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CHAPTER ONE

Introduction

Always design a thing by considering it in its next larger context
a chair in a room, a room in a house, a house in an environment,
an environment in a city plan.

— ELIEL SAARINEN(1873-1950 A.C.)

1.1 Hyperthermia treatment

nant tumors originating in the upper airways and swallowing tracts. In 2012,

this disease accounted for approximately 5% of all cancers worldwide, with
680,000 new cases diagnosed and 370,000 recorded deaths, resulting as the seventh
most common cancer worldwide [1]. The H&N region is often divided in subregions
containing different tumor sites, as depicted in Figure 1.1: the oral cavity, paranasal
sinus and nasal cavity, salivary glands, nasopharynx, oropharynx, hypopharynx (bot-
tom part of the throat) and larynx. Tumors in the eyes, brain and skin are generally
not considered H&N cancer.

Prognosis for patients with advanced head and neck cancer is very poor and treat-
ment of this type of cancer is challenging [25,77]. The standard treatment of advanced
H&N tumors is radiochemotherapy which generally results in a 5-year survival rate
of 20% to 656% depending on the tumor stage and primary site and is associated with
a high treatment toxicity [25]. Severe side effects are often reported, such as loss of
swallowing and salivary function leading to difficulties in speaking and eating.

For many tumor sites, adding local hyperthermia treatment to chemotherapy and
radiotherapy (RT) has been shown to significantly improve the treatment outcome
without increasing treatment toxicity [5,37,57,60,112,124]. Local hyperthermia treat-
ment (HT) consists of elevating the tumor temperature to a temperature between 40°
and 44° Celsius. The goal of an hyperthermia treatment is to elevate the temperature
of the tumor and the surrounding region at risk to a temperature as high as 43° while
sparing the surrounding thermo-sensitive tissues from an excessive thermal dose.

In the H&N region, for tumors located in superficial sites ( < 4 cm from outer
or inner skin) the effectiveness of hyperthermia has been demonstrated in phase III
clinical trials [54,55,121]. The findings of these studies are summarized in Table 1.1.

In order to deliver thermal dose in deep ( > 4 cm from the skin surface ) H&N
regions the Hypercollar was developed [90]. The first version of this device, the

Head and neck (H&N) cancer is the term used to describe a wide range of malig-
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Oral Cavity

Oropharynx Pharynx
Salivary Glands

Hypopharynx

Figure 1.1. Anatomical regions of the head and neck.

Table 1.1. Summary of phase III clinical trial results for hyperthermia treatment of
H&N cancer. Abbreviations: CR = Complete response, LC = 5 years local control,
OS = 5 years overall survival, RT = radiotherapy, HT = hyperthermia, Loc.Adv.
= locally advanced.

Study Nr. Patients Tumor RT only RT + HT Toxicity

[121] 41 Loc.Adv. LC:24%  LC:69%  Similar
0S:0%  08:54%

[55] 56 Loc.Adv. CR:42%  CR:79%  Similar

[54] 180 Nasopharynx CR:81% LC:96%  Similar

carcinoma LC:79%  LC:91%

Hypercollar, and the new version, the Hypercollar 3D [116], are shown in Figure 1.2.

With the technological possibility of highly focused deep irradiation of the neck
area [90,116], the need for patient specific hyperthermia treatment planning (HTP)
is increased. HTP is needed for dosimetry, optimization, adaptation, monitoring and
evaluation of hyperthermia treatments. Accurate electromagnetic based treatment
planning was therefore developed and integrated with adaptive hyperthermia treat-
ment planning [97]. More recently the use of thermal based treatment planning was
also investigated [128]. HTP of the H&N is based on 3D anatomical models extracted
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from CT images [89,97]. The models are commonly generated by manual delineation
of the relevant structures in axial CT slices. It is well known that manual delineation
is labor intense (5-8 h for a 3D patient model) and suffers from intra- and interobserver
variability. Thus, automation of this process is highly demanded.

Recent literature shows that the higher soft tissue contrast of MR images allows for
more accurate delineation of target [2,45,96,117] and normal [126] tissues in the H&N
region. Additionally, a better visualization of soft-tissues can potentially facilitate
the process of automatic segmentation. The workflow of hyperthermia treatment
planning is shown in Figure 1.3 where we highlight the possibility of integrating MR
and CT images to improve the patient models. CT images are still required as they
are geometrically more accurate than MR and they provide the tissues proton density
which is a crucial input for radiotherapy treatment planning.

The automatic construction of these 3D patient models from CT and Magnetic
Resonance (MR) images is the main theme of our research. In the following sections
we briefly introduce the image processing methods that were developed and evaluated
in this thesis, and in Section 1.4 we formulate the research questions and describe the
thesis content.

1.2 Image registration

Image registration is the process of spatially aligning two or more images. In this
way the image content from different images can be combined. Among the most
important applications of image registration we can mention multi-modality image
alignment [15] [Chapter 5 and 6 of this thesis], the comparison of follow-up datasets
to base-line datasets [109], alignment of images over time [71,83,110] and atlas-based
segmentation [68,123] [Chapter 2 and 4 of this thesis].

The registration of two images, a fixed image, defined in the reference coordinate
frame, and a moving image which need to be aligned to the reference coordinate
frame, is an optimization process. This process is generally performed iteratively by
minimizing a cost function, that measures the (dis)similarity of the fixed and the
(iteratively deformed) moving image, with respect to the deformation parameters.
The components and parameters of this optimization process need to be selected
and tuned for the application at hand. The most important components are the
optimization algorithm, the cost function and the deformation model.

Different optimization algorithms for registration have been described and com-
pared in [67]. Based on the result of the latter paper, Klein et al. developed the
adaptive stochastic gradient descent optimizer [65]. This is the optimization method
used in this thesis.

Common intensity-based cost functions are e.g. mean squared differences, nor-
malized cross-correlation and mutual information [80,94,115]. The choice of cost
function depends on the images that need to be aligned. If the the images have
similar/calibrated contrast and intensity values, as for CT images, a mean squared
differences similarity is sufficient to obtain a good registration. The normalized cross-
correlation is a metric which is more robust to intensity variation and can e.g. be used
when aligning contrast and no-contrast CT images. Mutual information-based simi-
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Figure 1.2. The Hypercollar and the Hypercollar 3D

Delineation 3d patient model Optimized 3d SAR (or T)

Delineation

Figure 1.3. Hyperthermia treatment planning workflow and extended workflow
when adding MR based information.
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larity metrics are derived from information theory and measure the statistical mutual
dependence between the images. These measures are robust to image intensity and
contrast change and therefore they are commonly applied in multimodal registration.

The deformation parameters which are being optimized during registration de-
scribe the spatial transformation between the fixed and moving image. This trans-
formation can be linear, e.g. rigid (translation and rotation) or affine (global scaling,
rotation, translation and skewing), or non-linear. When the transformation is non-
linear the registration is named non-rigid or deformable. In this thesis we focus on
a non-rigid transformation model called Free Form Deformation [100]. This model is
based on a parametric description of the transformation using cubic B-Spline polyno-
mials [120]. For more details on image registration, we refer the reader to surveys of
image registration that have been published in recent years [62,108].

In this thesis, image registration was performed using elastiz (elastix.isi.uu.nl),
an open source software based on the ITK toolkit (www.itk.org) that allows to select
several registration components and parameters.

1.3 Atlas-based segmentation

The goal of segmentation is to assign a semantic label to the pixels/voxels in the im-
ages. In medical image analysis, this procedure generally consists on the identification
of tissues, structures or specific geometrical features (e.g. the center line of a vessel)
in the image.

In clinical practice, segmentation can be performed manually or (semi-) automat-
ically. Manual segmentation for therapy planning generally consists of manually out-
lining tissues/structures in a 2D plane (axial, coronal or sagittal) followed by checking
the contours in the other two planes. In semi-automatic segmentation methods, the
segmentation process only requires a limited input from the user to steer the results
in the desired direction. Automatic segmentation methods do not require any user
input to perform the segmentation. The benefits of automatic image interpretation
and analysis are both in the logistics of therapy planning, and in the quality of the re-
sults. Automatic segmentation can relieve clinicians from the labor intensive aspects
of their work, allowing them to focus more on other aspects. Furthermore automatic
segmentation may increases the consistency and reproducibility of therapy planning.

Automatic segmentation methods differ in the way image information is used,
which prior knowledge is incorporated and which kind of constraints are imposed on
the segmented geometry and enforced during the segmentation. The most suitable
method for a given application depends on the image data, the object imaged, and
the type of desired output information.

In many medical applications, discriminating the object in the image using only
image dependent features (value, textures, edges) is not sufficient to obtain the desired
result. In such cases we can say that there is not a well-defined relationship between
the voxel intensity and the label that should be assigned to it. This observation is
obvious when we are dealing with anatomical structures rather than tissue types: dif-
ferent structures that are composed of the same tissue type cannot be distinguished
from each another by looking only at their intensity values. More knowledge is re-
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quired to segment these structures, and anatomical/spatial information needs to be
considered.

Methods that can incorporate spatial information in the segmentation process
include deformable models [21,22,61,131], active shape and active appearance mod-
els, [9,53,135] and atlas-based segmentation [6,48,68,132]. Deformable models are
contours or surfaces which deform in order to fit the object that has to be segmented.
Image-driven (edges, statistics, texture, etc.) forces and regularization forces (e.g. to
constrain the result to a smooth curve or surface) are combined to steer the defomable
model evolution to segment the object of interest.

Active shape models describe the shape of the object to segment as an average
shape and a number of characteristic variations. This models results from the eigen-
values decomposition from a set of example shapes that the object to be segmented
can assume. In the active appearance models, both the shape and appearance of the
object of interest are captured. Similarly to active shape models, this information
is generally represented as an average shape and intensity, and a number of char-
acteristic variations. These models are fitted to the image to extract the object of
interest.

Another way to incorporate the information needed to obtain an accurate seg-
mentation is by using an atlas: an image with known segmentation. An atlas can
be a manual segmentation of a selected image delineated by an expert clinician but
can also be generated merging the information from different manually segmented im-
ages [24]. Thus an atlas contains information on the location and shapes of anatomical
structures and the spatial relationship between them. Using image registration the
information in the atlas can be directly propagated to the image to be segmented (tar-
get image). The process of segmenting an image by registering it to an atlas is known
as atlas-based segmentation, or registration-based segmentation. In order to capture
the deformation between different anatomies the registration must be non-rigid. An
overview of atlas-based segmentation techniques is provided in [98].

A natural extension of this concept is multiatlas-based segmentation. In most
cases the anatomical information contained in a single atlas is not sufficient to cover
all possible anatomical variations. Thus, the atlas-based segmentation of a patient
with an anatomy different from the one of the atlas results in an in-accurate segmen-
tation. A solution to this problem is to use more atlases to obtain a collection of
possible segmentations. In multiatlas-based segmentation techniques these segmenta-
tions are combined to obtain an optimal result [3,6,47,48,68,132]. The combination
method is generally called atlas fusion. Figure 1.4 shows a scheme of multiatlas-based
segmentation, each of the results before the fusion is a single-atlas-based segmenta-
tion. It has been demonstrated that using this approach, the combined segmentation
achieves an accuracy higher than any of the original segmentations [63,98].

1.4 Purpose and contents of this thesis
The research presented in this thesis is the result of a close collaboration between the

Biomedical Imaging Group Rotterdam (BIGR) and the Hyperthermia Unit (Cancer
Institute) of the Erasmus University Medical Center of Rotterdam. This thesis focuses
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ATLASES

Registration Mapping

Fusion

TARGET RESULT

-/

Figure 1.4. Multiatlas-based segmentation. In this example three atlsaes are
registered to the target image. Then the label information is transformed to the
coordinate frame of the target image. At last the singleatlas segmentation are
combined in a so called multiatlas fusion.

on development and evaluation of image processing methods to improve the patient
model generation in HTP of the H&N.

In this thesis we investigate automatic methods for 1) the segmentation of CT
and MR images of the H&N, and 2) the registration of CT and MR images for the
integration of MR into the treatment planning workflow. We introduce automatic
segmentation for the generation of 3D patient models aiming to minimize human
intervention in the generation of patient models, while maintaining the accuracy of
delineation comparable with the current clinical standard. Automatic methods were
developed and evaluated for the segmentation of both MR and CT images. In order
to evaluate whether the use of these method was advantageous the accuracy of these
methods is compared with manual delineations and their interobserver variability.

In Chapter 2 we investigate whether CT images can be segmented automatically
with a sufficient accuracy. For this purpose, an atlas-based automatic segmentation
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method is developed and evaluated using manual delineations as ground truth. This
method combines atlas-based segmentation with an intensity model using graph-cuts.
First, we evaluated the advantages of using the proposed approach with respect to
multiatlas-based segmentation alone. Next, the influence of different labelers on the
method’s accuracy was quantified and compared with multiatlas-based segmentation
and with the interobserver variability.

To determine whether the automatic segmentation method of Chapter 2 can be
introduced in the clinic, in Chapter 3 we compare the impact of manual and automatic
segmentation on HTP. The effect of using this method on HT dose distribution and
HTP quality is evaluated. In addition the effect of using automatic segmentation over
manual delineations was compared to other sources of patient model uncertainties.

In Chapter 4 we investigate improvements to the segmentation method of Chapter
2 applied to MR images. A more advanced atlas fusion approach was used to improve
the atlas-based segmentation i.e. using local weighted atlas fusion and local searching
technique. We separately evaluate how the different components of the method influ-
ence the accuracy of the final segmentation, i.e. using different weighting strategies
and parameters and using the intensity model. The accuracy of the method is also
compared with the interobserver variability.

To align CT and MR images we evaluate different registration approaches in
order to investigate the best strategy to adopt. In Chapter 5 we develop and evaluate
a strategy for deformable registration of CT and MR images. In the context of
radiotherapy treatment planning rigid registration is widely used for this purpose.
The use of rigid registration is possible because the patients are scanned in the same
position in CT and MR, using patient specific immobilization equipment. In this
chapter, we aim to prove that deformable registration offer a more accurate image
alignment than rigid registration even when immobilization equipment is used. Thus,
we compared the accuracy of deformable and rigid registration.

Deformable registration can potentially obviate the use of immobilization equip-
ment because of its high flexibility. This aspect is clinically relevant because the
immobilization equipment causes severe patient discomfort. In Chapter 6 we inves-
tigate whether deformable registration can really obviate the use of immobilization
equipment. This is done by optimizing and evaluating deformable registration meth-
ods under different acquisition scenarios: with and without the use of immobilization
equipment during the acquisition.

Finally, in Chapter 7 we discuss the findings of each chapter, the achievements of
our research and future directions of research.



CHAPTER TwoO

Tissue Segmentation of Head and
Neck CT Images for Treatment
Planning: A Multiatlas Approach
Combined with Intensity Modeling.

In the twenty-first century, the robot will take the place which
slave labor occupied in ancient civilization.

— NIKOLA TESLA (1856-1943)

Abstract — Hyperthermia treatment of head and neck tumors requires accurate
treatment planning, based on 3D patient models that are derived from segmented
3D images. In this chapter, we present and evaluate an automatic segmentation
algorithm for CT images of the head and neck.

The proposed method combines anatomical information, based on atlas registration,
with local intensity information in a graph cut framework. The method is evaluated
with respect to ground truth manual delineation and compared with multiatlas-
based segmentation on a dataset of 18 labeled CT images. On a subset of 13 labeled
images, the influence of different labelers on the method’s accuracy is quantified and
compared with the interobserver variability.

The proposed method has a significantly better accuracy than the multiatlas-based
method for the eye vitreous humor. For the majority of the tissues (8/11) the
segmentation accuracy of the proposed method is approaching the interobserver
agreement. Our method showed better robustness to variations in atlas labeling
compared with multiatlas segmentation. Moreover the method improved the seg-
mentation reproducibility compared with human observer’s segmentations.

The proposed framework provides an accurate automatic segmentation of head and
neck tissues in CT images for the generation of 3D patient models, which improves
reproducibility, and substantially reduces labor involved in therapy planning.

Based upon: V Fortunati, R F Verhaart, F van der Lijn, W J Niessen, J F Veenland, M Paulides
and T van Walsum, ”Tissue segmentation of head and neck CT images for treatment planning: a
multiatlas approach combined with intensity modeling”, Med Phys, vol. 40, no. 7, pp. 071905, Jul.
2013.
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2.1 Introduction

40°C -44°C'. The effectiveness of radiotherapy (RT) is significantly enhanced

when combined with HT [5,60,112]. Phase III clinical studies show that hy-
perthermia is also effective in the head and neck (H&N) region [54,55,121]. Therefore,
a site-specific hyperthermia applicator was developed for precise HT of tumors in the
entire H&N region using electromagnetic fields. This device, called the Hypercollar,
enables deep heating (> 4 cm under the skin) of H&N cancers [8,89,90]. Simultane-
ously, electromagnetic-based hyperthermia treatment planning (HTP) was developed
to exploit the specific heat-focusing capabilities of the novel applicator. Recently,
HTP-guided adaptive treatment was also developed [20, 36].

HTP requires the computation of patient-specific 3D anatomical models. These
models directly affect the settings of the HTP and, improved accuracy of the models
directly benefits treatment. In addition, the decision as to whether or not to treat
is based on pre-treatment planning. In clinical practice, H&N patient models are
generated by manual tissue delineation from CT images [89]. However, the problems
with manual delineation are well known, i.e. it is labor intensive, time consuming, and
tedious for the operator. Additionally, interobserver and intraobserver variability may
affect the reproducibility of treatment conditions. Therefore, there is a great interest
in automated procedure for anatomical model generation. However, the generation of
accurate anatomical models is particularly challenging due to 1) the complexity and
variability of the underlying anatomy, 2) the large number of anatomical structures
in a relatively small area, and 3) the low contrast between the relevant tissues in CT
images. Moreover the presence of tumors increases the anatomical variability between
subjects, i.e. tumor position, volume, and shape vary, and the tissues surrounding the
tumor are deformed differently.

The present study aims to develop and evaluate an automatic segmentation algo-
rithm for the tissues relevant in HTP; these are, e.g., the critical tissues, to which the
treatment temperature should be restricted, and the cricoid and thyroid cartilage for
which di-electrical and thermal parameters differ from the surrounding region. The
critical tissues are encephalon (composed of cerebrum, cerebellum and brainstem);
spinal cord; [107] eye tissues (consisting of vitreous humor, sclera, cornea, lens and
optical nerve); [30] and thyroid gland. Figure 2.1 shows an example of 3D patient
model. Since HTP needs a complete 3D patient model all the tissue inside of the skull
are labeled as cerebrum.

Atlas-based segmentation methods [98] are popular and are used for H&N CT
image segmentation. An atlas is defined as an image to which an expert has assigned
a label, corresponding to a tissue, to each voxel. Using non-rigid registration spatial
correspondence is obtained between a target image, with undefined segmentation,
and the atlas image. Subsequently, its corresponding label image is deformed to the
coordinate framework of the target image. Multiple atlas images can be deformed to
the target image space and their results can be combined [51,132] to obtain a more
accurate segmentation, also increasing the robustness to anatomical variation.

