data
were obtained from nine patients with metastatic bone lesions at varying
locations. A two-step registration approach was used, performing simultaneous rigid registration of all available MR images in the first step and
an affine and deformable registration with an additional bone metric in
the second step. The performance was evaluated using landmark annotation by clinical observers. An average registration error of 4.5 mm was
obtained, which was comparable to the slice thickness of the data. The
performance of the registration algorithm was satisfactory, even with differences in MRI acquisition parameters and for various anatomical sites.
The obtained CT overlay is useful for treatment planning, as it allows
an assessment of the integrity of the cortical bone. CT-MR registration
is therefore recommended for HIFU treatment planning of patients with
bone metastases.
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5.1

Introduction

MR-guided HIFU (Magnetic Resonance-guided High Intensity Focused Ultrasound) is an emerging new non-invasive treatment modality. Using ultrasound
waves, a heating focus is created in the tissue of interest, while MR imaging
is used for treatment monitoring to perform controlled thermal ablation of
the tissue (Jolesz, 2009). Currently, the technique is used in clinical practice
for treatment of uterine fibroids (Voogt et al., 2011, 2012; Ikink et al., 2013;
Hesley et al., 2013; Stewart et al., 2006) and bone metastases (Liberman et al.,
2009; Napoli et al., 2013; Gianfelice et al., 2008; Catane et al., 2007; Hurwitz
et al., 2014).
HIFU treatment for bone metastases is currently performed in a palliative setting. The primary goal is to ablate the nerves in the periosteum to
reduce pain (Liberman et al., 2009). Treatment planning relies mostly on MR
images (Köhler et al., 2009; Jolesz, 2009), on which the tumor is clearly visible. However, cortical bone, also referred to as compact bone, gives no signal
on MRI. In bone metastases, the structure of cortical bone can be affected
by the tumor deposition. The degree of ultrasound absorption is directly
related to the amount of compact bone present (Nell and Myers, 2010). Consequently, the assessment of the integrity of the cortical bone is important for
determining the sonication strategy. Incorrect assessment can lead to safety
issues, resulting in unwanted damage to healthy tissue beyond the focus, due
to overestimation of the absorption by cortical bone. In addition, the absorption of the ultrasound energy causes heating of the bone, possibly creating a
secondary heating source, after the HIFU beam has been switched off.
Cortical bone is best visible in computed tomography (CT) scans. Many
patients with bone metastases undergo one or more CT scans prior to treatment. Obviously, both the selection of patients suited for MR-HIFU treatment and the treatment planning procedure itself would benefit from a tool
that combines the superior visibility of bone in CT with the high soft tissue
contrasts in MRI. The overlay of the CT data on the preoperative MR images
enables the treating physician to properly examine the presence of cortical
bone and select the correct sonication strategy. In addition, the presence of
a CT overlay during HIFU treatment would facilitate fast localization of the
target lesion during the treatment planning phase of the treatment procedure.
Multimodal registration of CT and MR images has been performed for
many different purposes. A common application is automatic registration of
the brain (Wells et al., 1996; Studholme et al., 1996; Maintz et al., 1996; Wong
et al., 2010). The use of CT-MR registration for radiotherapy treatment is discussed in Brunt (2010). Regarding the registration of bony anatomy, CT-MR
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registration of the temporal bone has been performed automatically (Nemec
et al., 2007) and manually (Bartling et al., 2005). Finally, CT-MR registration
was performed in the pelvis for radiotherapy treatment planning (Charnley
et al., 2005; Kerhof et al., 2008; Rivest-Hénault et al., 2014). The feasibility of combining CT and MR images for treatment planning also applies to
HIFU procedures (Kagadis et al., 2012). In practice, registration is often done
manually or semi-automatically, using landmarks or delineations as guidelines
for registration. It is clear from the literature that the development of a
registration approach depends on the specific organs that are considered for
treatment.
In this paper, an automatic registration method is introduced for CTMR registration of pre-treatment images of patients with bone metastases
screened for treatment with MR-HIFU. This method registers one CT image
to all available MR images of the same patient.

5.2

Methods

Data
In this study, data from nine patients screened for MR-HIFU treatment for
painful bone metastases were included, showing 18 bone lesions in total. This
study was approved by the Institutional Review Board with a waiver of consent. Eight patients had lesions in the pelvis and one in the ribs. The eligibility
of these patients for MR-HIFU ablation was assessed.
A CT scan (average voxel size 0.7 × 0.7 × 3.0 mm3 ) was available of each
patient, which had been acquired previously as part of routine clinical care.
For some patients, this scan was contrast-enhanced. The CT scans had been
acquired in different hospitals, using different scanners and protocols, and
therefore had different noise levels and voxel sizes.
The MR data showed substantial inter-patient and intra-patient variability. The scans differed in orientation, voxel size, imaging sequence, field of view
and anatomical region. Clinical MR scanners were used (Achieva/Ingenia/Intera,
Philips Healthcare, Best, The Netherlands or Avanto, Siemens Healthcare,
Den Haag, The Netherlands). A multi-slice T1-weighted (T1w) (turbo) spin
echo MRI (voxel sizes in the range [0.49−1.25]×[0.49−1.25]×[4.8−7.0] mm3 ,
TR/TE 405-640/4.7-23 ms) and at least four other MRI scans were available
for each patient. Among these scans were multi-slice T1w and T2w scans,
gradient and spin echo scans, with and without fat suppression. In particular,
for the patient with lesions in the ribs, the MR scans contained an oblique
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saturation slab. This slab was placed in order to prevent artifacts that could
be caused by the motion of the heart. For all patients, we only used the original MR data and discarded any reconstructed subtraction images, maximum
intensity projections and multi-planar reconstructions.
The time between acquisition of MR and CT data typically varied between
10 and 50 days, with one outlier of 523 days.