Segmentation of brainstem, spinal cord and thyroid from H&N CT images has
been investigated in the context of RT treatment planning. Atlas-based techniques

D uring local hyperthermia treatment (HT), tumor temperature is elevated to
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TISSUE LIST:

M Cerebrum
Cerebellum
M Brainstem

Spinal Cord
Optical Nerve
Sclera
M Cornea
Eye Vitreous Humor
M Lens
M Cartilage
Thyroid

Figure 2.1. 3D anatomical model example. Correspondence between colors and
tissue is given in the tissue list. The Boxes A and B show details for the eye tissues
(A shows the eye vitreous humor, and B the lens). The box C shows the brainstem.

were adopted for these tissues. For instance, Han et al. used a block matching ap-
proach to register regions around the boundaries of the structures of interest, followed
by a shape constrained dense deformable registration step to refine alignment of the
boundaries [48]. After each atlas was aligned to the target image, STAPLE was used
to combine the different atlas results [132]. A tool (ABAS, version 1.1, Elekta-CMS
Software) based on the previous method was clinically evaluated by Teguh et al. for
combined brainstem and spinal cord segmentation [114]. Gorthi et al. presented and
evaluated an active contour-based atlas registration method [46]; in their work the
brainstem was modeled by active contours using a level set representation enriched
with polarity information. The registration was driven by region-based forces which
steer the atlas contour towards regions with a similar mean intensity value. Qazi et
al. combined atlas registration, model-based segmentation and voxel classification us-
ing multiple features, in a sequential approach, for brainstem segmentation [95]; this
approach outperformed all previous methods for brainstem segmentation. Thyroid
segmentation was also recently addressed by Chen et al. [23]. Different atlas-based
segmentation methods were compared by varying the selection criteria and the atlas
combination approach. It was shown that a weighted combination of atlas segmen-
tations using the correlation coefficient as similarity measure outperforms standard
combination methods such as majority voting [51] and STAPLE [132].

Segmentation of the eye tissue from CT images was addressed using semi-automatic
model-based approaches. Bekes et al. presented a method to segment eyeball, lens
and optical nerves [10]. Starting from an initial seed point provided by the user, a
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geometrical model was fitted to each of the tissues of interest. A sphere was used
to model the eyeball, a cylinder for the optical nerve and an ellipsoid for the lens.
The method was evaluated using a STAPLE combination of the automatic results as
ground truths, rather than using manual delineations. Later, Cuadra et al., presented
segmentation of eyeball and lens [26]; this method is also semi-automatic but differs
from the previous approach in that it uses an active contour algorithm guided by
region-based forces to segment the lens, and boundary-based forces for the eyeball.
The method was evaluated on a set of three patients.

Despite all these approaches, no comprehensive method to segment all the relevant
tissues for the HTP in the H&N region is yet available. In addition, automatic
methods for the segmentation of cerebrum, cerebellum, eye vitreous humor, sclera,
cornea and cartilage from CT images are not yet developed. Moreover, for atlas-based
approaches, the influence of using different atlases (i.e. atlases labeled by different
observers) on accuracy and robustness has not yet been evaluated.

Generally, atlas-based methods show good performance for H&N CT image seg-
mentation. However for various problems (e.g. brain structures segmentation from
MR images) combining an intensity model with multiatlas registration-based seg-
mentation improves accuracy [32,101,122,123]. Intensity information can efficiently
be combined with atlas segmentation using a graph [122,123]. Graph cut approaches
give the global optimum in an efficient implementation, are numerically robust, and
allow to co-integrate a large range of visual features and constraints [14].

In this chapter we propose such an approach for segmentation of H&N CT images;
we employ a graph cut method which combines atlas-based segmentation and intensity
modeling. The method is van der Lijn et al. originally proposed for segmentation
of the hippocampus [123]. We extended our previous work [33] by including more
tissues, a post processing step to fuse each tissue’s result, and by providing extensive
evaluation.

We aim to minimize human intervention on the generation of patient models, while
maintaining the accuracy of delineation comparable with the current clinical standard.
The contribution of our work is threefold: 1) we developed a common framework to
automatically segment a variety of tissues of different shapes and intensity; 2) we used
an intensity model and atlas-based shape prior to address this challenge; and 3) we
conducted extensive evaluation which included the effect of interobserver variability
in the atlases used on the accuracy and robustness of the method.

2.2 Methods

The segmentation of all the tissues of interest is obtained by decomposing the problem
in a set of binary sub-problems, one for each tissue. In this section we describe how
each binary problem is solved (from section 2.2.1 to 2.2.4) and how the results are
then combined to obtain a single segmented image comprising all tissues (in section
2.2.5).

First the model of the binary problem is provided in section 2.2.1. The segmen-
tation is represented as an energy maximization problem. The energy to maximize is
a probability which combines a voxel-wised term and a voxels interaction term which
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gives the statistical relationship between neighboring voxels. The voxel-wised term is
defined as association potential and it is described in section 2.2.2. This term gives
the probability to have a foreground or background label at a certain voxel location in
the target image, considering the voxels independent to each other. Such probability
is obtained from a set of atlas images. Two models are built for this purpose: 1) an
intensity model and a spatial prior model. The intensity model is built estimating
the histogram of foreground and background regions sampling the entire atlas set.
The spatial prior model is obtained by registering each atlas image to the target and
then combining the registration results in a spatial probability map. The association
potential combines the shape information contained in the atlases with the appear-
ance of foreground and background regions. The second term of the model is defined
as interaction potential and it is described in section 2.2.3. This term models the
statistical dependency between voxels in the target image and its neighboring voxels
given by a neighborhood model. The energy terms described above are combined to
built a graph where each node is a voxel of the image. The maximization problem
is converted to a minimization by taking the negative logarithm of the energy. Com-
puting the minimum cut of a graph representing the energy function we can find the
label configuration which minimizes the energy and so the segmentation of the target
image. Figure 2.2 shows a scheme of the method used for each tissue. When a binary
result is obtained for all the tissues a post-processing combination step is applied.
This process is described in section 2.2.5.

2.2.1 Segmentation model

The problem of labeling a single tissue in a target image can be formulated as an a
posteriori maximization problem (MAP) where we aim to estimate the label field f
given the image information i:

f = argmax p(fli). (2.1)
£

Assuming a binary segmentation, f is a vector containing labels f,, € 0,1 for every
voxel m in the set M of voxels in the image. Vector i = {i,, :m =1,..., M} consists
of the intensity values i,, for all voxel locations M. The joint posterior probability
p(f]i) can be simplified assuming that the label f,, conditioned on the image intensity
i depends only on the labels of its neighbors n € NV,,,. In this case we can approximate
equation 1 as a Discriminative Random Field [72,73] with one- and two-voxel clique
potentials:

p(f|i)z;expl D (AlA(fm,i)+ 5 I(fm,fn,i))]. (2.2)

meM neNm

Following the terminology of [72,73], the association potential is denoted by A(f,1)
and the interaction potential by I(fi,, fn,1). Here A1 is a parameter that weights the
association potential with respect to the interaction potential and Z is a normalization
constant which does not influence the maximization procedure and thus it can be
disregarded. The association potential is proportional to the log probability that
a single voxel is assigned to a foreground or background label, given all intensity
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Figure 2.2. Overview of the segmentation method for each tissue.

values of the image. This term is defined for each voxel of the target image and
it is based on the statistical model of the tissue shape, given by a probability map
obtained by multiple atlas registration, and of tissue appearance which is related to
the intensity histogram of the foreground and background regions. The interaction
potential models the relation between two neighboring voxels, given their intensities.
The set of neighboring voxels n € AV,, is defined by a neighborhood model. This term
is used to promote piece-wise smooth segmentations.

2.2.2 Association Potential
According to Kumar and Herbert [73], the association potential has the form:
A(fm: 1) = Inpa(fmldm (1)) (2.3)

The term pa(fim, dm(i)) is the association probability function which is used to sta-
tistically model the tissue intensity and shape of the tissue to segment (for one voxel).
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The function ¢,, (i) associates a feature to a voxel location m taking into account the
image intensity i [73]. In the present study we assume ¢,, (i) = i,,, so our feature is
the voxel intensity at each location. The association potential is defined as [122]:

pgp(fm) 'pmodel(fm|i7R) (24)

pA(fm|im) ) pgp(fm = O) 'pmodel(fm = O|Zm) +pgp(fm = 1) 'pmodel(fm = 1|i77L)

where pgp(fr) is a global prior which sets a threshold on the probability of the fore-
ground voxels in the entire image and ppoder(fm|i) is a probability function that
contains the spatial and intensity model. The term pg,(fm) is added since regis-
tration is non perfect and therefore the spatial probability map obtained by multiple
atlas registration may contain low probability values which occurs especially for small
structures such as cornea and sclera. The global prior is defined as:

«, if frn =0,

, 2.5
1-a, if fo =1, (2:5)

Pop(fm) = {

with parameter a between 0 and 1. If « has a value of 0.5 the association probability is
equal to the model probability pmodet (fmlim). A value < 0.5 increases the probability
of a foreground label for all voxel locations and consequently increases the volume of
the segmentation, whereas a larger value decreases the foreground probability.

The model term pioder(fim|im) contains the spatial and intensity models built
from the atlas set. It can be decomposed using Bayes’ rule:

. _pint(im|fm)’ps(fm) _
pmodel(fmhm) = p(lm) =
pint(im|fm)'ps(fm)
pint(lm|fm = 0) ps(fm = O) +pznt(7/m|fm = 1) pe(fm = 1)7

where the term p(i,,) is expressed using the total probability theorem. Here
ps(fm) is a prior term which model the location of the tissue of interest and p;pt (im|fm)
is a prior term which represent the image intensity likelihood of foreground (f,, = 1)
and background (f,, = 0).

(2.6)

2.2.2.1 Intensity model

The probability distribution pj,¢ (im|fm ) of intensity values at a certain voxel location
can be estimated from the atlases T, using a Parzen window estimator with a Gaussian

kernel: , . L 2
. _ L - L Im — 1k
Pim|fim) = K};{ o p[ 2( N ) ] (2.7)

Here h is the standard deviation of the Gaussian kernel which was empirically set to
50 Houunsfield units (HU) for all tissues, K is the number of samples, and I}, is the
intensity of the k-th sample. This model is used for foreground as well as background
regions. In other words the intensity model is built by estimating the histogram of




16 2 Tissue Segmentation of Head and Neck CT Images

foreground and background regions, sampling the atlas images, and then comparing
the intensity 4,, of the current location with both the histograms. The histogram of
the label (foreground or background) which has an higher number of occurrences for
the intensity i,, will have an higher probability.

2.2.2.2 Spatial prior model

The spatial prior term is constructed by non-rigidly registering a set of J atlas images
T, in which the target tissue has been manually labeled, to the target image u. The
registered labels of the atlas images, are then averaged to create a probability map

ps(fm): \
P (f) = (f, > gf#”j)) , 2:)

tjeT

where gfﬁf i) ¢ {0,1} represents the atlas label of training image ¢; registered to the
coordinate frame of the target image u and interpolated at voxel location m. The
parameter Ao determines the balance between the the spatial and intensity models.

A three-step registration procedure is performed. In the first step the images are
coarsely aligned using reference points which are automatically detected in the neck
of every image using the following procedure: a binary label image which delineates
the body of the patient is computed automatically; based on the binary image an
axial neck slice is detected as the slice with local minimum area, this slice is located
in the upper neck region, just below the hyoid bone; the geometrical center of this
slice is selected as reference point. In the second step, a rigid registration is applied
using the sum of squared distances as a similarity measure. In the third step, non-
rigid registration is performed using a cubic, multiresolution, B-Spline approach, with
normalized cross-correlation as similarity measure. For the second and third registra-
tion steps Elastix software was used [66]. The parameter files for rigid and non-rigid
registration are publicly available in the elastix website (http://elastix.isi.uu.nl/ in
the section wiki). The registration parameters were optimized using an independent
set of 7 images.

2.2.3 Interaction potential

As the association potential models each voxel independently, the resulting segmenta-
tion may be noisy. To obtain a smooth segmentation result, an interaction potential
is introduced [14]:

0, iffm:fna

I(fmvfnﬁ) = { 1 eXp(_(im—in)Q

. ; (2.9)
) 2¢2 ) ! A(r}z,n) if fm # fna

where A(m,n) is the Euclidean distance between the voxels m and n. This regularizer
is commonly used in graph cut segmentation methods [12]. It penalizes difference in
labels for neighboring voxels with an intensity difference larger than £. In this way
homogeneous regions are smoothed. We set £ equal to the standard deviation of
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the foreground image intensity distribution, estimated from the atlas images. The
interaction potential is based on a 6-voxel 3D neighborhood model for all the tissues.

2.2.4 Graph cut optimization

A MAP solution f can be found by converting Equation 2.1 to an equivalent energy
function by taking the negative logarithm and subsequently minimizing the energy.
As shown by Kolmogorov et al. [70] the energy function can be globally minimized
using the graph cut algorithm [14]. In this work, we used the max-flow algorithm [13].
for optimization.

For every tissue w, the posterior probability p(f,i) is completely described by the
intensity model p;n¢, the spatial model ps and a vector of parameters 6, = (a, A1, \2),
i.e. the association potential weight A1, the spatial model weight A5 and the foreground
threshold «. The optimal value of the parameters éw depends on the spatial and
intensity model for each tissue, which is not known; however the parameters can be
estimated with cross-validation experiments using the manual segmentations of the
atlases. This experiment is described in section 2.3.4.1. Once parameters have been
chosen, the solution for the tissue w can be computed as described above. The results
for all the tissues are then combined to create a single multi-label image. Details on
how the combination is performed are given in section 2.3.2.

2.2.5 Combination of the results

The proposed method is applied to each tissue independently, resulting in a set of
binary segmentations. These results are then combined to create a single multi-
label image in which each voxel is assigned a label which corresponds to one of the
tissues. As each tissue is segmented independently two situations can occur: 1)
voxels of neighboring tissues may have multiple labels, or 2) voxels at the boundaries
of adjoining tissues can be erroneously assigned to background (there are ’holes’ in
the segmentation). We deal with these situations applying consecutively the following
steps:

1) The label are combined with respect to a tissue priority list. Priority is based
on the following ranking: thyroid, cartilages, cornea, lens, eye vitreous humor, sclera,
optical nerve, spinal cord, brainstem, cerebellum, and cerebrum. This order has
been chosen to give priority to the more internal tissues (relative to their neighboring
tissues) with the exception of sclera which despite being a layer around the eye vitreous
humor has a lower priority than the humor. This choice was made because the
accuracy of sclera segmentation, before the tissues combination, was much lower than
the accuracy of eye vitreous humor segmentation. Using this ranking list, after the
tissue combination step we have a loss of accuracy in DSC (approx. 5%) only for the
sclera.

2) Erroneously assigned voxels ("holes’) are detected using binary morphological
closing on the result of step 1. The correction is done using a majority vote at
minimum distance filter: for each voxel detected as a hole the closer neighbors are
checked; the label with the most occurrences within this set of neighbors is assigned to
the hole location. When there is a draw more neighbors are included by increasing the
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distance to the hole; the process is iterated increasing the distance of the neighbors
until a majority vote label is found.

2.3 Experiments

2.3.1 Image data and atlas

Data were collected from patients scheduled for combined RT and HT. The data
used in the evaluation study comprised 18 axial, contrast-enhanced CT images. The
patients have tumors at different locations: larynx (9), nasopharinx (4), oropharinx
(3) and in the base of the neck (2). The in-plane spatial resolution is 1.0 mm (16
sets) and 0.7 mm (2 sets). The slice thickness ranges from 1.5 mm (5 sets), 2.5 mm
(11 sets), 3.0 mm (1 set) to 5.0 mm (1 set). The longitudinal field of view depends
on the location of the tumor with a typical extension of about 40 cm. In 6 of the 18
cases larynx tumors substantially deformed the thyroid and cartilage regions.

A trained observer (O1) provided manual tissue delineations for all images. In
the remainder of this chapter the atlas set labeled by O1 is named Ty. Another two
observers (02 and O3) labeled the same tissues for a subset of 13 images. Thus, we
have 13 images delineated by 3 observers; these sets of atlases are named 77,72 and
T3, respectively, where 77 is a subset of 7y. The observers were medical radiation
technology students trained by a radiation oncologist to delineate the structures of
interest.

HTP requires a delineation of all tissues in the H&N area. Some of these tissues
can be easily segmented automatically, based on HU thresholding; these are muscles,
fat, bone, internal air and lungs. An additional 11 tissues were manually annotated
because of their dielectric [42] and thermal [82] properties. A tissue is included in the
model if its dielectric and thermal properties are different from those of the surround-
ing tissues. With these criteria the tissues of interest are:

e Encephalon: cerebrum (CE); cerebellum (CB); brainstem (BS)
e Spinal cord (SP)

e Eye tissues: vitreous humor (EH); sclera (SC); cornea (CO); lens (LE); optical
nerve (ON)

e Neck tissues: cricoid and thyroid cartilage (CA); thyroid gland (TH)

In the Ty set, 4 of the 18 patients do not have a thyroid because of the tumor. One
of them also has no cartilage as it was surgically removed. For another patient the
CT field of view does not include the eyes. Therefore, the number of atlases available
for the segmentation varies per tissue: for the enchepalon and spinal cord 18 atlases
are available while for the eyes and cartilage 17, and for the thyroid 14 atlases can
be used. In the subset of 13 images annotated by the experts, one patient without
thyroid is included.
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2.3.2 Implementation details

The method proposed by us was compared with a straight-forward atlas-based seg-
mentation approach (AB) using majority voting atlas fusion [51]. Majority voting is a
commonly used approach to combine the deformed label images from multiple atlases.
For each voxel location, the label which occurs most often in the set of deformed la-
bels from the training set is assigned to the resulting segmentation. In case of equal
voting for the same voxel location a priority list is used to chose the final label. The
priority is chosen using the same ranking used for the binary results combination (see
section 2.2.5) but inverting the priority of eye vitreous humor and sclera. This order
has been chosen to give priority to the internal tissues (relative to their neighboring
tissues).

In all the experiments the intensity model is built by random sampling from
the set of training images. When the dataset 7j is used, 2500 foreground samples
are selected randomly from the entire training set for all the tissues, except for the
cornea and optical nerve where only 1600 samples could be used due to small size of
the tissue. The same number of samples are selected for background and foreground.
The background region is defined as a band width up to 20 mm for all tissues, except
for eye vitreous humor and optical nerve where the band width is 5 mm. In the third
experiment the same number of samples per training image is used when the datasets
T1, T2, 73 are used for training.

The average computational time for the graph cut optimization is 34 s per tissue.
This results in an average time of 6 min/patient. The average atlas-based major-
ity voting computational time is 45 s/patient. The complete registration procedure
comprised rigid and non-rigid steps, takes on average 10 min per atlas. The average
segmentation time of a complete dataset (as done in the experiment in section 2.3.4.2)
is 3 h/patient where 170 min/patient are taken by the registration. The computa-
tional times are computed on a 2.3 GHz quad-core Intel processor, with 12 GB of
RAM, running a 64 bit Windows 7 operative system.

2.3.3 Evaluation Measures

For the evaluation the manually-generated label images are used as ground truth.
Three evaluation measures are used to compare segmented volumes: 1) the Dice
Similarity Coefficient (DSC) [27], 2) the Mean Surface Distance (MSD) [29], and 3)
the Hausdorff Surface Distance (HSD) [56].

1) The DSC is defined as the overlap of two segmentation volumes normalized to
their total volume. It is defined as:

| X nY]

DSC=2x ——-
[ X[+ Y]

(2.10)
where X and Y are 3-D regions represented by binary images and the operator
| o | give the number of element in the correspondent set.

2) The MSD measures the average distance between points on the surface of vol-
umes. Given the X and Y volumes and their contour points z € X, and y € X
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the MSD is defined as:
MSD =max{) mind(z,y), > mind(z,y)} (2.11)

where d(z,y) denote the Euclidean distance between x and y.

3) The HSD measures the maximum distance between points on the surface of
volumes. With the same notation used above, the HSD is defined as:

HSD = max{maxmind(z,y), maxmind(z,y)}. (2.12)

To compute the MSD and HSD distances we used the itk (www.itk.org) mod-
ules, respectively, itkContourMeanDistancelmageFilter and itkHausdorffDistancelm-
ageFilter.

2.3.4 Experiments

Three experiments are performed. In the first experiment the parameters of the
proposed method (atlas-based combined with intensity model, AB+IM) are tuned;
in the second experiment the method is evaluated and compared with atlas-based
majority voting (AB) to investigate the impact of including an intensity model in the
segmentation procedure; in the third experiment the method’s robustness is evaluated
with respect to variations in the atlases used for training. Moreover the method’s
accuracy is compared with the interobserver agreement.

2.3.4.1 Parameter optimization

In the first experiment the method parameters 6, are tuned using the atlas image
set 7. The optimal parameters 0., are selected by exhaustive search in a pre-defined
range of values ©. The superscript (u;7) is used throughout this chapter whenever
it is needed to explicitly specify target image and training set. For every atlas image
t; € To={t1,...,t1s} an intensity model pgiit;%’i) and a spatial model pst“%'i) are gen-
erated for each tissue w using the remaining subjects’ scans 7o ; = To ~ {¢;} as training
images. Segmentations fu(f“%’i)(ﬁw) are computed for all parameters 0, € ©,, and all
target images t; € To. Then the Dice similarity coefficients DSC(fU(f“%’i)(Ow),gffi))
between automatic segmentations f'u(,t“%’i)(ﬁw) and manual segmentations gffi) are
determined. The optimal parameters éb(fi) are selected, for each tissue and for each
test image, as the combination which gave the highest average DSC over all the other
images 7y,;. The average DSC for each test image ¢; is given by:

DSc (4., S DSC(EE T (8,,),g1)), (2.13)

N-1 tj€To,i

where N is the number of images in 7y. The optimal parameters are those which
maximize this criterion:

619 = argmax DSC (6,.). (2.14)
0.
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In this way the parameters learning of the test image ¢; is never based on spatial and
intensity models built for the image ¢;. Despite the image ¢; is used as training image,
during parameter tuning, it has a minimum influence on the parameter selection.
These parameters are used in all the following experiments.

2.3.4.2 Intensity model evaluation

In the second experiment the proposed (AB+IM) method is compared with the ref-
erence (AB) method. Our goal is to verify whether adding an intensity model to the
segmentation improves the accuracy with respect to the reference method. Perfor-
mances of both methods are evaluated by comparison with the manual ground truth
available in the set 7g. Using the parameters estimated in the first experiment a
leave-one-out evaluation is performed for both AB and AB+IM. The segmentations
f},“”‘*”(e;) are computed for all tissues and combined (as described in section 2.3.2)
resulting in £+ 70.4) Next STM,, (£ 70.1)) g(*)) where STM denotes the similarity
measure (DSC, MSD or HSD), with ¢; € 7o = {t1,...,t18}, are computed for each
tissue w. The AB results h(*+70) are computed for each target ¢; using the corre-
sponding training set 7g ;. Then the SIM,,(h(t:70.:) g(ti)) are determined for all the
i images and for all the similarity measures.

2.3.4.3 Atlas dependence

The purpose of the third experiment is to evaluate the variation in segmentation
results of the AB and the AB4+IM methods owing to the choice of atlas set. For this
experiment we used the sets of atlases, labeled by three different observers, described
in 2.3.1, i.e. Ty, T3, and T3. We define the sets of manual labels as OB, = {g(t?) i=
1,..,13,n = 1,2,3}, where ¢ indexes the image and n indexes the observer and g(t?)
is the manual delineation from observer n of the atlas ¢, and t} € T,, = {t7,...,t]5}.

Results on agreement and accuracy are compared with the interobserver agree-
ment of the three observers. For each tissue we calculated: interobserver agreement
(I0-Ag), AB+IM agreement (AB+IM-Ag), AB agreement (AB-Ag), and the accu-
racy of the AB+IM (AB+IM-Ac) and AB (AB-Ac) methods evaluated and trained
using delineation from three observers as ground truth and training sets.

For each pair of observers the agreement is given by the evaluation measure (DSC,
MSD or HSD), for each tissue, between corresponding labels in the sets (labels related
to the same i-th image). The overall agreement (IO-Ag) for each tissue is estimated as
the average value of the evaluation measures obtained by comparing all the observers’
delineations with each other.

The results of both methods (AB and AB+IM) are obtained using training images
labeled by observer n in a leave-one-out framework, as done in 2.3.4.2. For both
methods we calculated, per image, three different results, one for each observer’s atlas
set (71, T2, and T3). We define the sets of AB results as AB,, = {h(7"7)}i = 1,... 13}
and the sets of AB+IM results as AB+IM,, = {f(*"-Tn)|i = 1, ..., 13}, where h(*i"Tn.i)
and £ 7n4) indicates result, for AB and AB+IM respectively, obtained using training
atlases labeled by observer n in a leave-one-out framework so that 7, ; = 7, ~ {tI'}.
Thus, for each image a result is calculated using the other images from the same
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Table 2.1. Parameters optimization experiment. Typical parameters for one of
the patient. Abbreviations: Par - parameter, CE - cerebrum, CB - cerebellum, BS
- brain-stem, SP - spinal cord, ON - optical nerve , EH - eye vitreous humor, SC -
sclera, LE - lens, CO - cornea, CA - cartilages, TH - thyroid

Pr CE CB BS SP ON EH SC LE CO CA TH
A1 050 050 200 1.00 3.00 0.25 150 1.50 2.00 3.00 1.00
A2 3.00 1.00 0.50 2.00 040 2.00 0.67 033 0.75 0.67 0.50
o 050 050 0.50 050 0.50 050 050 050 040 0.40 0.50

observer’s set as atlases. At the end we have three results per image, one for each
observer. The parameters as tuned in 2.3.4.1 are used to compute the AB+IM results.

The method (AB+IM or AB) agreement is the agreement of the results obtained
training the method with images labeled by different observers. Similar to the IO-Ag
we evaluated the method (AB-Ag and AB+IM-Ag) agreement for each tissue as the
average measure over the three possible pairwise comparisons within the set of results
(AB,, AB+IM,). So, for every i-th image, and for each method an overall agreement
is obtained for both evaluation measures.

The method (AB+IM or AB) accuracy is the average accuracy of the results
(AB+IM-Ac or AB-Ac) obtained training the method with images labeled by differ-
ent observers. The method (AB,, AB4+IM,) accuracy for each observer’s atlas set
(T1, T2 and Ts), used for training, is evaluated with DSC, MSD and HSD using the
three available ground truth delineation sets g(*). For every tissue, for each image
and for each training set the result is compared with the ground truth delineations
resulting in three sets of measures, one for each observer’s atlas set used for training.
Subsequently, the measures in these sets are averaged to obtain an overall accuracy
for each image, and for each evaluation measure (DSC, MSD and HSD).

2.4 Results

2.4.1 Parameter Optimization

Table 2.4 lists a set of optimal parameters 0., obtained following the criterion in
Equation 2.14 for one of the images in the dataset 7.

2.4.2 Intensity Model Evaluation

Figure 2.3 shows the distribution of the DSC, MSD and HSD over all the patient im-
ages in 7Ty for all tissues, and Table 2.2 lists the DSC, MSD and HSD median values
for the AB+IM and the AB methods. The AB+IM method results in a significant
improvement of the DSC score compared with AB for all tissues, except for brainstem
and spinal cord. The MSD is significantly improved (lower values) for optical nerve,
eye vitreous humor, lens and thyroid. The HSD is improved for the brainstem and
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eye vitreous humor. The significance of improvement is tested as follows: first, the
difference is tested using a two-sided, Wilcoxon signed rank test; next, when signifi-
cant difference is found, a one-sided Wilcoxon signed rank test is performed to check
whether this difference corresponds to an improvement. For both tests p < 0.05 is used
as threshold for significance. The magnitude of improvement varies between tissues:
for optical nerve, sclera, lens, cornea, cartilage and thyroid a DSC improvement (me-
dian value > 9%) is shown, whereas for cerebrum, cerebellum and eye vitreous humor
a lower improvement was found. The MSD improvement is higher for optical nerve,
thyroid and lens tissues than for the eye vitreous humor. The HSD improvement is
similar for brainstem and eye vitreous humor. Figure 2.4 presents examples of results
of AB4+IM and AB (together with the ground truth) that illustrate how the intensity
model acts in the segmentation process.

2.4.3 Atlas Dependence

The results of the third experiment are provided in Figure 2.5. The distributions
over all images i of the observers agreement, the methods’ agreement and accuracy
are shown. Statistical tests were performed between method’s agreement (AB-Ag
and AB+IM-Ag) and the I0-Ag for each tissue. The agreement and accuracy of the
proposed method are compared with the agreement and accuracy of the reference
method using statistical tests. The method’s accuracy (AB-Ac and AB+IM-Ac) was
also compared with the I0-Ag. As in the previous experiment, the difference was
tested using a two-sided Wilcoxon signed rank test, and improvement is verified using
a one-sided test Wilcoxon signed rank test (p < 0.05).

2.5 Discussion

We developed and evaluated a method for the automatic tissue segmentation for HTP.
It is shown that the combination of intensity model and atlas registration improves
the segmentation performance both in accuracy and in robustness to variation in the
atlas sets used.

An experiment was performed to optimize parameters. For each tissue of interest,
and each test image, optimal parameters were computed. Generally a low variation
in optimal parameters over the test images was found for all tissues, except for sclera
and cartilage. From the three experiments can be concluded that the spatial model
of these tissues is not accurate which is reflected in a higher variation of optimal
parameters over test images.

In the second experiment we compared the proposed method with conventional
multiatlas-based segmentation to evaluate the effectiveness of the intensity-based clas-
sification combined with multiatlas segmentation. We found an improvement in accu-
racy for DSC for all tissues, except for brainstem and spinal cord. The MSD showed
significant improvement for optical nerve, eye vitreous humor, lens, and cartilage when
when applying the intensity model. The HSD shows improvement for brainstem, and
eye vitreous humor. We observed that the proposed method does not consistently
influence the maximum surface error (HSD) which is committed when compared to
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Figure 2.3. Comparison between the atlas-based method combined with intensity
model (AB+IM) and the atlas-based majority voting method (AB). Results for
DSC, MSD and HSD over the set 7o are shown for all tissues. The boxplots show
confidence intervals, outliers (o), first and third quartiles, and median values. *
indicates significant improvement.

the reference method. The proposed method is more effective in terms of DSC than
in terms of MSD and HSD. This can be explained by the fact that the parameter op-
timization procedure is based on the DSC. The magnitude of improvement varies per
tissue: when the atlas-based method is less accurate, the contribution of the intensity
model is relatively higher. In these cases the intensity model is weighted more than
the spatial model (see Table 2.1, with the exception of the brainstem which has a low
spatial weight and no difference between the atlas-based and the proposed method.
Therefore the intensity model compensates for an inaccurate spatial model and, thus,
for an inaccurate registration.

In the third experiment we evaluated the accuracy and consistency of the pro-
posed method when varying the atlas set used. The accuracy of the proposed method
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a) Cerebrum, AB

€) Humour,Lens, AB

1) Brain-Stem, AB j) Brain-Stem, AB+IM k) Thyroid, AB Thyroid, AB+IM

Figure 2.4. Examples of segmentations. Every image pair shows a comparisons
between AB (green), AB+IM (red) and manual delineations (yellow) for different
tissues. For the cerebrum a discontinuous segmentation (a) is smoothed by the
contribution of the intensity model (b). Comparing (c) and (d) with the manual
delineation shows that AB+IM has partially corrected the result, but that a region
with intensity similar to the cerebellum is still wrongly labeled. For eye vitreous
humor, lens (the inner boundary of the humor is the outer of the lens) and optical
nerve the positive effect of AB+IM is highlighted. In (i) and (j) the behavior of
AB+IM is similar to AB but provides a smoother segmentation. The last two
images(k) and (1) show results for the thyroid and demonstrate a better delineation
using AB+IM; however, the final boundary is still far from the ground truth.
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Figure 2.5. Atlas dependence results. Comparison between interobserver agree-
ment, methods’ (AB and AB+IM) agreement and accuracy when different atlases
are used. Meaning of abbreviations: 10-Ag = interobserver agreement; AB+IM-
Ag = atlas-based combined with intensity model agreement; AB-Ag = atlas-based
agreement; AB+IM-Ac = atlas-based combined with intensity model accuracy; AB-
Ac = atlas-based accuracy. The boxplots report confidence intervals, outliers (o),
first and third quartiles and median values for each distribution named in the legend.
m indicates significant improvement with respect to I0-Ag. A indicates significant
improvement of AB+IM-Ag with respect to AB-Ag. v indicates significant im-
provement with respect to AB-Ac. x indicates no significant difference compared
with 10-Ag.

approaches the interobserver agreement for 8 out of 11 tissues: cerebrum, cerebellum,
brainstem spinal cord, optical nerve, eye vitreous humor, lens and cornea. For the
cerebellum, brainstem, spinal cord and cornea we reached the optimum in accuracy,
given by the variability of the training set. Similar to the previous experiment, we
found an improvement when combining intensity models and atlas-based spatial mod-
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els with respect to the atlas-based method. Figure 2.3 shows that for the majority
of the tissues the automatic methods are more consistent than the human observers.
For the DSC, the proposed method shows a better consistency than the atlas-based
segmentation method and the human observers, for all the tissues except for the thy-
roid. In terms of MSD, the proposed method shows better consistency with respect to
the human observers and to the reference method for cerebrum, cerebellum, optical
nerve and eyes vitreous humor. It can thus be concluded that the proposed method
increases the consistency of results when the atlas label set changes.

The results for cerebrum, optical nerve, eye vitreous humor and lens segmentation
show that the integration of intensity model improves the segmentation accuracy and
consistency compared with the atlas-based method.

The results for brainstem and cerebellum are affected by artifacts in the manual
delineations, with a large interobserver variability for both tissues (Figure 2.3). This
variability is caused by the delineation protocol, which is based on axial plane anno-
tation resulting in an irregular shape of the brainstem in sagittal and coronal planes.
These artifacts have considerable impact on MSD.

The results for cornea and sclera were poor in terms of DSC, MSD, and HSD; there
was a large interobserver variability for both tissues (Figure 2.5). Corneas are hardly
identifiable on CT and can be manually delineated only by means of an educated
guess; due to its size and shape (thin layer) a consistent delineation of the tissue by
different observers is difficult to obtain. This variability limits the method because
both spatial and intensity models are built from an inconsistent training set.

The spatial model for cartilage and thyroid, resulting from registration, is not
accurate as is demonstrated by the atlas-based accuracy (see Figure 2.3). Due to
poor registration accuracy for these two tissues, the final accuracy is far from the
interobserver agreement. Figure 2.4 k-1 illustrates that in this case the proposed
method segmentation is more similar to the ground truth than the reference, but still
far from it. The large anatomical differences between the patients, and the presence
of tumor, hamper accurate registration in the cartilage and thyroid region. In Figure
2.6 examples of two cases with large tumors are shown. The first case (a-b) is an
outlier considering the DSC of the proposed method in the intensity model evaluation
experiment. The second case shows a result for cartilage with an accuracy close to the
median value. Here the intensity model consistently helps to improve the accuracy of
the result (AB has a DSC of 0.27 while AB+IM a DSC of 0.54).

The entire automatic segmentation method needs on average 3 hours using 17
atlases for a single patient image. The most demanding procedure with regard to
computation is the registration, which requires 170 minutes with serial computation
(using a single core processor of 2.3 GHz). However, the process can be accelerated
using multi-core parallel computing. The graph cut optimization takes (on average)
7 minutes. Thus, with the current set-up the method is 5 h faster than the man-
ual delineation process, and with the additional advantage that the time required is
machine-processing time.

To our knowledge, the most accurate method for brainstem segmentation is the
method of Quazi et al. [95] which reported a mean DSC value of 0.91, compared with
our median value of 0.78. We think that this difference is due to the atlas set, since for
the brainstem the DSC accuracy of our method is statistically no different from the
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+IM

Figure 2.6. Examples of challenging cases with large tumors. Every image pair
shows a comparisons between AB (green), AB+IM (red) and manual delineations
(yellow) for different tissues.

interobserver agreement (p < 0.05). Spinal cord segmentation results are reported by
Han et al. [48] and by Teguh et al. [114] (where the method of Han et al. is validated).
The first method reported a median DSC value and a distribution over patients <
0.8 [48], whereas we obtained a median value of 0.85 with a narrow distribution. The
second study reported an (average) DSC and (average + standard deviation) MSD of
the combination brainstem/spinal cord of 0.78 and 2.3 + 1.4 mm respectively [114].
These values are close to the accuracy we obtained for the brainstem (DSC 0.78 and
MSD 2.10 mm) but are less than the accuracy for the spinal cord (DSC 0.85 and MSD
0.81 mm).

Eye segmentation was performed for eyeball, optical nerve and lens [10,26]. Only
Cuadra et al. [26] performed the evaluation using manual delineations as ground
truth. Comparison of their results (for lens), of a median DSC over 3 patients of
0.769, with our results, of a median DSC over 18 patients of 0.67, shows that we
perform approximately 10% worse.

A limitation of the proposed method is the fusion of multiple binary results to
solve a multi-label segmentation. By combining the single tissue segmentations in
a post-processing step, the spatial and intensity relationship between neighboring
tissues are not exploited by the method. An extension of the method in this direction
will probably increase the accuracy at tissue boundaries.

From the result of the first experiment it is clear that the atlas information for
optical nerve, sclera, lens, cornea, cartilage, and thyroid is relatively poor. Intensity
information improves the segmentation, but the atlases are still a limiting factor.
The presence of tumors in the dataset increases the anatomical difference in the neck
area. Since both methods show low performance in this area we conclude that this is
caused by low-registration accuracy. Using a larger atlas set in combination with atlas
selection [4, 23, 65] may improve registration accuracy and, thus, the quality of the
shape prior. In this way the anatomical variation is better represented by the whole
atlas set and, using atlas selection, the set can be adapted to the target anatomy.

We are currently working extending this method to magnetic resonance (MR)
images. The superior soft tissue contrast of MR images may improve both the spatial
prior model and the intensity model thereby improving the performance of the current
set-up.
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Use of the current method for HTP is a work in progress. The effect of delineation
variability on HTP will be quantified. The specific absorption rate (SAR) distribution
[89,90] will be computed using the proposed method and evaluated in comparison
with the actual clinical standard which is based on manual delineations. The results
of these comparisons will determine the bounds for the accuracy and reproducibility
of the automatic segmentation method, and whether the current approach is sufficient
for clinical application.

2.6 Conclusion

We have developed and evaluated a fully automated method for segmentation of a
large set of tissues for hyperthermia treatment planning. Using an intensity model
combined with multiatlas registration improves the segmentation both in accuracy and
consistency compared with atlas registration alone. Our combined atlas registration-
graph cut approach enables us to combine the strengths of both approaches: the
atlas-based registration gives a suitable spatial prior for a more accurate gradient- and
intensity-based graph cut segmentation approach. In this way we prevent inaccurate
atlas-based segmentations caused by a deformation field that is constrained by the
degrees of freedom of the transformation model, and by an atlas-fusion process that
generally does not use intensity information.

The proposed method provides accurate automatic segmentation for the relevant
HTP tissues with computational performances compatible with clinical demand. In
addition our method increases the segmentation reproducibility with respect to the
current standard.



CHAPTER THREE

CT-Based Patient Modeling for
Head and Neck Hyperthermia
Treatment Planning: Manual versus
Automatic Normal Tissue
Segmentation

Watch every detail that affects the accuracy of your work.

— ARTHUR C. NIELSEN (1897-1981)

Abstract — To decide whether a recently developed automatic-segmentation al-
gorithm can be introduced in the clinic, we compared the impact of manual- and
automatic normal-tissue-segmentation variations on HTP quality.