Registration algorithm
For every patient, the CT scan was registered to all MR images of the patient. For all registrations, we used the in-house developed registration toolkit
elastix (Klein et al., 2010).
Considering the variability in the data, we developed an approach to ensure satisfactory performance on all MRI scans. The registration algorithm
consisted of two steps. In the first step, the CT data were registered to all
available MR images simultaneously by a rigid transformation. Secondly, the
transformation for each MR image was refined by an affine and a subsequent
deformable registration, focusing on bony structures using a combined metric
acting on intensities, gradient magnitude and a bone segmentation on CT.
Below, we will explain this approach in more detail.
Step 1: Simultaneous rigid registration
In the first step, we aimed to find a global rigid transformation that roughly
aligned the CT image with all MR images. Using the fact that all MR images
had been acquired in one examination, the physical scan coordinates could
be used for this purpose. This approach enhanced the robustness of the registration, because the groupwise registration forced the images to simultaneously align, thereby correcting disturbances that would occur in a one-on-one
registration of low quality images or images with a small field of view. A
framework for registration of multiple images simultaneously is available in
elastix (Klein et al., 2010).
Mutual information was used as a metric (Maes et al., 1997; Pluim et al.,
2003), using the implementation proposed by Mattes et al. (2001), given the
differences in grey values from the different modalities and MR acquisitions.
The number of histogram bins was set to 64. The optimizer used was an
adaptive stochastic gradient descent method (Klein et al., 2009). We initialized the registration by aligning the geometric image centres, to account for
the considerable differences in anatomical coverage. A multi-scale registration with nine levels of Gaussian smoothing was performed, using a random
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coordinate sampler with 3000 samples per iteration and 2000 iterations per
level. The smoothing increased per scale by a factor of 2 in each dimension,
starting from σ = 0.5 in the finest scale. Since one moving image (CT) had
to be transformed to match multiple fixed images (MR) simultaneously, the
cost function used was a summation of the mutual information of the CT and
each MR image:
C(T ; CT , {MR}) =

K
X

MI(T ; CT , MR i ) ,

(5.1)

i=1

where K is the total number of MR images. This rigid transformation was
taken as an initialization in the next step.
Step 2: Individual affine and deformable registration
In the second step, we performed a subsequent affine and deformable registration of the CT and each MR image separately, to correct for patient motion
that could have occurred in between the acquisitions of the MR scans. The
affine registration was used to refine the results of the global transformation.
Since we did not expect large affine transformations, we used no smoothing
pyramid in this step. Finally, we performed a deformable registration using
two scales for further refinement by allowing deformations. This was necessary in order to capture differences in position of structures with respect to
each other, such as a rotation of the leg relative to the pelvic bone. We used
a B-spline transformation model (Rueckert et al., 1999) with a 40-mm final
control point grid spacing in all directions. This relatively coarse B-spline grid
was chosen to only allow a small amount of deformation and avoid unrealistic
local deformations.
The affine and deformable registrations were performed using a cost function that combined three different metrics:
M1: Mutual information (MI) of the original CT and MRI
M2: Normalized cross correlation (NCC) of the gradient magnitude images
M3: Normalized cross correlation of a CT bone segmentation to inverted MR
images
Again, for the mutual information, the implementation from Mattes et al.
(2001) was used. The gradient magnitude images were included to align edges
that were present in both images and the bone images were included to focus the registration on bony structures. The cortical bone usually showed a
86

CT-MRI registration
high edge value, and therefore gradient magnitude images helped the registration process. We generated these images using a first derivative Gaussian
convolution at a scale of 1 mm.
To focus the registration on the bone, we generated a bone segmentation on
CT, by a simple thresholding, based on values from the literature. Cancellous
bone can show intensity values as low as 400-500 HU (Lim Fat et al., 2012;
Celenk and Celenk, 2012), while dense bone can yield values well above 3000
HU. However, it is possible for contrast-enhanced soft structures to yield values
higher than 300 HU. To avoid including these unwanted structures, a threshold
of 500 HU was chosen. In order to calculate the normalized cross correlation,
the MR images were inverted. This way, the relative contrast of the bone to
the surrounding tissues was similar to the bone segmentation.
We consequently obtained a combined cost function for the registration:
C(T ; CT , MR) = MI(T ; CT , MR) + NCC(T ; CT gm , MR gm )
+NCC(T ; CT bone , MR inv )

,

(5.2)
(5.3)

where T is the transformation from the fixed image (MR) to the moving
image (CT), MR gm and CT gm denote the gradient magnitude on MR and
CT, respectively, CT bone is the bone segmentation on CT and MR inv denotes
the inverted MR image.
This final step served to match bony structures that had not been fully
matched by the rigid and affine registration. Although we only dealt with
intra-patient registration, local differences in the transformation could still
occur, for example when a patient’s legs were positioned differently or when
the scan was taken in different breathing positions.
Evaluation
We evaluated our algorithm both qualitatively and quantitatively.
A visual assessment of the registration results was performed by two clinical observers (a radiologist with five years of experience (RJN) and a PhD
candidate (MD) in radiology (MH)), both involved in MR-HIFU treatment
of bone metastases. The clinicians evaluated the quality of the registration
around the pathological area as well as in the entire field of view. This was
done by visual inspection of the CT overlay on the MR images by both observers simultaneously.
To quantitatively evaluate the results, the observers were asked to put
landmark annotations on defining anatomical points in bony structures, both
near to and far from the pathological area. Decisions on where to place the
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landmarks were reached in consensus, meaning that the clinicians produced
one landmark set together. After one week, this procedure was repeated, such
that two sets of landmarks were obtained. Since in both landmark sets the
landmarks were placed in consensus, they could be treated as if they came
from one observer, such that the intra-observer variability could be derived
from the differences between these two sets. The observers did not necessarily
attempt to annotate the exact same landmarks in the second session. Also,
landmark locations differed per patient. For all patients, both landmark sets
contained 10 landmarks, except for patient 7, whose second set of landmarks
contained only eight points, because this second time the observers felt that
the field of view, although it was identical, was too small to find more reliable
landmark locations.
For each pair of landmarks, the landmark error ε is defined as the Euclidean
distance between a landmark Lct on the CT image and its associated landmark
Lmr on the transformed MR image under transformation T :
ε = kLct − T (Lmr )k

.

(5.4)

Then, the mean and standard deviation of the landmark errors were calculated for each patient on both landmark sets.
In addition, the landmark error was split in two directions, to investigate
the influence of the anisotropic voxels. Let (x,y) span the imaging plane and
let z run in the direction normal to this plane. Then the in-plane error was
calculated as the projection of the landmark error ε on the plane spanned
by (x,y) and the out-of-plane error was defined as the z-component of the
landmark error ε:
q
εin−plane = ε2x + ε2y
(5.5)
εout−of−plane = εz

.

(5.6)

The mean and standard deviation of both εin−plane and εout−of−plane were
calculated for evaluation.
To assess the influence of performing the simultaneous registration in step
1 (section 5.2), the same registration procedure was also performed with individual rigid registration instead of simultaneous registration in this step. The
landmark error was then calculated on these results as well.
To indicate the relevance of the additional metrics in Equation 5.3, which
was the cost function used in step 2, the registration was also performed
leaving out metric M2, metric M3 and both.
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Table 5.1: Registration errors in the first and second landmark set. The mean
and standard deviation of the landmark error ε are given. NL represents the
number of landmarks.
Patient
Set 1
number NL ε (mm)

NL

Set 2
ε (mm)

4.5 ± 1.3
4.0 ± 2.4
4.8 ± 3.5
4.0 ± 1.5
3.6 ± 2.4
5.5 ± 2.4
4.9 ± 3.6
3.6 ± 2.4
6.3 ± 3.4

10
10
10
10
10
10
8
10
10

5.0 ± 2.7
6.9 ± 4.2
3.8 ± 1.9
2.0 ± 1.1
3.1 ± 1.7
5.2 ± 1.8
6.5 ± 4.1
2.7 ± 1.7
5.8 ± 2.6

1
2
3
4
5
6
7
8
9

5.3

10
10
10
10
10
10
10
10
10

Slice thick- Location of the
ness (mm) bone lesions
5.5
7.0
5.5
4.0
5.5
4.8
5.5
5.5
5.5

sacrum
pubic bone
pubic bone
ribs
pubic bone
pubic bone/iliac wing
femoral neck
pubic bone
iliac wing/sacrum

Results

After visual inspection, the clinical observers found the registration results
generally visually acceptable and no significant misalignment was reported.
The quantitative results of the proposed registration algorithm are shown
in tables 5.1 and 5.2 and in Figure 5.1.
In Figure 5.1, boxplots of the landmark errors in both landmark sets for
all patients are shown to demonstrate the distribution of the errors. The best
performance was obtained in patients 4 and 5. The errors in patients 2 and 9
showed a relatively large spread. For most patients, the mean error was below
the slice thickness. In patients 6, 7 and 9, the errors were slightly higher than
the slice thickness.
The registration error was larger in the out-of-plane direction than the
in-plane direction (Table 5.2). In general, the out-of-plane error was 1 mm
larger than the in-plane error.
Table 5.3 shows the errors that were obtained with individual registration
instead of simultaneous registration in step 1 (section 5.2). For patient 7,
the rigid registration resulted in an error, because the optimizer drove the
transform in a false direction, to the point where not enough samples could
be obtained during registration. It is clear that for some patients the results
are similar to the results obtained by simultaneous registration. However, for
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Figure 5.1: Boxplots of landmark error measurements (mm) using our proposed registration algorithm (see Table 5.1). The horizontal line represents
the median value and the boxes contain the values in the second and third
quartile. The whiskers have a maximum length of 1.5 times the interquartile
range and outliers are plotted individually.

Table 5.2: In-plane vs. out-of-plane landmark errors. The mean and standard
deviation of the mean ε for per patient are given.
Error
direction
In-plane
Out-of-plane

90

Mean error
set 1 (mm)

Mean error
set 2 (mm)

1.9 ± 1.6
2.9 ± 2.3

1.9 ± 1.5
2.8 ± 2.2
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Table 5.3: Landmark errors obtained with individual instead of simultaneous registration as proposed in section 5.2, followed by affine and deformable
registration as in section 5.2.
Patient
number
1
2
3
4
5
6
7
8
9

ε
set 1 (mm)
4.3
3.2
4.8
4.0
3.6
161.8
115.8
6.2

±
±
±
±
±
±
N/A
±
±

ε
set 2 (mm)
1.5
2.1
3.2
1.6
2.4
6.4

5.0
6.4
3.8
2.0
3.1
163.9

22.1
3.4

122.5
5.6

±
±
±
±
±
±
N/A
±
±

2.4
4.1
1.8
1.0
1.7
6.7
24.1
2.6

Table 5.4: Results of using various combinations of the metric elements as
described in Equation 5.3 in section 5.2. The mean and the standard deviation of the mean ε per patient are given (mm). M1 = MI(CT , MR), M2 =
NCC(CT gm , MR gm ), M3 = NCC(CT bone , MR inv ). The last row shows the
entire measure as proposed in our algorithm.
Metric
M1
M1+M2
M1+M3
M1+M2+M3

Mean error
set 1 (mm)

Mean error
set 2 (mm)

6.5 ± 2.8
5.1 ± 1.3
5.9 ± 2.7
4.6 ± 0.9

6.7 ± 3.6
5.1 ± 1.8
6.0 ± 3.3
4.5 ± 1.7

other patients the error of individual registration is over a hundred millimetres,
indicating the superior performance of simultaneous registration.
The assessment of the influence of using the edge and bone information
(Table 5.4) shows that leaving out one of the metrics proposed in section 5.2
increased the mean error by 1 mm, and leaving out both metrics gave 2 mm
additional error.
The intra-observer variability was calculated as the difference in ε in both
landmark sets. This difference varies between 0.3 and 2.9 mm (Table 5.1).
Figure 5.2 shows examples of the registration of the pelvic bone for three
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Figure 5.2: Registration of the pelvic bone: two cross sections of patients 1, 5
and 8. It can be appreciated that the CT overlay clarifies the locations where
cortical bone is present. The asterisks indicate the part of the bone affected
by the metastasis. In these lesions, the cortical bone has been completely
destructed by the tumor.
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Figure 5.3: Registration of the ribs (patient 4). The image on the left shows
the registered CT overlay on the MRI. It is clear that the bone is accurately
matched on the ribs. The right image shows the registered CT image. This
patient has a tumor located in the 7th rib, generating additional cortex.