CT images of seven patients were segmented automatically and manually by four
observers, to study interobserver and intraobserver geometrical variation. To deter-
mine the impact of this variation on HTP quality, HTP was performed using the
automatic and manual segmentation of each observer, for each patient. This impact
was compared to other sources of patient model uncertainties, i.e. varying gridsizes
and dielectric tissue properties.

Despite geometrical variations, manual and automatic generated 3D patient models
resulted in an equal, i.e. 1%, variation in HTP quality. This variation was minor
with respect to the total of other sources of patient model uncertainties, i.e. 11.7%.
In conclusion, automatically generated 3D patient models can be introduced in the
clinic for H&N HTP.

Based upon: R F Verhaart, V Fortunati, G M Verduijn, T van Walsum, J F Veenland and M
M Paulides, ”CT-Based Patient Modeling for Head and Neck Hyperthermia Treatment Planning:
Manual versus Automatic Normal-Tissue-Segmentation”, Radiother Oncol, vol. 111, no. 1, pp.
158-63, Apr. 2014.
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3.1 Introduction

Hyperthermia, i.e. raising tissue temperature to 40-44°C, has been shown to im-
prove clinical outcome when added to radiotherapy or chemotherapy for several tu-
mor sites [38,59,124], including the head and neck [5,54,55]. We recently developed
a hyperthermia applicator to investigate the benefit of deep local heating of head and
neck tumors [89,90]. The clinical use of this device requires hyperthermia treatment
planning (HTP) based on electromagnetic simulations for pre-treatment and real-time
treatment optimization and tissue dose assessment. Crucial input for HTP are full 3D
patient models incorporating all normal tissues and the gross tumor volume (GTV).
These models are generated by segmenting tissue regions on computed tomography
(CT) images [91]. In Chapter 2 we described an automatic-segmentation algorithm
for head and neck HTP that has shown to be accurate, reproducible and substantially
reduces operator time. A clinical introduction of the algorithm requires a compari-
son of the impact of automatic segmentation on the hyperthermia treatment quality
with the actual clinical standard, which is based on manual segmentations. Manual
segmentations are prone to observer variation, and the patient model influences the
accuracy of HTP for deep hyperthermia in the pelvic region [20,134]. Due to the
large number of small tissue regions in the head and neck region, observer variation
in tissues segmentation may have a substantial impact on the hyperthermia treatment
quality, but, this impact has never been quantified.

CT-based observer variation in tissue segmentation has already been assessed for
head and neck radiotherapy treatment planning [16,87]. However, while HTP requires
a full 3D patient model, these studies included only a limited number of tissues,
and many reported either interobserver or intraobserver variation. But, although
not complete, these studies provide an excellent reference to compare the results for
separate organs.

Assessments of the exposure by electromagnetic sources of the human body also
involve 3D human models. These studies often summarize causes of simulation uncer-
tainties in an uncertainty budget, which includes uncertainties such as variations in
dielectric tissue properties and variations in the gridsize [7,85]. Observer dependent
tissue segmentation might also influence the simulated electromagnetic field, however
this confounding influence usually is not included in the uncertainty budget.

In this Chapter we report the manual and automatic CT-based segmentation
variation for the tissues included in the 3D patient models for head and neck HTP.
In addition, we compared the impact of the manual and automatic segmentation
variation on the HTP outcomes, i.e. the planned hyperthermia dose and HTP quality.
To quantify the importance of segmentation variations, we compare their influence to
those of other sources of patient-modeling variation, i.e. gridsize and dielectric tissue-
property uncertainties. The decision, whether or not to introduce the automatic-
segmentation algorithm into the clinic, can be based on these results.
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3.2 Methods and materials

3.2.1 Patient Selection

The analysis presented in this chapter covers 7 of the 34 patients treated with head
and neck hyperthermia thus far. The patients were selected to represent the patient
population eligible for head and neck hyperthermia, i.e. the patients included were
balanced per tumor site, and both small (T2) and large (T4) tumors were included,
as show in Table 3.1.

Table 3.1. Patient, tumor and treatment characteristics. HT: hyperthermia, F:
female, M: male, r: recurrent, c: clinical, p: pathology, CBK: cyberknife, IMRT:
intensity modulated radiation therapy, BT: brachytherapy

Patient Gender Age  Tumor Site  TNM classification HT Radiotherapy

1 F 38  Nasal Cavity rT4bNOMO 3x 5x5.5 Gy (CBK)
2 F 58 Thyroid rT4N1bMO 4x  16x3.13 Gy (IMRT)
3 F 74  Nasopharynx rT4NOMO 3x 6x6 Gy (CBK)

4 M 51 Oropharynx c¢T2NOMO 6x 4, 10x3, 4 Gy (BT)
5 F 59  Oropharynx cT2NOMO 9x 35x2 Gy (IMRT)
6 M 60 Thyroid pT4aN1bMO 4x  16x3.13 Gy (IMRT)
7 M 54 Oropharynx rT2NOMO 1x 6x5.5 Gy (CBK)

3.2.2 Computed Tomography (CT) images

CT scans acquired for radiotherapy treatment planning were used for HTP, leading to
advantages in logistics and target region assignment. To make the group of patients
for our study as representative as possible, we included CT scans of patients with
distinct characteristics to span the entire patient population variability.

CT scans of the patients were obtained using a Somatom Sensation Open (Siemens
AG, Erlangen, Germany), except for patient 3, who was scanned with a PQ 5000
(Philips Healthcare, Best, the Netherlands). The slice spacing varied from 1.5 — 2.5
mm and the in-plane resolution varied from 0.7 x 0.7 mm to 1.0 x 1.0 mm, with a scan
matrix of 512 x 512. For patients 1-5, an intravenous injection of 100 ml contrast
agent (Omnipaque 300, GE Healthcare Inc.) was administered with an injection rate
of 1.8 ml/s, and imaging was performed 45 seconds after injection.

3.2.3 Segmentation protocol

All CT slices are segmented into several normal tissues and the target volume. We
used the clinical target volume (CTV) as the hyperthermia target volume (HTV), and
segmented the GTV in order to assign tumor dielectric tissue properties to this region.
The list of segmented tissues was based on the visibility on CT and the dielectric (and
thermal) property contrast with adjacent tissues. The brain, spinal cord and eyes were
segmented since these are highly thermo-sensitive tissues. Therefore, the thermal dose
should be restricted in these tissues.
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First, an in-house developed tool (implemented in MevisLab v.2.2.1, MeVis Med-
ical Solutions AG, Bremen, Germany) was used to remove non-patient structures,
such as the patient bed and the patients immobilization mask. Second, Hounsfield
(HU) thresholds were applied to segment bone (HU: 200 to 3000), muscle (HU: 0 to
200), fat (HU: -300 to 0), lungs and internal air (HU: -1000 to -300) [52]. The lungs
were separated from the internal air by applying the threshold only to the slices that
contain lung tissue. Third, the automatically segmented bone was manually corrected
in case of streak artifacts, and when blood vessels were incorrectly assigned as bone
due to the presence of contrast agent. Fourth, the tissues in the brain (cerebrum, cere-
bellum, brainstem), the spinal cord (myelum), the eyes (sclera, lens, vitreous humor,
optical nerve) and the other head and neck tissues (thyroid gland, thyroid and cricoid
cartilage) were segmented manually using iSeg (v.3.1, Zurich Med Tech AG, Zurich,
Switzerland) and automatically using the method of Chapter 2. Fifth, the HTV and
GTYV were both manually segmented in Focal (v.4.64, Elekta AB, Stockholm, Sweden)
by a head and neck radiation oncologist.

3.2.4 Hyperthermia treatment planning (HTP)

Hyperthermia treatment planning was performed as described by Rijnen et al. [97].
For electromagnetic field simulations, a uniform gridsize of 2 mm was chosen. Di-
electric tissue properties, i.e. relative permittivity (e,), effective conductivity (oes)
and volume density of mass (p) were assigned to each tissue [43,58]. The com-
monly used lg-averaged and 10g-averaged specific absorption rate (SAR) standards
[IEEE/IEC62704-1] as calculated in SEMCAD-X (v.14.8.1, Schmid & Partner Engi-
neering AG, Zurich, Switzerland) were used for SAR dosimetry.

For the tissue property sensitivity study, we reduced computational time twelve-
fold by performing only one simulation, i.e. a simulation with all antennas exited using
optimized phase and amplitude settings instead of a simulation per antenna and a
subsequent weighted summation of the fields. The validity of this approximation for
the sensitivity analysis was verified for three variations (e;: +6%, oeg: +6%, p: +3%),
in which we observed an average error in HTP quality (|JAHTQ)J) of only 0.2% (min
- max: 0.02 - 0.6%).

3.2.5 Segmentation evaluation

Three trained medical radiation technologists (observer 1, observer 2, observer 3) and
one radiation oncologist (reference) manually segmented per patient the ten tissues,
see Figure 3.1 for segmentation examples. The reference segmented the seven patient
models only once, while the 3 other observers segmented them twice to investigate
intraobserver variation. The manual tissue segmentation of one patient took on aver-
age 5-6 hours, all segmentations were done within 4 weeks and the time between first
and second segmentation of the same patient varied between 1-15 days. The images
were anonymized and supplied in a random order to minimize bias in the manual
segmentations. The automatic-segmentation algorithm took on average 1 hour per
patient (3.3 GHz Intel Core i7-980 processor, with 24 GB of RAM, running 64 bit
Windows 7). Since the segmentation of the radiation oncologist is assumed as most
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accurate, variations from that segmentation are reported as segmentation inaccura-
cies. The observer-reference variations (interobserver variation: reference-observer 1,
reference-observer 2, reference-observer 3), the variation between two segmentations
per observer (intraobserver variation: observer 1-observer 1, observer 2-observer 2,
observer 3-observer 3) and the automatic-reference variations were determined. Ob-
server variation was quantified using the Dice similarity coefficient [27] and the mean
surface distance (MSD), see also Section 2.3.3. Since DSC measures the overlap be-
tween volumes, the variation is quantified using 1-DSC. We used DSC instead of
1-DSC to compare our results to other studies.

(a) cerebrum

(g) Optical Nerve

Figure 3.1. The segmentations of observer 1 (dark-blue), observer 2 (light-blue),
observer 3 (blue), reference (green) and the auto-segmentation (red). The tissues
were segmented on each transverse slice of the image set. For the head and neck
HTP, these segmentations are stacked on top of each other to generate the 3D patient
model. The 3D SAR dose distribution is calculated on the basis of this model.
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3.2.6 Dosimetric evaluation

As temperature dose predictions still come with high uncertainties, we quantified the
effect of segmentation variation on the planned hyperthermia dose using the absolute
SAR difference expressed in two SAR parameters, i.e. [ASARq4| and |ASAR;,, and
on HTP quality using |[AHTQ).

|ASAR1,| and |ASAR;og| are computed per tissue and defined as the SAR dif-
ference between two treatment plans, normalized for 1W total input power. Both
values were averaged over the tissue volume and observers, and were the mean over
the seven patients. Furthermore, the relative difference with respect to the average
SAR in the reference is reported. Absolute SAR values were obtained per power level
by multiplication with the total input power level [90].

HTQ is computed by using the SAR;, only, and is defined as the average SAR in
the first percentile of the SAR in the healthy tissue, i.e. the average over the highest
SAR values, divided by the average SAR in the target volume [19]. The HTQ error
(JAHTQ)) is defined as the absolute difference in HTQ between two treatment plans.

A non-parametric Wilcoxon signed rank test was used to test for statistical sig-
nificant differences (p < 0.05).

3.2.7 Sensitivity analysis

The variation in HTP prediction per observer-dependent segmentation was compared
with other sources of 3D patient modeling variation, i.e. gridsize variation and dielec-
tric tissue property uncertainties. The uncertainty is quantified in |[AHTQ| to assess
the impact on HTP quality and in [ASAR;og| to compare our results to other studies.

For all seven patients, the effect of the gridsize was investigated by increasing
gridsize (Agrid), i.e. from 1 to 5 mm. For each gridsize, |]AHTQ| and |ASAR;og| were
determined by using the HTP with Agrid = 1 mm as reference.

Dielectric tissue properties in patients deviate from literature values, e.g. due to
age-dependency [92,93,103], post-mortem changes [18,102], and measurement uncer-
tainty [40, 41, 81].The impact of this deviation on HTP quality was determined in
seven patients, for fourteen tissues. For each tissue property, three different HTPs
were generated, i.e. using average and + one standard deviation of the literature value.
|AHTQ| was determined by using the HTP for the average literature value as refer-
ence. The individual uncertainty per tissues was obtained by taking the square-root
of the sum of squares of the mean value over seven patients.

The individual standard uncertainty (u;) of the gridsize, segmentation variation
and dielectric properties was obtained by determining the confidence interval from
plus to minus one standard deviation. The square-root of the sum of squares was
applied to the individual uncertainties to obtain the combined standard uncertainty
(ue). A coverage factor (k) of 2 was used to obtain the expanded uncertainty U leading
to the 95% confidence interval [113]. The uncertainties were determined based on the
assumption that the applied variations can be described by a Gaussian probability
function.
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3.3 Results

Table 3.2 shows a complete overview of the results, including the intraobserver vari-
ation and the parameters (1-DSC and |ASARq,|). This table shows that the cere-
bellum, brainstem, spinal cord and vitreous humor could be segmented with a mean
1-DSC of < 0.24 and a mean MSD of < 2.2 mm, leading to a mean |ASAR4,| and
|ASARq0g| up to 4.3 mW/kg (4.3%). The cerebrum, sclera, lens, optical nerve,
cartilage and thyroid gland were segmented less accurate with a mean 1-DSC of
> 0.24 and/or a mean MSD > 2.2 mm, corresponding to a higher mean |[ASAR,| and
|ASAR;0g| up to 15.1 mW /kg (11.7%). For most tissues, the intraobserver variation
caused significantly less segmentation and tissue specific dose variation compared to
the interobserver variation. Local tissue SAR differences varied among both SAR
parameters used, e.g. the interobserver variation of the lens resulted in a |[ASAR;4| of
15 mW /kg (12%) but in a lower |[ASAR ;.| of 3.5 mW /kg (3.8%).

Considering the manual (interobserver) and automatic segmentation variation
per tissue (MSD) and the impact of this variation on simulated hyperthermia dose
(JASAR4]), we found that for cerebellum, spinal cord, optical nerve, cartilage and
thyroid gland a non-significant difference between manual and automatic generated
3D models in both segmentation variation and tissue specific dose, while a significant
difference was found for cerebrum, brainstem, sclera, lens and vitreous humor (the
latter two tissues with respect to segmentation only).

Figure 3.2 shows that simulation accuracy substantially decreased when HTP was
based on a gridsize of 3 mm or larger. Because the simulation accuracy was stable
for a gridsize in the range of 1.3 — 2.5 mm, we chose a gridsize of 2 mm as trade-off
between HTQ error and simulation time.

Figure 3.3 shows the impact of tissue property uncertainties on HTP quality
(|JAHTQ)), for one patient. HTP quality appeared to be most sensitive to inaccuracies
in the dielectric tissue properties of muscle, fat, and bone regions.

Table 3.3 summarizes the influences of the patient modeling parameters on |AHTQ),
for the seven patients. The |AHTQ| due to interobserver variation (1.0%), intraob-
server variation (1.0%) and automatic-segmentation (1.0%) was similar, but substan-
tially smaller that the uncorrelated standard combined uncertainty (11.7%) and the
expanded uncertainty (23.4%) for the uncertainties studied.

3.4 Discussion

In this study, we report the CT-based normal-tissue-segmentation variations and the
impact of these variations on HTP, i.e. the planned hyperthermia dose and HTP
quality, for both manual- and automatic-segmented tissues. For all segmented tissues,
the local tissue SAR differences varied among SAR parameters, i.e. |[ASAR | and
|ASAR0g|. This makes tissue dose assessment with these parameters difficult, which
forms the rationale to investigate the impact on simulated temperatures, as soon
as thermal simulations are validated. Although half of the segmented tissues were
significantly different after manual or auto-segmentation, the impact on HTP quality
was similar, but, this impact was minor compared to the total HTP uncertainty.
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Table 3.2. Manual (interobserver and intraobserver) and auto-segmentation vari-
ation for the ten selected tissues. The segmentation variation is quantified by the
1- Dice similarity coefficient (1-DSC) and the mean distance (MSD). The difference
in simulated hyperthermia dose (|JASAR1z| and |[ASAR 0/, relative SAR differences
normalized at 1 W total input power) in each tissue is shown in mW/Kg. The sta-
tistical significant difference between interobserver and intraobserver variation(®)
and between auto-segmentation and interobserver(V) or intraobserver(*) variation
is determined using a non-parametric Wilcoxon signed rank test. Note that the in-
terobserver and auto-segmentation variation is defined with respect to the reference

observer.
Manual (interobserver) Manual (intraobserver) Auto-Segmentation
mean, min-max mean, min-max mean, min-max
mean, min-max mean, min-max mean, min-max
mean & mean mean & mean mean & mean
Cerebrum
1-DSC 0.059, 0.052-0.069 0.010°, 0.010-0.013 0.058*, 0.050-0.068
MSD [mm] 2.4,2.0-2.9 0.43°, 0.36-0.54 2.9V, 2.5-3.2
|ASAR14|&|ASARye|  0.32 (1.2%) & 0.23 (0.90%) 0.24° (0.87%) & 0.18 (0.70%) 0.44*Y (1.6%) & 0.35%Y (1.4%)
Cerebellum
1-DSC 0.14, 0.12-0.16 0.065°, 0.046-0.086 0.13*, 0.088-0.20
MSD [mm] 2.2, 1.8-2.5 0.88°, 0.62-1.2 1.9%,1.3-34
|ASAR14|&|ASAR1e|  0.92 (3.1%) & 0.60 (2.2%)  0.63° (2.1%) & 0.40° (1.5%) 0.94% (3.2%) & 0.57* (2.1%)
Brainstem
1-DSC 0.22, 0.15-0.27 0.16°, 0.15-0.18 0.24*, 0.19-0.32
MSD [mm] 1.7, 1.1-24 1.1°,0.92-1.2 2.2V, 1.7-3.1
|ASAR14|&|ASAR1s|  0.87 (6.3%) & 0.59 (3.7%) 0.68 (4.9%) & 0.45 (2.8%) 1.27%Y (9.3%) & 0.69* (4.3%)

Spinal Cord (Myelum)

1-DSC

MSD [mm]

|ASAR14|&|ASAR 0]
Sclera

1-DSC

MSD [mm]

|ASAR14|&|ASAR 104
Lens

1-DSC

MSD [mm]

|ASAR14|&|ASAR 104
Vitreous Humor

1-DSC

MSD [mm]

|ASAR14|&|ASAR g
Optical Nerve

1-DSC

MSD [mm]

|ASAR14|&|ASAR 1]
Cartilage

1-DSC

MSD [mm]

|ASAR14|&|ASAR 0]
Thyroid Gland

1-DSC

MSD [mm)]

|ASAR;¢|&|ASAR 4]

0.21, 0.16-0.27
1.0, 0.81-1.3
0.84 (5.7%) & 0.42 (3.6%)

0.52, 0.44-0.70
0.87, 0.63-1.8
3.4 (4.2%) & 1.6 (2.4%)

0.32, 0.24-0.45
0.66, 0.44-1.2
15 (12%) & 3.5 (3.8%)

0.14, 0.11-0.18
0.70, 0.54-1.1
3.3 (3.3%) & 2.0 (2.6%)

0.40, 0.34-0.50
0.94, 0.62-1.7
0.92 (2.9%) & 0.39 (0.90%)

0.41, 0.28-0.54
4.5,3.1-6.1
5.8 (6.4%) & 3.0 (2.9%)

0.24, 0.11-0.47
1.9, 0.54-4.7
0.39 (1.7%) & 0.33 (1.2%)

0.15°, 0.13-0.16
0.55°, 0.51-0.60
0.43 (2.9%) & 0.18 (1.6%)

0.37°, 0.33-0.38
0.51°, 0.45-0.60
1.9° (24%) & 0.84 (1.3%)

0.20°, 0.15-0.25
0.32°, 0.23-0.44
3.4° (2.6%) & 1.3 (1.3%)

0.086°, 0.076-0.096
0.38°, 0.35-0.43
1.9° (1.9%) & 1.0° (1.3%)

0.30°, 0.24-0.35
0.57°, 0.36-0.71
0.59° (1.9%) & 0.33 (0.80%)

0.22°, 0.12-0.29
0.67°, 0.35-1.2
1.4° (1.6%) & 0.92° (0.90%)

0.16, 0.085-0.29
0.80, 0.39-1.8
0.37 (1.6%) & 0.32 (1.2%)

0.24*, 0.18-0.34
1.5%,0.82-2.4
0.86* (5.8%) & 0.35 (3.0%)

0.627, 0.45-0.76
1.8%Y, 1.0-3.8
4.8 (6.0%) & 2.1* (3.1%)

0.50*Y, 0.34-0.64
1.6%V, 0.75-2.9
15% (12%) & 4.1 (4.4%)

0.20%V, 0.16-0.28
1.2V, 0.87-1.8
43% (43%) & 2.5 (3.2%)

0.42*, 0.37-0.51
1.0%, 0.76-1.4
1.2 (3.8%) & 0.63 (1.4%)

0.51%7, 0.45-0.61
5.0%, 3.0-6.9
6.0% (6.6%) & 2.8 (2.7%)

0.43, 0.20-0.63
5.1,1.1-9.3
0.68 (3.0%) & 0.47 (1.7%)

Furthermore, a considerable reduction in operator time per patient was achieved when
using the automatic segmentation (+ 1 hour) instead of the manual segmentation (5-
6 hours). Thus, the recently developed automatic-segmentation algorithm can be
introduced in the clinic for pre-treatment and real-time treatment optimization.
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Figure 3.2. The error in hyperthermia-treatment quality parameter (JAHTQ)),
and simulation time as a function of gridsize (Agrid). The boxplot indicates the
range of the error over seven patients. The insert shows a zoom-in of Agrid 1.3-2.5
mm. Note that (|JAHTQ)) is determined using the patient model with Agrid Imm as
the reference. On each box of the boxplot, the central mark is the median, the edges
are the 25th and 75th percentiles, the whiskers extend to the most extreme data
points not considered outliers (99.3%), and outliers are plotted individually(+).