Figure 5.4: Misregistration of the pelvic bone in patient 9. Left: Registered
CT overlay on original MRI. Right: registered CT image.

different patients. Part of the cortical pelvic bone has disappeared and has
been replaced by tumor tissue. This cannot be seen easily on MRI, but it is
shown clearly by the CT overlay of the bony tissue.
In Figure 5.3, the result from the registration of the ribs is shown. Again,
the CT overlay of the bony tissue is shown on the original MRI.
In Figure 5.4, areas of misregistration in patient 9 are highlighted. In these
examples, the bony areas are clearly misaligned. For this patient, the MR scan
contained ghosting artifacts of the subcutaneous fat in the abdominal wall,
creating false edges, which could have accounted for the large error obtained
in those scans. In addition, the cortical bone was a relatively small part of
the entire scan, such that registration of these structures is easily disturbed
by larger artifacts or noise.
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Figure 5.5: Largest landmark error detected: 15.1 mm. Top left: CT image showing the distance between the predicted landmark by the registration
(red) and the landmark placed by the clinicians (yellow). Top right: The corresponding landmark on MRI. Bottom left: Landmark on CT in axial view.
Bottom right: Registered CT overlay and corresponding landmark on MRI.
Finally, the highest landmark error, obtained in patient 7, is shown in
Figure 5.5.

5.4

Discussion

In this work, we showed the feasibility of performing CT-MR registration of
images of patients with bone metastases. Combining both modalities, using
a registered CT overlay on the MR images, is helpful for clinicians to assess
the eligibility of a patient for MR-HIFU treatment and to select a specific
sonication strategy during treatment planning. MRI, which is available during
MR-HIFU treatment, shows the soft tissue and the tumors more clearly. The
CT overlay indicates the locations where cortical bone is present.
The registration framework proposed in this paper is generic in the sense
that it works for different anatomies. Although the datasets contained scans
acquired with different imaging pulse sequences, and with different orientations and voxel sizes, accurate results were obtained for almost all images. For
some patients, especially patients 8 and 9, the MR images contained motion
related artifacts (e.g. ghosting of the subcutaneous fat in the abdominal wall).
In these cases, misalignment of the bone occurred in certain areas. Also, for
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patient 2, there were 523 days in between the acquisition of the MRI and
the CT, such that lesion progression occurred. This most likely explains the
spread in the landmark errors, since the area near the lesion contained larger
errors.
The out-of-plane registration error was significantly larger than the inplane error. This was expected, due to the highly anisotropic voxels in the
MR images. The intra-observer error varied in the order of a few millimetres.
The high slice thickness thus influenced the accuracy of the registration and
the annotation.
The method is robust due to the initial rigid groupwise registration of all
available MR images. Individual registrations would have resulted in highly
incorrect initializations for particular cases (as shown in Table 5.3), since some
MR images had an extremely small field of view compared to the CT. Using
a groupwise registration, the alignment of these images benefited from the
presence of MR images with a larger field of view. Such problems can typically
be solved by using standardized MRI protocols in the screening stage.
After the groupwise registration, we performed additional affine and deformable registrations for all images separately. In this step, the focus was on
bone specifically. Therefore, a combined cost function was used, based on the
original images, the gradient magnitude images and the bone segmentation on
CT and the inverted MR image. We found that it was necessary to include
this information. In general, without this information, a 2 mm larger registration error was obtained (see Table 5.4). For one patient, the mean error
was even more than 1 cm without this information. This was probably due to
the fact that the registration suffered from difference in position of the organs
and tumor progression. By focusing the registration on bone, these factors
had less influence.
We used a nine level scale space and took 3000 samples in each iteration.
This extensive framework was necessary because of the differences in field of
view between the CT and MR. The registration process was automatically
initialized by aligning the geometrical image centres. In Table 5.5, the Dice
overlap between this initialization and the simultaneous rigid registration is
shown. It can be seen that in many cases, the initialization is far from the
final registration. For patient 6, the smallest average overlap occurred, but
because of the high number of samples, the registration still succeeded. Patient 7 had a CT showing both legs and an MRI showing only one leg. In
this case, the initialization was off as well, but the large number of scales
guided the registration to the correct transformation. Due to this comprehensive registration scheme, the entire process took approximately one hour per
patient. A significant speed-up could be obtained with a standardized imag95
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Table 5.5: Overlap of the initial and the final transformed volumes (Dice
coefficient).
Patient
number
1
2
3
4
5
6
7
8
9

Overlap with initial
rigid registration (%)
0−43
0−57
94−95
45−72
0−47
0−12
0−60
0−54
0−45

ing protocol, such that a more reasonable initialization could be implemented.
However, this registration algorithm was developed for offline registration of
CT to pre-treatment MRI, so time was not an issue.
The method performed adequately for 8 out of 9 patients. In one patient,
our method did not perform satisfactory in all locations. This was mainly due
to the fact that the MR images of this patient contained considerable ghosting
artifacts. The groupwise registration yielded reasonable results. However, in
the last two steps, where the focus was on bony structures, for some images
the registration was not able to refine the bone registration properly, as was
shown in Figure 5.4.
In Figure 5.3, it can be seen that for the patient with lesions in the ribs,
the shoulder blade was not registered correctly. This is a consequence of the
different patient positioning in CT and MRI: in CT, the arms are placed above
the head, to better visualize the internal organs. In MRI, it is common that
patients put their arms along their body. The displacement of the shoulder
bone is therefore too large for our registration algorithm. Nonetheless, the
registration of the ribs was in fact accurate, even in areas where the bone
was invisible in MRI, due to the presence of tumor tissue. Moreover, the
registration did not seem to suffer from the saturation slab that was present
in all MR images of this patient, to suppress the signal from the heart.
In the future, attention should be focused on fast registration of pretreatment to per-treatment MR images. The pre-treatment MR images are
acquired to assess eligibility for MR-HIFU treatment. Prior to MR-HIFU
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treatment, the treatment planning is performed, with the patient on the HIFU
table (e.g. selecting the beam geometry, focal spot, and power). To make use
of the CT overlay at this point, these per-treatment MR images should be
registered to the pre-treatment MR images. This transformation could be
combined with the transformation from CT to pre-treatment MRI, which was
already calculated offline. We expect this problem of mono-modality registration to be less challenging, such that it can be solved using a less extensive
registration pipeline. In addition, adequate imaging protocols should be developed, such that more standardized datasets are obtained. At least a T1w
turbo spin echo MR sequence should be acquired for each patient, yielding
optimal contrast of the cortical bone with the surrounding tissue. This scan
should preferably contain isotropic voxels to improve the accuracy of the registration.
The anatomies in this dataset were the ribs and the pelvis. However,
considering we made no assumptions about the anatomical structures, we
expect our method to work on other anatomies as well.