Previous studies that quantified the variations in tissue segmentation for head and
neck radiotherapy treatment planning provide an excellent reference for our results.
Brouwer et al. [16] reported in an interobserver study with five observers that the
thyroid gland can be segmented as accurate as the spinal cord, while we found a
difference in accuracy between these two tissues. This difference can be explained by
a difference in the segmentation protocol, i.e. we segmented the thyroid and cricoid
cartilage as one structure, which may have led to larger segmentation inaccuracies.
Recently, Nelms et al. [87] quantified the interobserver agreement for the brainstem,
brain and spinal cord. For the brainstem (31 observers) they found a lower DSC
(mean = std) of 0.66 + 0.17, compared to a DSC of 0.78 + 0.04 found in our study
(Table 3.1). For the spinal cord (29 observers) they found 0.80 + 0.07 compared
to 0.79 + 0.04 in our study and for the brain (10 observers) they found 0.98 + 0.01
compared to 0.94 + 0.01 for the cerebrum in our study. In general, despite some minor
differences, the variations in tissue segmentation reported in our study are similar to
the results of previous studies.

In the design of this study, we faced the common difficulty of defining HTP quality
[91]. Hyperthermia outcome has been correlated to the temperatures, or temperature
dose, achieved [37,105). However, temperature simulations are unsuitable since they
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Figure 3.3. The error in hyperthermia-treatment quality parameter (JAHTQ)|) as
a function of the relative tissue property variation A, for patient 5. Only the tissues
with an individual standard uncertainty > 1.0% are shown.

Table 3.3. Influence of patient modeling parameters on the uncorrelated standard
uncertainty (u.) and the expanded uncertainty (U) as measured with |AHTQ]| and
|ASARi10g|- k: coverage factor, , u;: individual standard uncertainty.

Gridsize (Agrid)
Tissue segmentation
(a) Manual segmentation
(a1) Interobserver
(ag) Intraobserver
(b) Auto-segmentation
Dielectric tissue properties
(a) Relative permittivity (e;)
(b) Effective conductivity (ceg)
(¢) Volume density of mass (p)

Uc (k:]-)
U (k=2)

(u;) [%]
|AHTQ|  |ASAR;g]

10 3.2
1.0 1.5
1.0 1.2
1.0 2.0
41 3.4
10.0 6.2
1.0 44
11.7 9.3
23.4 18.7
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have not been validated yet for head and neck hyperthermia. In pre-treatment and
real-time HTP for head and neck hyperthermia, we therefore optimize the target SAR.
For simulated SAR, Paulides et al. verified from treatment data of three patients,
on a per-patient basis, a linear relation with measured temperatures (R? = 0.59 —
0.94) [89]. For HTQ, Canters et al. [19] showed for deep hyperthermia in the pelvis
a linear correlation with simulated steady state temperatures. Hence, in the absence
of validated temperature predictions, both parameters: 1) HTQ to quantify HTP
quality, and 2) the standardly used averaged-tissue SAR to quantify tissue dose, have
potential as surrogate for simulated temperatures.

The dose differences reported in Table 3.2 were all determined for 1 W total input
power. An average input power of 400 W is applied during a standard head and neck
treatment [89]. Hence, the reported dose values should be multiplied by 400 if the
results need to be translated to a standard head and neck treatment. For example, the
maximum |[ASAR;g| was found in the lens: 0.0151 W /kg, which leads to a |[ASAR |
of 6.0 W /kg at 400W. Note that in this case the maximum SAR;, in the lens is 254.7
W/kg. Future studies are needed to clarify if the resultant temperatures go beyond
the defined thermal thresholds.

The reported individual standard uncertainty in |ASARigg| of the gridsize was
estimated as 3.2%, which is lower than the 6.2% (0.26 dB) found by Murbach et al. [85]
and the 5.5% found by Bakker et al. [7]. However, the frequency and gridsizes studied
(64 MHz and 1.5 - 3 mm [85], 10 — 5600 MHz and 0.7 - 10 mm [7]) differed from
our settings, limiting the comparability. Our estimation of the individual standard
uncertainty in [ASAR;gg| for dielectric tissue parameters (e,: 3.4%, oen: 6.2%) was
in agreement with previously reported values (e: 2.1% [85], 8.7% [7], oot 3.5% [85],
8.7% [7]). Our individual standard uncertainty in |[ASARqg| for p (4.4%) is lower
than previously reported values (6.2% [85], 5% [7]). The differences in uncertainty
for the dielectric tissue properties and p can also be explained by the difference in
frequency, but probably also because we employed tissue specific uncertainties while
others applied one common uncertainty for all tissues. We expected the uncertainty in
segmentation variation and gridsize to be in the same range, since both are changing
the 3D patient model. From other studies [7,85], we know that especially dielectric
tissue properties have a high influence, but this had never been shown for head and
neck HTP.

3.5 Conclusion

As the uncertainty in HTP quality for manual and automatic segmentation is similar
and minor when comparing it to the total HTP uncertainty, we conclude that the
recently developed automatic-segmentation algorithm can be introduced in the clinic
for pre-treatment and real-time treatment optimization. However, tissue dose assess-
ment, used for safety assessment and pre-treatment and real-time decision making,
remains difficult since local tissue SAR estimates vary among different SAR parame-
ters. This forms a rationale for future studies to investigate the impact on simulated
temperatures, as soon as thermal simulations are validated.






CHAPTER FOUR

Automatic Tissue Segmentation of
Head and Neck MR Images for
Hyperthermia Treatment Planning

Strive for continuous improvement, instead of perfection.

— Kim CoLLINS (1976)

Abstract — We present here an automatic atlas-based segmentation algorithm for
MR images of the head and neck.

Our method combines multiatlas local weighting fusion with intensity modeling.
The accuracy of the method was evaluated using a leave-one-out cross validation
experiment over a set of 11 patients for which manual delineation were available.
The accuracy of the proposed method was high both in terms of Dice similarity
coefficient (DSC) and mean surface distance (MSD) with median DSC higher than
0.8 for all tissues except sclera and median MSD lower than 1 mm for all tissues
except the CSF compared to manual delineations. For all tissues, except the spine
tissues, the accuracy was approaching the interobserver agreement/variability both
in terms of DSC and MSD. The positive effect of adding the intensity modeling to
the multiatlas fusion decreased when a more accurate atlas fusion method was used.
Using the proposed approach we improved the performance of the approach pre-
viously presented for H&N hyperthermia treatment planning making the method
making the method suitable for clinical application.

Based upon: V Fortunati, R F Verhaart, J F Veenland, W J Niessen M M Paulides and T van Wal-
sum, ” Automatic Tissue Segmentation of Head and Neck MR Images for Hyperthermia Treatment
Planning.”, Major revision in Phys Med Biol.
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4.1 Introduction

mors between 39° C and 44° C. The effectiveness of radiotherapy (RT) and

chemotherapy is significantly enhanced when combined with HT [37,57, 124].
Phase III clinical studies show that hyperthermia is also effective in the head and
neck (H&N) region [54,55,121]. In response to these positive results, a site-specific
hyperthermia applicator was developed for precise HT of tumors in the entire H&N
region using electromagnetic fields. This device, called the HYPERcollar, enables
deep heating (> 4 cm under the skin) of H&N cancers [8,89,90]. Due to the limited
availability of temperature monitoring in-vivo, HT of H&N tumors requires accu-
rate treatment planning (HTP), based on 3D patient models that are derived from
segmented 3D images [127]. These segmentations are generally derived by manual
delineation of computed tomography (CT) images. However, it is well-known that
manual delineation is tedious, labour intense and prone to inter and intraobserver
variability. Thus automation of the segmentation process is highly desired. It has
been shown that, due to their superior soft tissue contrast, MR images provide better
delineation accuracy of target and normal tissues than CT images [2,45,96,117,126].
Hence, in this chapter we investigate the accuracy of MR based automatic segmen-
tation for some of the tissues needed for HTP. MR-based segmentation need to be
registered to the CT coordinate frame in order to obtain a geometrically accurate full
3D patient model [35,126].

Several methods have been developed in recent years to address the problem
of automatic segmentation of H&N CT images for generating anatomical models for
radiotherapy [39,48,95] treatment planning. The common aspect of all these methods
is that they are based on multiatlas segmentation approaches. In the field of HT
planning, we recently published a method to accurately segment all relevant tissue
in CT images [34] using atlases and intensity modeling. We also showed that the
use of this method leads to a HTP quality comparable to the quality obtained using
manually generated delineations [127].

The problem of automatic segmentation using atlases was extensively addressed
in the field of brain structure segmentation in MR images [3,6,101,122,130]. Whereas
majority voting, being a simple and straightforward way, has been frequently used
to combine atlas registration results, more recently multiple authors have shown that
local weighting atlas fusion techniques [6,101,130] increase the segmentation accu-
racy. In these approaches, segmentations from multiple atlases are combined using
local image similarity metrics to locally weigh the contribution of each segmentation.
Among these methods, the approach developed by Wang [130] ranked first in a recent
MICCALI grand challenge [75]. Due to the effectiveness of this method we decided to
combine local weighting multiatlas fusion with the approach we previously used for
CT images [34].

In this chapter, we developed and evaluated an automatic segmentation algo-
rithm for MR images of the head and neck; we used a graph cut method which
combines multiatlas-based segmentation, using atlas fusion, and intensity modeling.
The method combines the approach described earlier [34] with local weighting atlas
fusion [6,130]. The contribution of our work is twofold: 1) we developed an auto-

I ocal hyperthermia treatment (HT) consists of elevating the temperature of tu-
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matic segmentation method for head and neck MR images that integrates intensity
modeling into state-of-the art multiatlas fusion methods; 2) we evaluated various ver-
sions of our method on imaging data of 11 patients, and compared the results to the
interobserver variability of manual delineations.

4.2 Methods and materials

4.2.1 Image data and atlas

The data used in this chapter was collected from 11 patients with tumors in the H&N
region, which were representative for the patient-group eligible for HT. The location
of the tumors was the nasopharynx (3 patients) and the oropharynx (8 patients). The
data comprised axial, MR T2 weighted (T2w) images acquired on a 1.5 T scanner
(Optima MR450w, GE Healthcare, Waukesha, WI) with the following acquisition pa-
rameters: Fast Recovery Fast Spin Echo sequence with TE/TR 106.8/7060 ms; in
plane resolution of 0.49 mm (5 patients) and 0.68 mm (6 patients); slice thickness of
3 mm; out of plane field of view of 20 cm centered at the tumor location, yielding a
slightly different field of view for each patient. For 8 patients, images were acquired
in treatment position using a 6 channel surface coil while for the other 3 patients a
24 cnhannel H&N coil was used. The T2w images were corrected for intensity inho-
mogeneity: for the images acquired with surface coils, a built- in algorithm (Surface
Coil Intensity Correction) of the MR, scanner was used at the time of acquisition; for
the images acquired with H&N coils, the ITK-N4 method [118] was used as a post-
processing procedure. In order to compensate for the differences in intensities, all the
images were normalized [119]. This normalization involved matching all the intensity
histograms to the histogram of one randomly selected image. The code for this nor-
malization is in the ITK library (www.itk.org, itkHistogramMatchingImageFilter.h).
We used 256 bins for the histogram computation matching 128 histogram landmarks.

Three trained observers (O1, 02, O3) delineated the tissues in all images. We
included the tissues for which the dielectric and thermal properties are different from
those of the surrounding tissues. Additionally, tissue delineation had to be feasible
on T2w images. With these criteria, the tissues of interest were:

e Encephalon: cerebrum (CE); cerebellum (CB); brainstem (BS).
e Spinal cord: myelum (MY) and cerebro spinal fluid (CSF).
e Eye tissues: vitreous humor (EH); sclera (SC); lens (LE).

The optical nerve was excluded from this study even though it is relevant for HTP.
This was done because the optical nerve could not be consistently delineated on T2w
images.

4.2.2 Segmentation method

Our segmentation method combines locally weighted multiatlas fusion with voxel-
wise classification based on intensity values. Atlas based segmentation consists of the
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registration of a target image, with an unknown segmentation, to an atlas for which
the segmentation is known. The registration is used to estimate a segmentation by
spatially mapping the known segmentation to the target image. In multiatlas segmen-
tation this process is repeated for more than one atlas and an atlas fusion method is
used to combine the information of all atlases into a single optimal segmentation [98].

In our method, an atlas fusion method was used to determine a spatial probability
map for each tissue. The atlases, in the original coordinate frame, were further used to
estimate the intensity distribution of the tissues and their corresponding background
regions. This information was used in a graph-cut segmentation algorithm: the prob-
ability map was used as a spatial prior and the intensity distributions as an intensity
model. A regularization term was also used to ensure a smooth segmentation. Figure
4.1 shows a scheme of the segmentation method.

Images - Labels
Target
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Registrati Build
cgistration Histogram
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v Images - Labels
Atlas Fusion
Method
Probability Map
Y  /  J
Neighborhood Spatial Prior Intensity
Model Model Model
Regularization Data
Term Term
\
- Graph -
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i Segmentation ;

Figure 4.1. Scheme of the segmentation method for each tissue.

For details on how the intensity model was combined with the spatial probability
map we refer the reader to our previous work [34]. In the following we focus on
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the local weighting atlas fusion technique and its integration into our segmentation
framework.

4.2.3 Spatial probability map construction

To construct a spatial prior, first a set of J atlas images was non-rigidly registered
to the target image u. Using the registration results for each atlas j and each label
l we obtained the segmentation S]l-(m) and the registered images I;(m). Fusion was
performed with a local weighted voting technique [6,130]. In this method the label at
voxel location m was selected as the one with the highest vote S'(m), where S'(m)
is computed according to the rule:

R J
§'(m) = ;Wj(m)sé(m), (4.1)

where w;(m) is a weighting factor for the location m, which reflects the accuracy
of each single atlas segmentation, in the proximity of m. Thus the final vote was
calculated by weighting the contribution of each single atlas segmentation with respect
to their local segmentation quality.

The weights w;(m) for each location m and atlas j can be estimated using the
local image similarity between a patch of the target image Z, (N (m)) and a patch of
atlas j registered to the coordinate frame of the target image v and interpolated at
voxel location m, Z;(N(m)). The patch N'(m) was defined as a 3D cubical region
centered at m with width (in voxels) of 2r, + 1. We evaluated different similarity
metrics (STM) for local fusion: sum of squared differences (SSD), normalized cross-
correlation (NCC) and normalized mutual information (NMI). The weights w;(m)
were defined following the work of Artaechevarria et al. [6]:

wj(m) = SIM(Z,(N (m)), Z;(N (m)))", (4.2)

where [ is a factor which was positive for NCC and NMI, and negative for SSD in
order to make w a measure of similarity.

Two different advanced weighting techniques have been proposed to improve this
generic local weighting framework: 1) using a local search technique to decrease the ef-
fects of small registration error; 2) computing the final weight of each atlas considering
the joint image similarity between the target image and all atlases. Both approaches
were integrated into our method; we discuss them in the next two subsections.

4.2.3.1 Local search technique

The anatomical variability between the atlas and target image makes the registration
challenging and prone to errors. This error can be accounted for during atlas fusion
[101,130] by locally searching for the atlas image patch that has the best similarity
with the patch of the target image u. Next, the segmentation corresponding to the
most similar atlas image patch can be used in the modified voting rule:

R J
§'(m) = Z%Wj(m(m))sé(m(m))» (4.3)
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where 7;(m) is the location in the atlas j corresponding to the patch A that gives the
best match between atlas and target image in the local search region N; according to
the local search:

nj(m) = argmin IZ; (N (m")) = Zu (N (m)), (4.4)

Z;(N(m')) is the vector of intensities of the j-th atlas within the patch N centered
around m’ and Z,(N(m)) is the vector of intensities of the target image u within
the patch NV centered around m. The patch N;(m) is defined as a 3D cubical region
centered at m with width (in voxels) of 2r; + 1.