5.5

Conclusion

A registration framework for intra-patient registration of CT to pre-operative
MRI was presented. The registration was focused on bony structures, such
that a bone mask obtained from the CT image could be overlaid on the preoperative MR images.
The method was tested on data acquired in nine patients. A mean target
registration error of 4.5 mm was obtained. The relatively large slice thickness
limited the accuracy of the annotation as well as the registration in the outof-plane direction. The annotation error varied between 0.3 and 2.9 mm.
Still, the total registration error was generally smaller than the slice thickness.
Therefore, the mean landmark error obtained was considered satisfactory for
this particular dataset.
The feasibility of combining information from CT and MRI by non-rigid
registration for MR-HIFU treatment of bone metastases was demonstrated.
This registration can be of use in the treatment planning of MR-HIFU for
patients with bone metastases, as it enables the treating physician to properly
examine the integrity of the cortical bone. This in turn can help in choosing
the correct treatment strategy.
To be able to use this registration approach in a clinical setting, standardized imaging protocols should be developed for MR-HIFU treatment of painful
bone metastases. With a standardized protocol, a proper initialization could
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be achieved, enabling faster performance of the registration without compromising accuracy. In addition, using MR acquisitions with a higher resolution
could improve the accuracy of the registration algorithm.
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In this thesis, several topics regarding image processing for minimally invasive image-guided therapies are addressed.
In Chapter 2, a fully automatic method for rib cage segmentation in 3D
MRI is described. The method was based on vesselness filtering, spline surface
fitting and a graph-based multi-path search. It was shown that it is possible
to detect the entire rib cage in a robust way. The vesselness filtering was used
to extract elongated rib-like structures. Subsequently, a 2D spline surface
was fitted in 3D to these structures, containing the rib cage. This surface
yielded a 2D search space, which contained the vesselness values belonging to
the corresponding points on the surface. A multi-path search, in which each
path represented one entire rib (right and left side), was then implemented
in this search space. Several constraints were enforced on the paths, which
forced them into their trajectories, allowing to track the ribs even in regions
where the contrast was low. The resulting paths were mapped back to 3D.
In total, 93% of all ribs contained in the datasets were detected. Of these
ribs, 84% were classified as a correct rib detection. It was shown that it is
possible to use this detected rib skeleton as an initialization to a full rib cage
segmentation, using a level set approach. The average boundary error for this
case was 2.0 mm. For image-guided therapies in abdominal organs that are
partially covered by the rib cage, this method can be useful to provide an
automatic rib detection during treatment planning.
In Chapter 3, a liver motion model based on registration of dynamic images is proposed. The dynamic MR images were acquired at six equidistant
locations in the liver. Registration between these dynamics yielded a transformation field, of which the translation component in feet-head (FH) direction
could be extracted. The normalized FH-translation value and its direction
were used to reorder the dynamics according to their phase in an average
breathing signal, distinguishing inspiration from expiration. The corresponding deformation fields, obtained from the registration of each of these dynamics, together formed a look-up table for the state of the liver at several
time points in an average breathing cycle. The deformation fields at all six
locations for each phase in the look-up table were spatially interpolated, to
generate a 3D deformation field. Registration between the dynamics and a
3D reference volume was performed to transform this 3D volume according
to the deformation fields in the look-up table. The performance was evaluated by acquiring an additional dynamic MRI sequence at a location that
was not contained in the model. The normalized FH-translation values of this
new sequence were computed by simulating a navigator echo signal. These
values were used as input to the model, such that the 3D reference volume
was transformed according to the deformation field at that time point. The
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performance of the model was evaluated by measuring the difference between
the actual and predicted position of the blood vessels. It is expected that the
performance will be similar for predicting the position of a tumor. In addition,
the Dice coefficient of the predicted liver shape compared to the actual liver
shape was calculated. An average blood vessel misalignment of 3.0 mm was
found. The average Dice coefficient was 0.93. These results are promising for
clinical application of the model.
In Chapter 4, the performance of this liver motion model is investigated in
a setup that better approaches a clinical setting. Temporal prediction of the
motion using an extended Kalman filter was performed, for which a respiratory signal was recorded during MR data acquisition. In addition, variations
in the breathing pattern were introduced, to measure the sensitivity of the
method and the time needed to adjust to a new situation. As expected, the
performance of the model decreased when using temporal prediction for larger
time steps. The Dice coefficient only decreased slightly, with a difference of
0.85% between 0 and 1200 ms prediction time. However, the vessel misalignment increased from 2.9 mm for a prediction time of 0 ms, to 4.0 mm for a
prediction time of 1200 ms. This suggests that the internal deformation error
is especially sensitive to errors in temporal prediction. It was shown that for
sudden variations in the breathing pattern, the Kalman filter was able to correct prediction errors in 3 to 4 seconds. Overall, the results seem acceptable
for clinical use of the model.
In Chapter 5, a registration framework is presented to successfully register
clinical pre-treatment CT images to pre-treatment MR images. These images were obtained from patients who underwent HIFU ablation treatment of
painful bone metastases. The scans showed a large variability in anatomical
region, orientation, voxel size, imaging sequence and field of view. However,
the registration proved robust against these variations. The approach consisted of two steps. In the first step, a simultaneous rigid registration of all
available scans of a patient was performed. In this way, possible individual
registration errors were avoided and the robustness was increased. In the second step, the individual images were registered, using an affine transformation
followed by a B-spline-based deformation. In this step, edge information based
on the gradient magnitude of the images was included to guide the registration to the correct position. The mean target registration error was 4.5 mm.
Given that the slice thickness varied between 4.8 and 7.0 mm, this result was
considered satisfactory.
In summary, automatic image processing solutions for several issues involving the clinical application of image-guided procedures are proposed. Although open issues remain, these methods have potential to contribute to the
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future clinical application of minimally invasive image-guided therapies.
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7.1

Automatic segmentation of the ribs: a
potential contribution to image-guided
therapies in the liver

The partial obstruction of the liver by the rib cage defines one of the issues
that need to be addressed before clinical application of MR-HIFU treatment
in the liver can be realized. Methods need to be found that can deal with this
obstruction and provide ways to implement an intercostal HIFU approach.
Detection and segmentation of the rib cage, or at least the ribs that are located in the HIFU beam trajectory, is therefore required to enable accurate
treatment planning and define the treatment setup.
Another field in which rib detection in MRI could be useful is MR-only radiation planning, in which the aim is to perform dosimetry in MRI instead of
CT (Köhler et al., 2015; Maspero et al., 2015; Eilertsen et al., 2008). Segmentation of the different tissue types is therefore required. A pseudo-CT scan can
be created from these segmentations, assigning the correct Hounsfield units to
the different tissues. However, the MR images that are used in this approach
are very different from the images that were used for our rib cage detection
method. It is therefore not likely that this exact approach would also work in
these images.
It is possible to segment the ribs automatically in 3D MRI. This would
eliminate the need for a prior CT and subsequent registration between CT
and MRI, which contributes to a more efficient workflow and prevents ionizing
radiation exposure for the patient. However, the visibility of the rib cage, and
in particular the bony part, is limited in clinical MRI. Cortical bone gives no
signal in traditional MRI, due to its short T2* value. Therefore, it is only
visible by contrast with surrounding tissue, such as muscle or marrow. The
cartilage can be visualized using an appropriate acquisition protocol.
In Chapter 2, an automatic rib segmentation method was described in
which vesselness filtering and simultaneous path finding is applied to connect
the ribs to the cartilage, even though this transition is not always directly
visible in the image. This approach forces a certain number of ribs to be found
in the image. This increases the robustness of the segmentation. However,
the detected ribs may be irregular in areas with low visibility. These initial
paths can be used as an initialization to a full rib cage segmentation. For this
purpose, small irregularities in the paths are not an issue, provided that the
paths are still contained in the ribs. The method is promising, but not all ribs
are detected and some of these detected ribs may be incorrect.
For clinical use of this method, it would be feasible to allow user interac104
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tion. The user might indicate areas where ribs are missing, or eliminate parts
that are incorrect, after which the segmentation should be altered automatically to fit the new requirements. The proposed algorithm is suitable for such
extensions.
Future improvements of rib segmentation in MRI might also be achieved
by exploring other image acquisition protocols for this purpose. For example,
ultrashort echo-time imaging (UTE), in which cortical bone can be visualized,
might yield superior rib detection results. Such a sequence could be combined
with a sequence that visualizes the cartilage. For many applications, it may
not be necessary to segment the entire rib cage. In this case, a semi-automatic
method to detect the part of the rib cage that is relevant to the treatment
could be sufficient.

7.2

Liver motion modeling

Liver motion modeling is useful for treatment planning of radiotherapy or
MR-HIFU treatment of the liver, for which it is important to have knowledge
on the motion of the target. In Chapter 3, a subject-specific model based
on registration of dynamic MR data is described. During regular breathing,
the model is capable of predicting the position of the blood vessels with an
accuracy of 3.0 mm. Assuming that the prediction error in tumor position
will be similar, this seems acceptable for clinical use of the model.
The model predicts the deformation of the liver during an average breathing cycle. This information could possibly be used during treatment planning
to map the expected trajectory of the tumor and, combined with detection of
the ribs, adjust the treatment setup accordingly. It also provides information
that can help a clinician decide if a patient is eligible for the treatment in the
first place. Furthermore, the eligibility of a patient for the treatment may be
assessed using the motion prediction provided by the model.
The use of a motion model during treatment could also be beneficial, to
provide knowledge on the target position. The motion model can be built
offline prior to the treatment. The important aspect during treatment is to
match a specific time point to the correct liver state in the model. For this
purpose, information is needed on the position of the liver at that time point,
either provided by a navigator echo or by a respiratory signal. Since a short
period of time will be required to process this feedback, temporal prediction of
the reference signal (the navigator or the respiratory signal) is required. For
MR-HIFU, in case electronic beam steering is used, this processing time would
be in the order of 10 ms (Aubry et al., 2013; Pernot et al., 2004). However, in
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case hardware needs to be adjusted, for instance in radiotherapy or MR-HIFU
with mechanical beam steering, it might be more than 1 s.
In Chapter 4, the sensitivity of the model to irregular breathing and temporal prediction errors is investigated. It turns out that if an extended Kalman
filter is used for temporal prediction, an additional motion prediction error of
up to 1 mm can be expected. However, the filter relies on a few previous
timepoints for prediction and is therefore capable of rapidly adjusting to new
circumstances. Since patients will probably be sedated during treatment, irregularities in breathing might be reduced. However, depending on the type
of sedation (PSA or full anaesthesia), some irregularities might still occur.
Using a motion model prior to treatment and during treatment seems beneficial to increase the accuracy of current clinical image-guided therapies. In
addition, they might help overcome the issues that are currently preventing
MR-HIFU to be applied in moving organs. Various ways exist to generate
subject-specific motion models for moving organs. An important aspect in
using a motion model during treatment is correct linking of the actual movement to the model, detecting changes that yield large deviations from the
model and possibly subsequently recalibrating the model. For this purpose,
reliable information about the state of the organ motion during treatment
can be obtained from a respiratory signal or a navigator echo. A navigator
echo can be acquired from the diaphragm position, which has a more direct
relation to organ motion than the breathing signal. However, combining scan
sequences with built-in navigators during treatment with MR-thermometry
may be a rather complex challenge for the future.

7.3

Automatic image registration applied in a
clinical setting

MR-HIFU is already being used in the clinic for the ablation of uterine fibroids
and painful bone metastases. MRI provides excellent soft tissue contrast and
is therefore suitable for imaging the soft tumor tissue and aqueous surrounding
tissues. However, in the case of painful bone metastases, it is also important
to image the cortical bone. Since standard MRI does not yield sufficient signal
in the cortical bone, pre-treatment CT scans are made as part of the clinical
work-up for these patients. For planning of the MR-HIFU ablation procedure,
information of both the CT and MRI is necessary.
In Chapter 5, it is shown that registration between these modalities provides a solution to visualize the information from both images simultaneously.
The CT scan is registered to the MRI. A cortical bone overlay can easily be
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extracted from the CT, since the range in Hounsfield units for cortical bone
is known. This overlay can then be presented on the MR image, visualizing
both the soft tumor tissue and the cortical bone that is present in them. This
contributes to a more accurate treatment planning procedure. In addition,
it may be possible to use this CT overlay during treatment as well. For this
purpose, the pre-treatment MR planning images should be registered to the
per-treatment MR images that are acquired on the HIFU table before the
start of the sonication. If this transformation is known, the CT bone overlay
can be transformed accordingly to be used during treatment.
Multi-modality registration has many possible applications. Registration
frameworks can be tuned to specific problems, focusing on particular structures or searching for a specific type of transformation. For this purpose,
various frameworks, optimizers and metrics can be applied. Evaluation of the
method is very important. A registration result might look realistic, but the
deformation field may be incorrect. Therefore, it is important to examine the
deformation field as well to detect foldings or unrealistic deformations. An
accurate way to evaluate a registration method quantitatively is by placing
markers in both images and calculating the registration error of these markers.
Sufficient markers should be placed in all relevant areas and sufficiently large
datasets should be used to determine if a method is reliable.