4.2.3.2 Joint weighted voting

Wang et al. [130] additionally introduced a weighting technique to estimate of the
final segmentation taking a possibly correlated error between atlas segmentations
into account. In this method the optimal weights are computed by minimizing the
total expectation of segmentation error. This expectation is expressed as a matrix
containing the joint probabilities of two atlases making a segmentation error at a
certain location. Similarly to the general local weighting method this probability is
approximated using an intensity similarity between a pair of atlases and the target
image in the neighborhood of each voxel. Let w,, = (wp(m),...,ws(m)) denote the
vector of weights. Following Wang et al. [130] the optimal weights are calculated as:

. (M,, +~vI)7'1,

Wy = o7 _ ’

1, (M, +~I)"11,

where 7 is a regularization term used to ensure a unique solution for the minimization

problem, 1, =[1;1;....;1] and I is the identity matrix. The weights in Equation 4.5

are normalized, i.e. ¥;wm(i) = 1. The matrix M contains the expected pairwise

joint label differences at each location m, which can be estimated using local image

similarity, i.e. SSD, NCC and NMI. NCC and the NMI need to be inverted in order

to represent an error measure. In case of SSD we defined the matrix M, according
to Wang et al. [130]. For the NCC based joint fusion the matrix was defined as:

M€ (i, 3) =
(V= NCO@ N ) LN )/ T- NCO@Nm) LN m)) - (46)

where i and j indicate the atlases, 8 is a positive scaling factor and the value one
is used to invert the NCC since NCC € [-1,1]. Similarly for the NMI based joint
fusion we have:

(4.5)

MM, ) =
(V3= NMI(Z.(N (m)), TN (m)y/3 = NMI(Z, (N (m)), Z;(N (m))))ﬁ , (A7)

with the same notation as 4.6. In this case we use the value three to invert the metric
since NMI € [1,2]. Following [130] for all the three metrics, the value of v was set
to approximatively 2% of the maximum value of the similarity metric i.e. 0.1 for SSD
and 0.05 for NMI and NCC.
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4.2.4 Graph cut segmentation

The multiatlas fusion methods provides a probability map p(f,,) for each tissue:

A2
I
ijj(nj(m));sa(m( ))w; (15 ( ))) ) (4.8)

Pi(fm) = (
where Ao is a weighting parameter. This probability map is used as spatial prior in
the data terms of the graph cut segmentation algorithm [14]. The other data term
used is the intensity model of the tissue which consisted of the intensity distributions
of the tissue and its corresponding background region. The intensity distributions is
built using the unregistered atlases by a Parzen-window histogram estimation [34].
The intensity model aims to correct for residual registration errors or systematic er-
ror in the output segmentation. Two user-defined parameters were used: the weight
parameter A; to weigh the contribution of the data terms with respect to the regu-
larization term and the parameter Ay to weigh the contribution of the spatial prior
term with respect to the intensity model term.

For each tissue [, the graph-cut segmentation depends on a vector of parameters
0, = (a, A1, \2), i.e. the data term weight A1, the spatial model weight Ay and the
foreground threshold « [34]. This last parameter is introduced to correct for under-
segmentation. For each tissue, the optimal value of the parameters 6, depends on
the spatial and intensity model; these parameters are estimated in a cross-validation
experiment on the available atlases.

A max-flow algorithm is used to obtain the optimal cut [13] of the graph. The
graph cut segmentation is computed separately for each tissue and next all results are
combined to create a single multi-label image as described in [34].

4.2.5 Implementation details

Atlas and target images were registered using the opensource registration software
elastix [66]. A two-step registration was performed in a multiresolution fashion using
mutual information as similarity metric [115] and adaptive stochastic gradient descent
optimization [65] with 4000 random samples at each iteration. The first registration
step consisted of an affine registration which was done using four resolution levels with
500 iterations per level. The second step consisted of a free form deformation [100],
based on third order B-Spline polynomials. In this step, three resolution levels were
used and the number of iterations varied from the coarsest to the finest resolution
level (500, 1000 and 2000). These parameters were obtained after training on an
independent set of 11 T2w images acquired with the same protocol as the segmentation
dataset. Twenty two anatomical landmarks [35] were manually placed in the images
to assess the registration accuracy and therefore enable the selection of the best
parameters.

The intensity model was built by random sampling from the set of training images.
Five thousands foreground samples were selected randomly from the entire training
set for all tissues, except for the sclera (1500) and for the lenses (700) due to the small
volume of the these tissues. In all cases, the same number of samples was selected for



50 4 Tissue Segmentation of Head and Neck MR Images

background and foreground where the background region was defined as a band with
a width of 5 mm around the foreground.

4.3 Experiments

Three experiments were performed to optimize the method parameters and evaluate
its performance. The purpose of the first experiment was to evaluate which strategy
lead to the most accurate spatial priors. Six strategies were compared: local weighting
voting (LW) using 1) SSD, 2) NCC and 3) NMI as image similarity metric; joint
weighting voting (JW) using 4) SSD, 5) NCC and 6) NMI as image similarity metric.
For each strategy the local similarity patch radius r,, local search radius 7, and
scaling exponent 8 were optimized in a leave-one-out cross validation experiment.
A pre-defined set of parameters was used for all methods: 7, € {1,2,3,4} voxels;
rs € {0,1,2,3,4} voxels; 8 € {0.5,1,2,...,10}. The highest average generalized Dice
Similarity Coefficient [27] (see also Section 2.3.3) over all images calculated using
all tissues except cerebrum and cerebellum (DSCge,) was used to select the best
parameter set. These tissues were excluded since their volumes are much larger than
the volume of the other tissues, and thus would dominate the DSCge,. The DSC
measures the normalized overlap between two volumes and the DSCge,, extends the
measure to two sets of volumes. For each segmentation the DSCge,, was defined as:

2 SN G
DSCen = Z“—f“ﬁ (4.9)
ZlEL* Stu@

where G! is the ground truth segmentation of tissue I, S!is the automatic segmentation
and L* is the set of all tissue labels excluding cerebrum and cerebellum. Using the
optimal parameters, we evaluated the accuracy of the segmentation of each tissue by
DSC. For both tuning and evaluation the manual delineations from O1 were used.
The best method (using the best metric) was then selected as the one giving the best
overall accuracy in DSC. This method was then used as spatial prior in the graph cut
segmentation.

Given the optimal method for computing a spatial prior, the purpose of the second
experiment was to optimize the parameters A1, Ao, and « for the graph cut segmen-
tation. As in [34], this optimization was done in a leave-one-out cross validation
experiment consisting on an exhaustive search over a pre-defined set of parameters:
A1, A2 € {0.125,0.25,0.5,1,2,4,8} and « € {0.4,0.5}. The delineations of observer O1
were used in this experiment. Additionally, the optimal parameters using the MV to
compute the spatial prior were calculated.

The purpose of the third experiment was to evaluate the overall performance of the
combined methods. Specifically we verified the effectiveness of adding the intensity
model for the problem at hand, the influence of the spatial prior on the method
accuracy, and the accuracy of each method compared to the human observer ability
to consistently segment a certain tissue. For this, the optimal version of the methods
resulting from the previous two experiments was employed. The following methods
were thus compared:
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¢ multiatlas-based majority voting [51].
¢ multiatlas-based majority voting combined with intensity model (MV+IM) [34].
e best local/joint weighting atlas voting (LW/JW).

e best local/joint weighting atlas voting combined with intensity model
(LWIM/JWIM).

e interobserver agreement /variability (IOA/IOV).

For the evaluation the manually-generated label images from the three observers
were used as ground truth. The graph-cut method was applied three times using the
atlases from each of the observers to built the intensity models and the spatial priors,
in a leave-one-out cross-validation scenario. Then the three results were averaged for
each patient, to estimate the overall method accuracy. To have a complete quanti-
tative overview of the segmentation accuracy, two evaluation measures were used to
compare the segmented volumes: the DSC and the Mean Surface Distance (MSD) [29]
(for the definition of these measures see Section 2.3.3).

In the first and third experiment we performed pair-wise comparison between the
distribution of accuracies per patients. To assess whether a distribution was higher
or lower than another, significance was tested using a one-sided Wilcoxon signed rank
test. Significant difference was tested using a two-sided Wilcoxon signed rank test
(p<0.01).

4.4 Results

In the first experiment the parameters of LW and JW were optimized for each of the
three similarity metrics. Table 4.1 reports the leave-one-out optimal parameters for
LW and JW using all metrics.

Table 4.1. Optimal leave-one-out parameters for LW and JW;

Method Metric Patient r, 7 B
LW SSD 5/6 4 2 -2/-3
LW NCC, NMI All 4 2 10
JW SSD/NCC All 4 2 2/1
JW NMI 9/2 4 2 1/05

For LW, SSD provided a statistically significantly (p < 0.01) better accuracy than
both NCC and NMI for all tissue except the brainstem, myelum, left lens and humour.
NMI provided a statistically significantly (p < 0.01) better accuracy than NCC for
myleum, right sclera and lens, left sclera and generalized DSC. For all the other
tissues SSD never decreased the accuracy.

For JW, SSD provided a statistically significantly (p < 0.01) better accuracy than
NCC for the brainstem, CSF, and generalized DSC. SSD also provided more accurate
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results than NMI: a statistically significantly (p < 0.01) better accuracy was found
for cerebrum, CSF, right sclera and humour, left humour and generalized DSC. NCC
provided a statistically significantly (p < 0.01) better accuracy than NMI for cerebrum,
cerebellum, CSF, right sclera and humour, left humour and generalized DSC. For all
the other tissues the SSD never decreased the accuracy. Table 4.2 shows mean value
and standard deviation for all methods and all tissues.

Therefore JW using SSD, which will be referred simply as JW in the following,
was considered the most accurate method and thus it was used for the graph cut
segmentation.

The graph cut method was optimized two times: first using the spatial prior that
results from MV technique (MVIM) and second using the spatial prior that results
from JW based on SSD (JWIM). Table 4.1 lists the set of optimal parameters ; for
MVIM and JWIM, considering all patients (no leave-one-out). This parameter set is
suggested for an independent test image.

Figure 4.2 and 4.3 show the results of experiment 3. Figure 4.2 shows the distri-
bution of DSC over all patients for all tissues and the generalized DSC. Figure 4.3
shows the MSD over all patients, for all tissues and the average value over all tissues.
The distributions of DSC and MSD over the set of patients between different methods
were compared pairwise. The results of statistical analysis are shown in Figure 4.2
(top part) and 4.3(bottom part). In addition, we reported for the accuracy of each
method whether there is no statistically significant difference with IOA/IOV.

Figure 4.4 shows examples of segmentation of the same slice using all methods
compared in the third experiments for brain and eye tissues. The first two rows
exemplifies the added value in accuracy of using intensity modeling. In the last two
rows we show that is more sensitive to intensity variations in the image. In the
third row a case where the appearance of the sclera is not homogeneous and lead o a
segmentation error when using the intensity model. In the fourth row the intensity
inhomogeneity hamper the accuracy of all method, however joint fusion is more robust
to this artifact.

We calculated the computation times on a 2.3 GHz quad-core Intel processor,
with 12 GB of RAM, running a 64 bit Windows 7 operating system running multi-
threads implementations for registration and atlas fusion. The complete registration
procedure comprising rigid and non-rigid steps took on average 4 minutes per atlas.
The average MV computation time was 45 s/patient, and the average LW and JW
computation time was 86 min/patient. The average computation time for the graph
cut optimization was 10 min/patient for all tissues. Thus the average segmentation
time of a complete dataset considering registrations, JW (or LW), and the graph cut
was 136 min/patient.

4.5 Discussion

In this chapter we developed and evaluated a multiatlas segmentation method for
H&N MR images which combines local weighting multiatlas fusion with intensity
modeling using graph cuts. We evaluated which local weighting technique provides
the best spatial prior, and this technique was combined with intensity modeling using
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Table 4.3. Parameters optimization experiment. Optimal parameters consider-
ing all patients. Note that these parameters were not used for the evaluation but
should be used for new patients not included in the atlas set. Abbreviations: Par
= parameter; L. = Left; _R = Right.

Par CE CB BS CSF MY SCR EHR LER SCL EHL LEL
MVIM

A1 025 025 0125 0.25 1.00 8.00 4.00 8.00 8.00  4.00 1.00

A2 200 1.00 200 200 200 1.00 0.50 1.00 0.50 0.125 2.00

o 040 050 040 0.40 040 040 0.40 0.40 0.40  0.50 0.40
JWIM

A1 025 025 0.125 0.50 0.25 8.00 4.00 8.00 800 4.00 4.00

A2 4.00 4.00 4.00 4.00 8.00 1.00 1.00 4.00 2.0 0.50  4.00

o 040 040 040 0.40 040 0.40 0.40 0.40 040 040 0.40

graph cut. Next, accuracies of the various automatic methods were compared between
each other and with the interobserver agreement/variability of manual delineation.

The accuracy of the proposed method was high both in terms of DSC and of MSD
with a median DSC higher than 0.8 for all tissue except sclera, and a median MSD
lower than 1 mm for all tissues except the CSF. For all tissues excluding myelum
and CSF, the accuracy of the proposed method is approaching the interobserver
agreement/variability. The best local weighting technique was the joint weighting
approach using SSD as similarity metric and local patch search to account for reg-
istration errors. When a more accurate spatial prior was used, adding the intensity
model did not substantially improve or decrease the results. However, using the JWIM
method the segmentation are smoother than with JW and the computation costs are
only slightly increased. Thus the use of JWIM is suggested.

In the first experiment we evaluated which multiatlas fusion approach gave the
best spatial prior. We found that using JW a small but consistent improvement was
obtained. In addition the use of local path search (rs = 2 in all cases) consistently led
to the optimal fusion parameter. Our results are in-line with the original publication
proposing this approach and also demonstrate the validity of the method for other
similarity metrics, such as NCC and NMI. Although the improvement was small we
there was not difference in computation time between the regular and joint fusion
approach as observed by Wang et al. [130]. Thus the use of JW gave only advantages.
While the optimal patch radii and local search radii were stable over all methods, the
optimal 3 selection showed that for LW a more non-linear scaling of the similarity
metric than JW was needed for obtaining the best accuracy (note that for LW using
SSD f3 was negative). In LW a more non-linear scaling is equivalent to a more selective
weighting. In JW the weights are not directly dependent on the (scaled) similarity
metric, as the relationship between the (scaled) similarity metric of different atlases
is also considered in the calculation. Therefore for JW a selective weighting could be
obtained even with a less non-linear scaling of the similarity metrics.
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Figure 4.2. Comparison between the accuracy of the four methods and the in-
terobserver agreement (IOA) using DSC. The boxes of the boxplot report first and
third quartiles and median values. The whiskers report confidence intervals defined
as the most extreme data points (+ 1.5 times the inter-quartile range around the
box) not considered outliers (o). Above the boxplot, the results of the statistical
analysis are shown. To the left side of this table the two methods under compari-
son are specified. The symbols A and v indicate respectively that the distribution
of the second method is statistically significantly (p < 0.01) higher and lower than
of the first method. The symbols O indicate that there is no significant difference

(p < 0.01) between the corresponding distribution and the IOA.
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In the second experiment we optimized the parameters of the graph cut segmen-
tation method using both MV and JW, with the optimal parameters from the first
experiment, to compute the spatial priors. The leave-one-out parameters selection
was stable over patients for all tissues. In addition we found that a better spatial
prior model (from the JW) consistently led to a higher value (most often twice as
high) of A2, which could be expected since Ay is the relative weight between spatial
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Figure 4.3. Comparison between the accuracy of the four methodsand the interob-
server variability (IOV) using MSD. Below the boxplot, the results of the statistical
analysis are shown. All symbols have the same meaning as in Figure 4.2 with the
difference that we are now reporting the error and not the accuracy, thus lower
values are better in this case. For a boxplot, if a number is printed on the top of
the plot, it indicates how many outlier with a value higher than 5 mm were found
in that distribution.

prior model and intensity model.

In the third experiment, we evaluated four different approaches comparing them
to manual reference and to the interobserver agreement /variability. We found that by
using a more accurate spatial prior model, the addition of an intensity model became
less effective in improving the segmentation accuracy. Using the intensity model in
combination with a spatial prior built using MV led to a significant improvement in
DSC for all tissues and a slight decrease of accuracy (see MSD) only for the sclera
whereas the combination of intensity model (JWIM) and JW significantly improved
the accuracy only for the right lens in DSC. For some patients outliers can be observed
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a) Encephalon, MV b) Encephalon, MVIM C) Encephalon, JW

€) Right Eye, MV f) Right Eye, AB+IM g) Right Eye, AB h) Right Eye, AB+IM

Left Sclera, JW 1) Left Sclera, JWIM

m) Left Eye, MV ) Left Eye, MVIM O) Left Eye, JW P) Left Eye, JWIM

Figure 4.4. Examples of segmentations. Every row shows a comparisons between
MV (green), MVIM (red), JW (Cyan), JWIM (Magenta) and manual delineations
(yellow) for different tissues. JW and JWIM shows higher accuracy than the other
methods. In (b) and (d) the effect of regularization can be seen when comparing to
(a) and (c). The arrow in (1) show an example of a location where the appearance
of the sclera is not homogeneous.
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for the eye tissues both in DSC and MSD. This outlier are caused by signal inhomo-
geneity due to the use of surface coils (see the last row of Figure 4.4). An improved
inhomogeneity correction would prevent these inaccuracies. The MSD shows that
for the cerebellum and CSF the use of intensity model led to a small but significant
decrease of the segmentation accuracy. However, for the cerebellum this decrease
was within the range of IOV. Considering all methods, the worse accuracy for both
measures was found at the neck level for the myelum and CSF. This is probably due
to limitation of the acquisition coils, i.e. lower signal quality was found at the bottom
region of the images which led to intensity inhomogeneity and hampered the accu-
racy of both spatial prior and intensity model. A better acquisition would prevent
this effect. The proposed method, both with and without using the intensity model
provided a better accuracy than the MVIM which was previously used for HTP (see
Chapter 3). Visual inspection of the segmentation results confirmed that, whereas
the JWMI did not improve the accuracy with respect to JW, it provided smoother
segmentations, which are generally preferred (e.g. as shown in the first row of Figure
4.4).

The effect of segmentation accuracy on HTP quality was previously examined for
CT, in Chapter 3, and MR [126] images. In Chapter 3 it was shown that the effect on
treatment quality of using CT-based automatic segmentation was comparable with
using manual delineations, thus the method is being used in clinical practice. However
manual corrections are currently required for some of the eye tissues. In the second
study [126] the HTP quality obtained using patient model based on CT and MR was
compared to the HTP quality of patient models based on CT only. It was shown that
there was not difference between the quality of MR-based, and CT-based treatment
planning using manual delineations. Moreover in this study we reached an accuracy
very close to the interobserver agreement/variability such that manual correction
might be not required. Therefore, we conclude that the proposed method is ready to
be used used in clinic.

In conclusion we developed and evaluated a segmentation method to accurately
segment tissue in MR for HTP. We compared and evaluated local weighted voting
techniques and combination of the best of these techniques with intensity modeling
using graph cut. The proposed method provide a better accuracy than the method
currently in use for HTP. The proposed method has an accuracy very close to the
interobserver agreement/variability making the method suitable to replace manual
delineations in clinical practice.



CHAPTER FOUR

Automatic Tissue Segmentation of
Head and Neck MR Images for
Hyperthermia Treatment Planning

Strive for continuous improvement, instead of perfection.

— Kim CoLLINS (1976)

Abstract — We present here an automatic atlas-based segmentation algorithm for
MR images of the head and neck.

Our method combines multiatlas local weighting fusion with intensity modeling.
The accuracy of the method was evaluated using a leave-one-out cross validation
experiment over a set of 11 patients for which manual delineation were available.
The accuracy of the proposed method was high both in terms of Dice similarity
coefficient (DSC) and mean surface distance (MSD) with median DSC higher than
0.8 for all tissues except sclera and median MSD lower than 1 mm for all tissues
except the CSF compared to manual delineations. For all tissues, except the spine
tissues, the accuracy was approaching the interobserver agreement/variability both
in terms of DSC and MSD. The positive effect of adding the intensity modeling to
the multiatlas fusion decreased when a more accurate atlas fusion method was used.
Using the proposed approach we improved the performance of the approach pre-
viously presented for H&N hyperthermia treatment planning making the method
making the method suitable for clinical application.

Based upon: V Fortunati, R F Verhaart, J F Veenland, W J Niessen M M Paulides and T van Wal-
sum, ” Automatic Tissue Segmentation of Head and Neck MR Images for Hyperthermia Treatment
Planning.”, Major revision in Phys Med Biol.
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4.1 Introduction

mors between 39° C and 44° C. The effectiveness of radiotherapy (RT) and

chemotherapy is significantly enhanced when combined with HT [37,57, 124].
Phase III clinical studies show that hyperthermia is also effective in the head and
neck (H&N) region [54,55,121]. In response to these positive results, a site-specific
hyperthermia applicator was developed for precise HT of tumors in the entire H&N
region using electromagnetic fields. This device, called the HYPERcollar, enables
deep heating (> 4 cm under the skin) of H&N cancers [8,89,90]. Due to the limited
availability of temperature monitoring in-vivo, HT of H&N tumors requires accu-
rate treatment planning (HTP), based on 3D patient models that are derived from
segmented 3D images [127]. These segmentations are generally derived by manual
delineation of computed tomography (CT) images. However, it is well-known that
manual delineation is tedious, labour intense and prone to inter and intraobserver
variability. Thus automation of the segmentation process is highly desired. It has
been shown that, due to their superior soft tissue contrast, MR images provide better
delineation accuracy of target and normal tissues than CT images [2,45,96,117,126].
Hence, in this chapter we investigate the accuracy of MR based automatic segmen-
tation for some of the tissues needed for HTP. MR-based segmentation need to be
registered to the CT coordinate frame in order to obtain a geometrically accurate full
3D patient model [35,126].

Several methods have been developed in recent years to address the problem
of automatic segmentation of H&N CT images for generating anatomical models for
radiotherapy [39,48,95] treatment planning. The common aspect of all these methods
is that they are based on multiatlas segmentation approaches. In the field of HT
planning, we recently published a method to accurately segment all relevant tissue
in CT images [34] using atlases and intensity modeling. We also showed that the
use of this method leads to a HTP quality comparable to the quality obtained using
manually generated delineations [127].

The problem of automatic segmentation using atlases was extensively addressed
in the field of brain structure segmentation in MR images [3,6,101,122,130]. Whereas
majority voting, being a simple and straightforward way, has been frequently used
to combine atlas registration results, more recently multiple authors have shown that
local weighting atlas fusion techniques [6,101,130] increase the segmentation accu-
racy. In these approaches, segmentations from multiple atlases are combined using
local image similarity metrics to locally weigh the contribution of each segmentation.
Among these methods, the approach developed by Wang [130] ranked first in a recent
MICCALI grand challenge [75]. Due to the effectiveness of this method we decided to
combine local weighting multiatlas fusion with the approach we previously used for
CT images [34].

In this chapter, we developed and evaluated an automatic segmentation algo-
rithm for MR images of the head and neck; we used a graph cut method which
combines multiatlas-based segmentation, using atlas fusion, and intensity modeling.
The method combines the approach described earlier [34] with local weighting atlas
fusion [6,130]. The contribution of our work is twofold: 1) we developed an auto-

I ocal hyperthermia treatment (HT) consists of elevating the temperature of tu-
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matic segmentation method for head and neck MR images that integrates intensity
modeling into state-of-the art multiatlas fusion methods; 2) we evaluated various ver-
sions of our method on imaging data of 11 patients, and compared the results to the
interobserver variability of manual delineations.

4.2 Methods and materials

4.2.1 Image data and atlas

The data used in this chapter was collected from 11 patients with tumors in the H&N
region, which were representative for the patient-group eligible for HT. The location
of the tumors was the nasopharynx (3 patients) and the oropharynx (8 patients). The
data comprised axial, MR T2 weighted (T2w) images acquired on a 1.5 T scanner
(Optima MR450w, GE Healthcare, Waukesha, WI) with the following acquisition pa-
rameters: Fast Recovery Fast Spin Echo sequence with TE/TR 106.8/7060 ms; in
plane resolution of 0.49 mm (5 patients) and 0.68 mm (6 patients); slice thickness of
3 mm; out of plane field of view of 20 cm centered at the tumor location, yielding a
slightly different field of view for each patient. For 8 patients, images were acquired
in treatment position using a 6 channel surface coil while for the other 3 patients a
24 cnhannel H&N coil was used. The T2w images were corrected for intensity inho-
mogeneity: for the images acquired with surface coils, a built- in algorithm (Surface
Coil Intensity Correction) of the MR, scanner was used at the time of acquisition; for
the images acquired with H&N coils, the ITK-N4 method [118] was used as a post-
processing procedure. In order to compensate for the differences in intensities, all the
images were normalized [119]. This normalization involved matching all the intensity
histograms to the histogram of one randomly selected image. The code for this nor-
malization is in the ITK library (www.itk.org, itkHistogramMatchingImageFilter.h).
We used 256 bins for the histogram computation matching 128 histogram landmarks.

Three trained observers (O1, 02, O3) delineated the tissues in all images. We
included the tissues for which the dielectric and thermal properties are different from
those of the surrounding tissues. Additionally, tissue delineation had to be feasible
on T2w images. With these criteria, the tissues of interest were:

e Encephalon: cerebrum (CE); cerebellum (CB); brainstem (BS).
e Spinal cord: myelum (MY) and cerebro spinal fluid (CSF).
e Eye tissues: vitreous humor (EH); sclera (SC); lens (LE).

The optical nerve was excluded from this study even though it is relevant for HTP.
This was done because the optical nerve could not be consistently delineated on T2w
images.

4.2.2 Segmentation method

Our segmentation method combines locally weighted multiatlas fusion with voxel-
wise classification based on intensity values. Atlas based segmentation consists of the
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registration of a target image, with an unknown segmentation, to an atlas for which
the segmentation is known. The registration is used to estimate a segmentation by
spatially mapping the known segmentation to the target image. In multiatlas segmen-
tation this process is repeated for more than one atlas and an atlas fusion method is
used to combine the information of all atlases into a single optimal segmentation [98].

In our method, an atlas fusion method was used to determine a spatial probability
map for each tissue. The atlases, in the original coordinate frame, were further used to
estimate the intensity distribution of the tissues and their corresponding background
regions. This information was used in a graph-cut segmentation algorithm: the prob-
ability map was used as a spatial prior and the intensity distributions as an intensity
model. A regularization term was also used to ensure a smooth segmentation. Figure
4.1 shows a scheme of the segmentation method.

Images - Labels
Target

\ \ Y
Registrati Build
cgistration Histogram
Registered
v Images - Labels
Atlas Fusion
Method
Probability Map
Y  /  J
Neighborhood Spatial Prior Intensity
Model Model Model
Regularization Data
Term Term
\
- Graph -
Minimum Cut

i Segmentation ;

Figure 4.1. Scheme of the segmentation method for each tissue.

For details on how the intensity model was combined with the spatial probability
map we refer the reader to our previous work [34]. In the following we focus on



4.2 Methods and materials 47

the local weighting atlas fusion technique and its integration into our segmentation
framework.

4.2.3 Spatial probability map construction

To construct a spatial prior, first a set of J atlas images was non-rigidly registered
to the target image u. Using the registration results for each atlas j and each label
l we obtained the segmentation S]l-(m) and the registered images I;(m). Fusion was
performed with a local weighted voting technique [6,130]. In this method the label at
voxel location m was selected as the one with the highest vote S'(m), where S'(m)
is computed according to the rule:

R J
§'(m) = ;Wj(m)sé(m), (4.1)

where w;(m) is a weighting factor for the location m, which reflects the accuracy
of each single atlas segmentation, in the proximity of m. Thus the final vote was
calculated by weighting the contribution of each single atlas segmentation with respect
to their local segmentation quality.

The weights w;(m) for each location m and atlas j can be estimated using the
local image similarity between a patch of the target image Z, (N (m)) and a patch of
atlas j registered to the coordinate frame of the target image v and interpolated at
voxel location m, Z;(N(m)). The patch N'(m) was defined as a 3D cubical region
centered at m with width (in voxels) of 2r, + 1. We evaluated different similarity
metrics (STM) for local fusion: sum of squared differences (SSD), normalized cross-
correlation (NCC) and normalized mutual information (NMI). The weights w;(m)
were defined following the work of Artaechevarria et al. [6]:

wj(m) = SIM(Z,(N (m)), Z;(N (m)))", (4.2)

where [ is a factor which was positive for NCC and NMI, and negative for SSD in
order to make w a measure of similarity.

Two different advanced weighting techniques have been proposed to improve this
generic local weighting framework: 1) using a local search technique to decrease the ef-
fects of small registration error; 2) computing the final weight of each atlas considering
the joint image similarity between the target image and all atlases. Both approaches
were integrated into our method; we discuss them in the next two subsections.

4.2.3.1 Local search technique

The anatomical variability between the atlas and target image makes the registration
challenging and prone to errors. This error can be accounted for during atlas fusion
[101,130] by locally searching for the atlas image patch that has the best similarity
with the patch of the target image u. Next, the segmentation corresponding to the
most similar atlas image patch can be used in the modified voting rule:

R J
§'(m) = Z%Wj(m(m))sé(m(m))» (4.3)
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where 7;(m) is the location in the atlas j corresponding to the patch A that gives the
best match between atlas and target image in the local search region N; according to
the local search:

nj(m) = argmin IZ; (N (m")) = Zu (N (m)), (4.4)

Z;(N(m')) is the vector of intensities of the j-th atlas within the patch N centered
around m’ and Z,(N(m)) is the vector of intensities of the target image u within
the patch NV centered around m. The patch N;(m) is defined as a 3D cubical region
centered at m with width (in voxels) of 2r; + 1.

4.2.3.2 Joint weighted voting

Wang et al. [130] additionally introduced a weighting technique to estimate of the
final segmentation taking a possibly correlated error between atlas segmentations
into account. In this method the optimal weights are computed by minimizing the
total expectation of segmentation error. This expectation is expressed as a matrix
containing the joint probabilities of two atlases making a segmentation error at a
certain location. Similarly to the general local weighting method this probability is
approximated using an intensity similarity between a pair of atlases and the target
image in the neighborhood of each voxel. Let w,, = (wp(m),...,ws(m)) denote the
vector of weights. Following Wang et al. [130] the optimal weights are calculated as:

. (M,, +~vI)7'1,

Wy = o7 _ ’

1, (M, +~I)"11,

where 7 is a regularization term used to ensure a unique solution for the minimization

problem, 1, =[1;1;....;1] and I is the identity matrix. The weights in Equation 4.5

are normalized, i.e. ¥;wm(i) = 1. The matrix M contains the expected pairwise

joint label differences at each location m, which can be estimated using local image

similarity, i.e. SSD, NCC and NMI. NCC and the NMI need to be inverted in order

to represent an error measure. In case of SSD we defined the matrix M, according
to Wang et al. [130]. For the NCC based joint fusion the matrix was defined as:

M€ (i, 3) =
(V= NCO@ N ) LN )/ T- NCO@Nm) LN m)) - (46)

where i and j indicate the atlases, 8 is a positive scaling factor and the value one
is used to invert the NCC since NCC € [-1,1]. Similarly for the NMI based joint
fusion we have:

(4.5)

MM, ) =
(V3= NMI(Z.(N (m)), TN (m)y/3 = NMI(Z, (N (m)), Z;(N (m))))ﬁ , (A7)

with the same notation as 4.6. In this case we use the value three to invert the metric
since NMI € [1,2]. Following [130] for all the three metrics, the value of v was set
to approximatively 2% of the maximum value of the similarity metric i.e. 0.1 for SSD
and 0.05 for NMI and NCC.
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4.2.4 Graph cut segmentation

The multiatlas fusion methods provides a probability map p(f,,) for each tissue:

A2
I
ijj(nj(m));sa(m( ))w; (15 ( ))) ) (4.8)

Pi(fm) = (
where Ao is a weighting parameter. This probability map is used as spatial prior in
the data terms of the graph cut segmentation algorithm [14]. The other data term
used is the intensity model of the tissue which consisted of the intensity distributions
of the tissue and its corresponding background region. The intensity distributions is
built using the unregistered atlases by a Parzen-window histogram estimation [34].
The intensity model aims to correct for residual registration errors or systematic er-
ror in the output segmentation. Two user-defined parameters were used: the weight
parameter A; to weigh the contribution of the data terms with respect to the regu-
larization term and the parameter Ay to weigh the contribution of the spatial prior
term with respect to the intensity model term.

For each tissue [, the graph-cut segmentation depends on a vector of parameters
0, = (a, A1, \2), i.e. the data term weight A1, the spatial model weight Ay and the
foreground threshold « [34]. This last parameter is introduced to correct for under-
segmentation. For each tissue, the optimal value of the parameters 6, depends on
the spatial and intensity model; these parameters are estimated in a cross-validation
experiment on the available atlases.

A max-flow algorithm is used to obtain the optimal cut [13] of the graph. The
graph cut segmentation is computed separately for each tissue and next all results are
combined to create a single multi-label image as described in [34].

4.2.5 Implementation details

Atlas and target images were registered using the opensource registration software
elastix [66]. A two-step registration was performed in a multiresolution fashion using
mutual information as similarity metric [115] and adaptive stochastic gradient descent
optimization [65] with 4000 random samples at each iteration. The first registration
step consisted of an affine registration which was done using four resolution levels with
500 iterations per level. The second step consisted of a free form deformation [100],
based on third order B-Spline polynomials. In this step, three resolution levels were
used and the number of iterations varied from the coarsest to the finest resolution
level (500, 1000 and 2000). These parameters were obtained after training on an
independent set of 11 T2w images acquired with the same protocol as the segmentation
dataset. Twenty two anatomical landmarks [35] were manually placed in the images
to assess the registration accuracy and therefore enable the selection of the best
parameters.

The intensity model was built by random sampling from the set of training images.
Five thousands foreground samples were selected randomly from the entire training
set for all tissues, except for the sclera (1500) and for the lenses (700) due to the small
volume of the these tissues. In all cases, the same number of samples was selected for
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background and foreground where the background region was defined as a band with
a width of 5 mm around the foreground.

4.3 Experiments

Three experiments were performed to optimize the method parameters and evaluate
its performance. The purpose of the first experiment was to evaluate which strategy
lead to the most accurate spatial priors. Six strategies were compared: local weighting
voting (LW) using 1) SSD, 2) NCC and 3) NMI as image similarity metric; joint
weighting voting (JW) using 4) SSD, 5) NCC and 6) NMI as image similarity metric.
For each strategy the local similarity patch radius r,, local search radius 7, and
scaling exponent 8 were optimized in a leave-one-out cross validation experiment.
A pre-defined set of parameters was used for all methods: 7, € {1,2,3,4} voxels;
rs € {0,1,2,3,4} voxels; 8 € {0.5,1,2,...,10}. The highest average generalized Dice
Similarity Coefficient [27] (see also Section 2.3.3) over all images calculated using
all tissues except cerebrum and cerebellum (DSCge,) was used to select the best
parameter set. These tissues were excluded since their volumes are much larger than
the volume of the other tissues, and thus would dominate the DSCge,. The DSC
measures the normalized overlap between two volumes and the DSCge,, extends the
measure to two sets of volumes. For each segmentation the DSCge,, was defined as:

2 SN G
DSCen = Z“—f“ﬁ (4.9)
ZlEL* Stu@

where G! is the ground truth segmentation of tissue I, S!is the automatic segmentation
and L* is the set of all tissue labels excluding cerebrum and cerebellum. Using the
optimal parameters, we evaluated the accuracy of the segmentation of each tissue by
DSC. For both tuning and evaluation the manual delineations from O1 were used.
The best method (using the best metric) was then selected as the one giving the best
overall accuracy in DSC. This method was then used as spatial prior in the graph cut
segmentation.

Given the optimal method for computing a spatial prior, the purpose of the second
experiment was to optimize the parameters A1, Ao, and « for the graph cut segmen-
tation. As in [34], this optimization was done in a leave-one-out cross validation
experiment consisting on an exhaustive search over a pre-defined set of parameters:
A1, A2 € {0.125,0.25,0.5,1,2,4,8} and « € {0.4,0.5}. The delineations of observer O1
were used in this experiment. Additionally, the optimal parameters using the MV to
compute the spatial prior were calculated.

The purpose of the third experiment was to evaluate the overall performance of the
combined methods. Specifically we verified the effectiveness of adding the intensity
model for the problem at hand, the influence of the spatial prior on the method
accuracy, and the accuracy of each method compared to the human observer ability
to consistently segment a certain tissue. For this, the optimal version of the methods
resulting from the previous two experiments was employed. The following methods
were thus compared:
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¢ multiatlas-based majority voting [51].
¢ multiatlas-based majority voting combined with intensity model (MV+IM) [34].
e best local/joint weighting atlas voting (LW/JW).

e best local/joint weighting atlas voting combined with intensity model
(LWIM/JWIM).

e interobserver agreement /variability (IOA/IOV).

For the evaluation the manually-generated label images from the three observers
were used as ground truth. The graph-cut method was applied three times using the
atlases from each of the observers to built the intensity models and the spatial priors,
in a leave-one-out cross-validation scenario. Then the three results were averaged for
each patient, to estimate the overall method accuracy. To have a complete quanti-
tative overview of the segmentation accuracy, two evaluation measures were used to
compare the segmented volumes: the DSC and the Mean Surface Distance (MSD) [29]
(for the definition of these measures see Section 2.3.3).

In the first and third experiment we performed pair-wise comparison between the
distribution of accuracies per patients. To assess whether a distribution was higher
or lower than another, significance was tested using a one-sided Wilcoxon signed rank
test. Significant difference was tested using a two-sided Wilcoxon signed rank test
(p<0.01).

4.4 Results

In the first experiment the parameters of LW and JW were optimized for each of the
three similarity metrics. Table 4.1 reports the leave-one-out optimal parameters for
LW and JW using all metrics.

Table 4.1. Optimal leave-one-out parameters for LW and JW;

Method Metric Patient r, 7 B
LW SSD 5/6 4 2 -2/-3
LW NCC, NMI All 4 2 10
JW SSD/NCC All 4 2 2/1
JW NMI 9/2 4 2 1/05

For LW, SSD provided a statistically significantly (p < 0.01) better accuracy than
both NCC and NMI for all tissue except the brainstem, myelum, left lens and humour.
NMI provided a statistically significantly (p < 0.01) better accuracy than NCC for
myleum, right sclera and lens, left sclera and generalized DSC. For all the other
tissues SSD never decreased the accuracy.

For JW, SSD provided a statistically significantly (p < 0.01) better accuracy than
NCC for the brainstem, CSF, and generalized DSC. SSD also provided more accurate
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results than NMI: a statistically significantly (p < 0.01) better accuracy was found
for cerebrum, CSF, right sclera and humour, left humour and generalized DSC. NCC
provided a statistically significantly (p < 0.01) better accuracy than NMI for cerebrum,
cerebellum, CSF, right sclera and humour, left humour and generalized DSC. For all
the other tissues the SSD never decreased the accuracy. Table 4.2 shows mean value
and standard deviation for all methods and all tissues.

Therefore JW using SSD, which will be referred simply as JW in the following,
was considered the most accurate method and thus it was used for the graph cut
segmentation.

The graph cut method was optimized two times: first using the spatial prior that
results from MV technique (MVIM) and second using the spatial prior that results
from JW based on SSD (JWIM). Table 4.1 lists the set of optimal parameters ; for
MVIM and JWIM, considering all patients (no leave-one-out). This parameter set is
suggested for an independent test image.

Figure 4.2 and 4.3 show the results of experiment 3. Figure 4.2 shows the distri-
bution of DSC over all patients for all tissues and the generalized DSC. Figure 4.3
shows the MSD over all patients, for all tissues and the average value over all tissues.
The distributions of DSC and MSD over the set of patients between different methods
were compared pairwise. The results of statistical analysis are shown in Figure 4.2
(top part) and 4.3(bottom part). In addition, we reported for the accuracy of each
method whether there is no statistically significant difference with IOA/IOV.

Figure 4.4 shows examples of segmentation of the same slice using all methods
compared in the third experiments for brain and eye tissues. The first two rows
exemplifies the added value in accuracy of using intensity modeling. In the last two
rows we show that is more sensitive to intensity variations in the image. In the
third row a case where the appearance of the sclera is not homogeneous and lead o a
segmentation error when using the intensity model. In the fourth row the intensity
inhomogeneity hamper the accuracy of all method, however joint fusion is more robust
to this artifact.