7.4

The role of image processing in improving the
outcome of image-guided therapies

The abovementioned topics address a few specific issues in which image processing can play a role towards the clinical application of image-guided therapies in specific organs. Segmentation and registration of medical images can
contribute to a more accurate treatment planning and outcome. Focusing on
MR-HIFU applications, possible solutions to clinical problems were proposed
in this thesis. Although many practical open issues remain, it is shown that
possibilites exist to overcome some of these problems using image processing.
These methods may be applied to other image-guided therapies as well, such
as radiotheraphy.
The solutions proposed in this thesis are all automatic methods, which
have the obvious advantage that no user input or prior knowledge is required.
However, for use in clinical practice, it may be more feasible to at least introduce additional options such that the clinician can adjust the results in case
they do not meet the requirements. This could be developed as an extension
to the proposed methods.
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In image-guided therapies, images are generated during treatment. Organ
motion and time effectiveness are an important aspect to consider in this
stage. Image processing can be beneficial if the methods are fast and accurate.
The quality of the images during treatment is usually lower than that of the
treatment planning images. Therefore, a sensible approach would be to use the
results of the treatment planning stage to aid the image processing procedures
during treatment. For instance, in case of liver motion, the model generated
prior to treatment could be used during treatment if the respiratory signal
is tracked and per-treatment feedback on temperature is used to monitor the
treatment effectiveness and safety. Registration of pre-treatment MRI to pertreatment MRI could be performed for bone metastases to be able to use the
pre-treatment CT overlay during treatment as well. Segmentation of the rib
cage can be transferred to per-treatment images by fast registration.
Obviously, when using image processing in clinical procedures, it is of
key importance that the clinician has knowledge of the limitations of these
methods, such that this person can intervene in case unexpected results occur.
The possible risks of using image processing must be analyzed carefully and
the acceptable error margins should be determined. If reliable guidelines and
protocols are designed, image processing solutions have potential to provide
a significant contributions to the solutions that are required for image-guided
therapies to become clinically accepted.

108

References
Anzai, Y., Lufkin, R., DeSalles, A., Hamilton, D. R., Farahani, K., and Black,
K. L. Preliminary experience with MR-guided thermal ablation of brain tumors. American Journal of Neuroradiology, 16(1):39–48, 1995.
Anzidei, M., Napoli, A., Sandolo, F., Marincola, B. C., Di Martino, M.,
Berloco, P., Bosco, S., Bezzi, M., and Catalano, C. Magnetic resonanceguided focused ultrasound ablation in abdominal moving organs: a feasibility
study in selected cases of pancreatic and liver cancer. Cardiovascular and
Interventional Radiology, 37(6):1611–1617, 2014.
Aubry, J.-F., Pauly, K. B., Moonen, C. T. W., ter Haar, G. R., Ries, M.,
Salomir, R., Sokka, S., Sekins, K. M., Shapira, Y., Ye, F., et al. The road
to clinical use of high-intensity focused ultrasound for liver cancer: technical
and clinical consensus. Journal of Therapeutic Ultrasound, 1(1):1–7, 2013.
Balter, J. M. and Kessler, M. L. Imaging and alignment for image-guided
radiation therapy. Journal of Clinical Oncology, 25(8):931–937, 2007.
Banik, S., Rangayyan, R. M., and Boag, G. S. Automatic segmentation of
the ribs, the vertebral column, and the spinal canal in pediatric computed
tomographic images. Journal of Digital Imaging, 23(3):301–322, 2010.
Barbosa, D., Queirós, S., Rodrigues, N., Correia-Pinto, J., and Vilaça, J.
Semi-automatic 3D segmentation of costal cartilage in CT data from pectus
excavatum patients. In Proceedings of the SPIE, volume 9413, pages 94133M–
1/6, 2015.
Barkati, M., Van Dyk, S., Foroudi, F., and Narayan, K. The use of magnetic resonance imaging for image-guided brachytherapy. Journal of Medical
Imaging and Radiation Oncology, 54(2):137–141, 2010.
109

Bartling, S. H., Peldschus, K., Rodt, T., Kral, F., Matthies, H., Kikinis, R.,
and Becker, H. Registration and fusion of CT and MRI of the temporal bone.
Journal of Computer Assisted Tomography, 29(3):305–310, 2005.
Baumgartner, C. F., Kolbitsch, C., Balfour, D. R., Marsden, P. K., McClelland, J. R., Rueckert, D., and King, A. P. High-resolution dynamic MR imaging of the thorax for respiratory motion correction of PET using groupwise
manifold alignment. Medical Image Analysis, 18(7):939–952, 2014.
Blackall, J., King, A., Penney, G., Adam, A., and Hawkes, D. A statistical
model of respiratory motion and deformation of the liver. In Niessen, W. J. and
Viergever, M. A., editors, Medical Image Computing and Computer-Assisted
Intervention – MICCAI 2001, volume 2208 of Lecture Notes in Computer
Science, pages 1338–1340. Springer Berlin Heidelberg, 2001.
Blackall, J. M., Penney, G. P., King, A. P., and Hawkes, D. J. Alignment
of sparse freehand 3-D ultrasound with preoperative images of the liver using
models of respiratory motion and deformation. IEEE Transactions on Medical
Imaging, 24(11):1405–1416, 2005.
Blackall, J. M., Ahmad, S., Miquel, M. E., McClelland, J. R., Landau, D. B.,
and Hawkes, D. J. MRI-based measurements of respiratory motion variability
and assessment of imaging strategies for radiotherapy planning. Physics in
Medicine and Biology, 51(17):4147–4169, 2006.
Boaz, T. L., Lewin, J. S., Chung, Y.-C., Duerk, J. L., Clampitt, M. E., and
Haaga, J. R. MR monitoring of MR-guided radiofrequency thermal ablation
of normal liver in an animal model. Journal of Magnetic Resonance Imaging,
8(1):64–69, 1998.
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In dit proefschrift worden verscheidene onderwerpen op het gebied van
beeldverwerking voor minimaal invasieve MR-geleide behandelingen besproken.
Hoofdstuk 1 geeft een algemene introductie over MR-geleide behandelingen
en de rol die beeldverwerking daarin kan spelen.
In hoofdstuk 2 wordt een automatische methode voor het segmenteren van
de ribbenkast in 3D MRI voorgesteld. Deze methode is gebaseerd op een filter
ontworpen voor langgerekte structuren, het fitten van een spline oppervlak om
de ribbenkast en een graaf waarin naar meerdere paden tegelijkertijd gezocht
wordt. Er wordt aangetoond dat het mogelijk is de gehele ribbenkast te detecteren. Het filter wordt gebruikt om de eerste ribstructuren te detecteren.
Vervolgens wordt een 2D spline oppervlak in 3D gefit aan deze structuren, zodat het de ribbenkast omvat. Dit oppervlak levert een 2D ruimte op, waarop
de output van het filter voor de corresponderende punten in 3D geprojecteerd
wordt. Binnen dit oppervlak wordt simultaan naar meerdere maximale paden
gezocht, zodat elk pad één rib voorstelt (linker- en rechterkant). Vervolgens
wordt n van de gedetecteerde ribbenkast uitgebreid tot een volledige ribsegmentatie, waarbij een levelset-methode gebruikt wordt. Voor beeldgeleide
behandelingen van organen die gedeeltelijk binnen de ribbenkast liggen kan
deze methode gebruikt worden om een automatische ribdetectie tijdens de
planning te genereren.
In hoofdstuk 3 wordt een bewegingsmodel van de lever besproken, dat is
gebaseerd op registratie van dynamische MRI-beelden en een 3D volume scan.
Deze sagittale beelden werden opgenomen op zes verschillende locaties in de
lever, met gelijke afstand. Registratie tussen deze dynamische beelden levert een transformatieveld op, waarvan de genormaliseerde component van de
translatie in cranio-caudale richting bepaald wordt. De grootte en richting
van deze component worden gebruikt de dynamische beelden te herordenen
op basis van hun fase in de gemiddelde ademhalingscyclus, waarbij onderscheid gemaakt wordt tussen inademing en uitademing. De bijbehorende deformatievelden, verkregen uit de onderlinge registratie van de beelden, vormen
samen een model voor de positie en deformatie van de lever op verschillende
momenten in de gemiddelde ademhalingscyclus. De deformatievelden voor
alle zes locaties voor elke fase in het model worden genterpoleerd over de
tussenruimtes, met een 3D deformatieveld als resultaat. Vervolgens werd een
registratie uitgevoerd tussen het 3D volume en de 2D dynamische beelden, zodat het 3D volume getransformeerd kon worden met de 3D deformatievelden
uit het model. Voor evaluatie werd een nieuwe dynamische reeks 2D beelden
gebruikt, die niet gebruikt waren bij het creren van het model. De craniocaudale translatiecomponent in deze beelden werd bepaald met behulp van
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een gesimuleerd navigator-signaal. Deze waarden werden gebruikt als input
voor het model, zodat het 3D volume werd getransformeerd met behulp van
het deformatieveld behorend bij de betreffende fase in de ademhalingscyclus.
De resultaten werden gevalueerd door het verschil tussen de daadwerkelijke
en voorspelde posities van de bloedvaten te meten. Naar verwachting zouden
deze resultaten vergelijkbaar zijn voor het voorspellen van de positie van een
tumor.
In hoofdstuk 4 wordt de werking van dit levermodel verder onderzocht in
een setup die meer overeenkomt met de klinische situatie. De leverbeweging
wordt nu ook voorspeld in de tijd, met behulp van een Kalman filter, waarvoor het ademhalingssignaal werd opgenomen tijdens de acquisitie van de MRI
data. Daarnaast werden variaties in het ademhalingspatroon opgenomen, om
de gevoeligheid van de methode te bepalen en te onderzoeken hoeveel tijd het
kost voordat het model zich aangepast heeft aan de nieuwe situatie. Zoals
verwacht werden de resultaten slechter naarmate de tijdstappen in de voorspelling groter werden. Met name de interne deformatie van de lever blijkt
extra gevoelig voor fouten in de tijdsvoorspelling. Er wordt ook aangetoond
dat het Kalman filter eventuele fouten in de voorspelling binnen 3 tot 4 seconden kan herstellen. In het algemeen lijken de resultaten nog steeds acceptabel
voor klinisch gebruik van het model.
In hoofdstuk 5 wordt een registratiemethode gentroduceerd die klinische
CT-scans met succes registreert naar MR-beelden, beide gemaakt voorafgaand
aan behandeling. Deze beelden waren van patinten met pijnlijke botmetastasen die hiervoor een HIFU-behandeling hebben ondergaan. De MRI-scans
varieerden onderling in meerdere opzichten: de afgebeelde anatomie, de orintatie, de voxelgrootte, de gebruikte acquisitie en de field-of-view. Toch is de
registratie robuust onder deze variaties. De methode bestaat uit twee stappen. In de eerste stap worden alle beschikbaar MR-beelden van n patint
tegelijkertijd rigide geregistreerd naar de CT scan. Hiermee kunnen eventuele
fouten op individuele beelden worden voorkomen. In de tweede stap worden
de individuele beelden geregistreerd met een affiene transformatie, gevolgd
door een B-spline transformatie. In deze stap wordt ook de gradiënt van de
beelden meegenomen om informatie te verkrijgen over de randen van de afgebeelde structuren. Deze methode werkt goed op de hele dataset, met een
registratiefout vergelijkbaar met de plakdikte van de scans.
Dit proefschrift is een verzameling van automatische beeldverwerkingsmethoden, als oplossing voor verschillende problemen met betrekking tot de klinische applicatie van beeldgeleide behandelingen. Hoewel sommige problemen
nog onopgelost blijven, hebben de voorgestelde methoden potentie om bij te
dragen aan de klinische applicatie van deze behandelingen in de toekomst.
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