We calculated the computation times on a 2.3 GHz quad-core Intel processor,
with 12 GB of RAM, running a 64 bit Windows 7 operating system running multi-
threads implementations for registration and atlas fusion. The complete registration
procedure comprising rigid and non-rigid steps took on average 4 minutes per atlas.
The average MV computation time was 45 s/patient, and the average LW and JW
computation time was 86 min/patient. The average computation time for the graph
cut optimization was 10 min/patient for all tissues. Thus the average segmentation
time of a complete dataset considering registrations, JW (or LW), and the graph cut
was 136 min/patient.

4.5 Discussion

In this chapter we developed and evaluated a multiatlas segmentation method for
H&N MR images which combines local weighting multiatlas fusion with intensity
modeling using graph cuts. We evaluated which local weighting technique provides
the best spatial prior, and this technique was combined with intensity modeling using



53

4.5 Discussion

(820°0)188°0  .(820°0)088°0 ,(220°0)S88°0 (820°0)8.8°0  «(920°0)988°0  +.(220°0)788°0 oy
(810°0)256'0  (020°0)156'0 . (110°0)6S6°0 (920°0)8¥6°0 ~ (I10°0)6%6°0  (800°0)096°0 T mowmny
(¥21°0)228'0  (612°0).8L°0  (980°0)2¥8°0  (292°0)292°0 = (090°0)2680  (250°0)658°0 Tsue]
(950°0)029°0  .(250°0)199°0  (270°0)089°0  (290°0)€59°0 ~ (970°0)089°0  .(I70°0)I890 T ®I0PS
(¢10°0)556'0  (L10°0)556'0 . (¥10°0)096°0 (130°0)€56°0 = +(310:0)096°0  +(#10°0)096'0 H moumy
(060°0)€98°0 . (21T°0)1¥80  (120°0)g98°0  (681°0)€18°0 = (050°0)928'0  +(2F0°0)288°0 U suo]
(£20°0)229'0  .(SL0°0)599°0 ,(¥90°0)989°0 (220000990 = +(650°0)289°0  +.(2F0°0)€69°0 Y e1PS
(200)1T8°0  .(920°0)908°0 ,(220°0)2T8°0 (920°0)€08°0 = +.(220°0)088°0 +.(S20°0)818°0 ASD
(911°0)2e8°0  (€1T°0)¥58°0  (960°0)098°0  (TTT°0)¥¢8°0  (160°0)€98°0 (960°0)858°0 wnPATN
(z100)¥7e6'0  (c10°0)¥e6'0  (210°0)e€6'0  (€10°0)€€6'0 « «(TT0'0)7€6°0  (I10°0)€E6°0 = wojsureryg
(€10°0)e¥60  (F10°0)ev60  (FT0°0)FF6°0 (S10°0)2760 = (FI00)SHE0  +.(€10°0)SH6'0 wm{pqa1)
(210°0)896'0  (210°0)896'0 . (110°0)696°0 (£100)296'0 = +(010°0)1L6'0  +.(600°0)1L6°0 wnigaio)
INN - M INN - MT DON - M[ DON - MT ass - mr ass - M1 at

“UOTINQLIISIP poygeul pPased-TINN ‘M[ 10 AT ‘duspuodseriod ay) ury) I931eq A[juedoyrusis
A[[eO1)S1IR)S Sem UOIINLIJSIP B ISYIOYM S9)RIIPUL + [OQUIAS oY, "UOIINQLIISIP poyswl paseq-DON ‘M[ 10 AVT ‘yuspuodseiiod
oy} uey) IoYSIY A[JueOYIuUSIS A[[ROIISIIRIS SeM UOTINJLIISIP B JOUIOUYM SOJROIPUI » [OQUIAS oY, 'P[oq Ul pojurid olom ‘A\[ pue
AT wamjaq ‘uonnqrsip (1070 > d) I0ySiy jueoyrusdis A[[ed1)sipe)s oy ], ‘WN[ACRISd PUR WNIQAILD JNOYIM HQ(] Pozi[elouss —=
uer) USILI = Y {90 = :SuolpeIAeIqqy ‘(UOIJRIASD pIRpUR)S) URoW Q] SUISN pajenjesd A\ Pue A\T Jo £ovInOOy °Z'F O[qel,



54 4 Tissue Segmentation of Head and Neck MR Images

Table 4.3. Parameters optimization experiment. Optimal parameters consider-
ing all patients. Note that these parameters were not used for the evaluation but
should be used for new patients not included in the atlas set. Abbreviations: Par
= parameter; L. = Left; _R = Right.

Par CE CB BS CSF MY SCR EHR LER SCL EHL LEL
MVIM

A1 025 025 0125 0.25 1.00 8.00 4.00 8.00 8.00  4.00 1.00

A2 200 1.00 200 200 200 1.00 0.50 1.00 0.50 0.125 2.00

o 040 050 040 0.40 040 040 0.40 0.40 0.40  0.50 0.40
JWIM

A1 025 025 0.125 0.50 0.25 8.00 4.00 8.00 800 4.00 4.00

A2 4.00 4.00 4.00 4.00 8.00 1.00 1.00 4.00 2.0 0.50  4.00

o 040 040 040 0.40 040 0.40 0.40 0.40 040 040 0.40

graph cut. Next, accuracies of the various automatic methods were compared between
each other and with the interobserver agreement/variability of manual delineation.

The accuracy of the proposed method was high both in terms of DSC and of MSD
with a median DSC higher than 0.8 for all tissue except sclera, and a median MSD
lower than 1 mm for all tissues except the CSF. For all tissues excluding myelum
and CSF, the accuracy of the proposed method is approaching the interobserver
agreement/variability. The best local weighting technique was the joint weighting
approach using SSD as similarity metric and local patch search to account for reg-
istration errors. When a more accurate spatial prior was used, adding the intensity
model did not substantially improve or decrease the results. However, using the JWIM
method the segmentation are smoother than with JW and the computation costs are
only slightly increased. Thus the use of JWIM is suggested.

In the first experiment we evaluated which multiatlas fusion approach gave the
best spatial prior. We found that using JW a small but consistent improvement was
obtained. In addition the use of local path search (rs = 2 in all cases) consistently led
to the optimal fusion parameter. Our results are in-line with the original publication
proposing this approach and also demonstrate the validity of the method for other
similarity metrics, such as NCC and NMI. Although the improvement was small we
there was not difference in computation time between the regular and joint fusion
approach as observed by Wang et al. [130]. Thus the use of JW gave only advantages.
While the optimal patch radii and local search radii were stable over all methods, the
optimal 3 selection showed that for LW a more non-linear scaling of the similarity
metric than JW was needed for obtaining the best accuracy (note that for LW using
SSD f3 was negative). In LW a more non-linear scaling is equivalent to a more selective
weighting. In JW the weights are not directly dependent on the (scaled) similarity
metric, as the relationship between the (scaled) similarity metric of different atlases
is also considered in the calculation. Therefore for JW a selective weighting could be
obtained even with a less non-linear scaling of the similarity metrics.
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Figure 4.2. Comparison between the accuracy of the four methods and the in-
terobserver agreement (IOA) using DSC. The boxes of the boxplot report first and
third quartiles and median values. The whiskers report confidence intervals defined
as the most extreme data points (+ 1.5 times the inter-quartile range around the
box) not considered outliers (o). Above the boxplot, the results of the statistical
analysis are shown. To the left side of this table the two methods under compari-
son are specified. The symbols A and v indicate respectively that the distribution
of the second method is statistically significantly (p < 0.01) higher and lower than
of the first method. The symbols O indicate that there is no significant difference

(p < 0.01) between the corresponding distribution and the IOA.
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In the second experiment we optimized the parameters of the graph cut segmen-
tation method using both MV and JW, with the optimal parameters from the first
experiment, to compute the spatial priors. The leave-one-out parameters selection
was stable over patients for all tissues. In addition we found that a better spatial
prior model (from the JW) consistently led to a higher value (most often twice as
high) of A2, which could be expected since Ay is the relative weight between spatial
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Figure 4.3. Comparison between the accuracy of the four methodsand the interob-
server variability (IOV) using MSD. Below the boxplot, the results of the statistical
analysis are shown. All symbols have the same meaning as in Figure 4.2 with the
difference that we are now reporting the error and not the accuracy, thus lower
values are better in this case. For a boxplot, if a number is printed on the top of
the plot, it indicates how many outlier with a value higher than 5 mm were found
in that distribution.

prior model and intensity model.

In the third experiment, we evaluated four different approaches comparing them
to manual reference and to the interobserver agreement /variability. We found that by
using a more accurate spatial prior model, the addition of an intensity model became
less effective in improving the segmentation accuracy. Using the intensity model in
combination with a spatial prior built using MV led to a significant improvement in
DSC for all tissues and a slight decrease of accuracy (see MSD) only for the sclera
whereas the combination of intensity model (JWIM) and JW significantly improved
the accuracy only for the right lens in DSC. For some patients outliers can be observed
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a) Encephalon, MV b) Encephalon, MVIM C) Encephalon, JW

€) Right Eye, MV f) Right Eye, AB+IM g) Right Eye, AB h) Right Eye, AB+IM

Left Sclera, JW 1) Left Sclera, JWIM

m) Left Eye, MV ) Left Eye, MVIM O) Left Eye, JW P) Left Eye, JWIM

Figure 4.4. Examples of segmentations. Every row shows a comparisons between
MV (green), MVIM (red), JW (Cyan), JWIM (Magenta) and manual delineations
(yellow) for different tissues. JW and JWIM shows higher accuracy than the other
methods. In (b) and (d) the effect of regularization can be seen when comparing to
(a) and (c). The arrow in (1) show an example of a location where the appearance
of the sclera is not homogeneous.
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for the eye tissues both in DSC and MSD. This outlier are caused by signal inhomo-
geneity due to the use of surface coils (see the last row of Figure 4.4). An improved
inhomogeneity correction would prevent these inaccuracies. The MSD shows that
for the cerebellum and CSF the use of intensity model led to a small but significant
decrease of the segmentation accuracy. However, for the cerebellum this decrease
was within the range of IOV. Considering all methods, the worse accuracy for both
measures was found at the neck level for the myelum and CSF. This is probably due
to limitation of the acquisition coils, i.e. lower signal quality was found at the bottom
region of the images which led to intensity inhomogeneity and hampered the accu-
racy of both spatial prior and intensity model. A better acquisition would prevent
this effect. The proposed method, both with and without using the intensity model
provided a better accuracy than the MVIM which was previously used for HTP (see
Chapter 3). Visual inspection of the segmentation results confirmed that, whereas
the JWMI did not improve the accuracy with respect to JW, it provided smoother
segmentations, which are generally preferred (e.g. as shown in the first row of Figure
4.4).

The effect of segmentation accuracy on HTP quality was previously examined for
CT, in Chapter 3, and MR [126] images. In Chapter 3 it was shown that the effect on
treatment quality of using CT-based automatic segmentation was comparable with
using manual delineations, thus the method is being used in clinical practice. However
manual corrections are currently required for some of the eye tissues. In the second
study [126] the HTP quality obtained using patient model based on CT and MR was
compared to the HTP quality of patient models based on CT only. It was shown that
there was not difference between the quality of MR-based, and CT-based treatment
planning using manual delineations. Moreover in this study we reached an accuracy
very close to the interobserver agreement/variability such that manual correction
might be not required. Therefore, we conclude that the proposed method is ready to
be used used in clinic.

In conclusion we developed and evaluated a segmentation method to accurately
segment tissue in MR for HTP. We compared and evaluated local weighted voting
techniques and combination of the best of these techniques with intensity modeling
using graph cut. The proposed method provide a better accuracy than the method
currently in use for HTP. The proposed method has an accuracy very close to the
interobserver agreement/variability making the method suitable to replace manual
delineations in clinical practice.



CHAPTER FIVE

Feasibility of Multi-modal
Deformable Registration for Head
and Neck Tumor Treatment
Planning

Measure what is measurable, and make measurable what is not
s0.

— GALILEO GALILEI (1564 1642 A.C.)

Abstract — Purpose: To investigate the feasibility of using deformable registration
in clinical practice to fuse MR and CT images of the H&N for treatment planning.
Method and Materials: A state-of-the-art deformable registration algorithm was op-
timized, evaluated, and compared with rigid registration. The evaluation was based
on manually annotated anatomical landmarks and regions of interest (ROIs) in both
modalities. We also developed a multiparametric registration approach, which si-
multaneously aligns T1- and T2-weighted MR sequences to CT. This was evaluated
and compared with single-parametric approaches.

Results: Our results show that deformable registration yielded a better accuracy
than rigid registration, without introducing unrealistic deformations. The registra-
tion error was lower than the voxel resolution for landmarks-based (median error
around 1.6 mm) and ROIs-based evaluation (mean surface distance of approximately
1 mm for all the ROIs excluding the cerebellum). Similar accuracies were obtained
for the single and multiparametric approaches.

Conclusions: This study demonstrates that deformable registration of H&N CT and
MR images is feasible with a registration error lower than the voxel size.

V Fortunati, R F Verhaart, F Angeloni, A van der Lugt, W J Niessen, J F Veenland, M M
Paulides and T van Walsum, ” Feasibility of multi-modal deformable registration for head and neck
tumor treatment planning”, Int J Radiat Oncol Biol Phys, vol. 90, no. 1 pp. 85-93, Sep. 2014.
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5.1 Introduction

Radiotherapy and hyperthermia treatment planning (RTP and HTP) in the Head
and Neck (H&N) region require tissue delineation. This is generally performed on
Computed Tomography (CT) images [31,89]. The superior tissue contrast of Magnetic
Resonance (MR) images with respect to CT allows improved delineation of target and
normal tissues [2,45,96]. CT images still play an important role in treatment planning
because they are geometrically accurate and provide electron density information. To
exploit the advantages of both CT and MR, the images must be spatially aligned.
Because the CT geometry is highly accurate, the MR images needs to be aligned to
CT.

Current practice involves rigid registration which requires patient immobilization
equipment to limit the deformation between MR and CT scanning sessions. Moreover,
geometrical distortion correction algorithms are generally applied to the MR images
to enable an accurate alignment with CT using rigid registration only [17,96, 133].
A quantitative evaluation of the achievable alignment accuracy was performed on
phantom images [84,86] as well as on patient data [133]. Imperfections of immobi-
lization equipment and inaccurate geometrical distortion correction [17] lead to the
presence of non-rigid deformation between CT and MR images. These problems can
be addressed by using deformable registration eliminating the need for geometrical
distortion correction.

Deformable intra-patient registration between CT and MR images was evaluated
for several applications in different anatomical regions [15] and in H&N [28,76]. In
both H&N studies no immobilization equipment was used and the evaluation set-
up was limited: in the first study [28] the alignment of four patients was evaluated
using unspecified anatomical landmarks; in the second study [76] the registration
parameters were optimized with respect to the best accuracy obtained over the entire
dataset of 12 patients.

The purpose of this study is to investigate the feasibility of deformable registration
to fuse MR and CT images of the H&N for RTP and HTP. We optimized and evaluated
the optimal settings for a state-of-the-art deformable registration using anatomical
landmarks and regions of interest (ROIs). Additionally, a multiparametric registration
approach was evaluated and compared with single-parametric approaches. For all
approaches we compared rigid and deformable registration results.

5.2 Methods and materials

5.2.1 Data

Twelve axial CT (11 contrast-enhanced), and T1-weighted (T1w) and T2-weighted
(T2w) MR images of patients with a H&N tumor were acquired for RTP and HTP.
For both modalities, the patient was put in treatment position using a patient-specific
immobilization mask and headrest during the acquisition. CT images were acquired
using a Siemens scanner (Somatom Sensation Open, Siemens AG, Erlangen, Ger-
many), with a voxel size of 0.98 x 0.98 x 2.50 mm?, acquisition matrix of 512 x 512,
tube voltage of 120 kV, and current-time product of 150 mAs.
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Table 5.1. Sequence specifics. Abbreviations Seq. = sequence; TE = Echo Time;
TR = Repetition Time; Matrix = acquisition matrix; Angle = Flip Angle

Seq. TE[ms] TR[ms] Matrix  Angle[°]
Tlw 10.2 465 384 x 224 90
T2w  106.6 7060 384 x 224 90

The MR images were acquired on a 1.5 T GE scanner (Optima MR450w, GE
Healthcare, Waukesha, WI) using 6 channel surface coils. Eleven out of twelve MR
images had a voxel size of 0.68x0.68x3.00 mm?® and the twelfth image had a voxel size
of 0.49x0.49x3.00 mm?3. MR sequence parameters are provided in the Table 5.1. The
out-of-plane field of view (FOV) was 20 cm centered at the tumor location, yielding
a slightly different FOV for each patient. T1w and T2w images were both corrected
for intensity inhomogeneity: T1w images were corrected using the N3 method [106],
and T2w images using the built in algorithm (Surface Coil Intensity Correction) of
the MR scanner.

Twenty-one corresponding anatomical landmarks were placed by an expert (F.A.)
on CT, Tlw, and T2w images. Figure 5.1 shows the the description and anatomical
location of the landmarks. Due to differences between the images, not all landmarks
could be placed in all patients. The landmarks were annotated twice by the same rater
in order to estimate the intraobserver variability. For eight patients, regions of inter-
est (ROIs) were annotated by a trained medical radiation technologist in CT, T1w,
and T2w images. These regions are: cerebrum, cerebellum, brainstem, spinal cord,
eyeballs, lenses, parotid and submandibular glands For one patient the submandibular
glands could not be identified.

5.2.2 Registration method

The MR (T1w and T2w) sequences were aligned with the CT image, and the accuracy
of the alignment was quantitatively evaluated. Registration was applied in 3 steps.
First an initial alignment was determined by automatic detection of a landmark in the
neck (Section 2.2.2.2). Next a rigid registration followed by a deformable registration
was performed.

For rigid and deformable registrations we used the opensource software Elastix
[66]. For deformable registration we chose a state-of-the-art algorithm [100] optimizing
only the most important parameters to minimize the dependency of our results on
parameter selection. This algorithm was chosen because of its good performance in
the H&N region [76] and in other anatomic sites [64,67,110] and its free availability in
the Elastix opensource software [66]. This method showed top-ranking performance
in a comparative study for multi-modality interpatient brain images [64] and for lungs
intrapatient intramodality CT images registration [110].

The main difference between the original B-Spline registration method [100] and
its Elastix implementation is the use of an adaptive stochastic gradient descent op-
timization [65]. In this approach a set of randomly selected samples is used at each
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(b) Coronal view

(c) Sagittal view

Figure 5.1. Distribution of the anatomical landmarks: 0-5 = Mid point of the
inferior endplate along the posterior vertebral margin, from C7 to C2; 6 = Tip of the
odontoid process; 7 = Mental protuberance; 8 = External occipital protuberance;
9 = Spina nasalis anterior; 10 = Intersection of the vertebral arteries; 11-12 = The
right and left internal carotid artery at the passage through the carotid canal; 13-
14 = Emergence of the right and left optical nerve; 15 = Midpoint of the anterior
surface of the hyoid bone; 16-18 = Mid point of the inferior end-plate along the
anterior vertebral margin, from C4 to C2; 19-20 = Midpoint of the medial surface
of right and left mandibular condyle.

iteration to calculate the similarity measure and to estimate the derivative and the
step size for the gradient descent optimization, making the optimization procedure
adaptive. The stopping criterion for this algorithm is the maximum number of iter-
ations. This and the number of random samples were chosen to be sufficiently high
to guarantee registration convergence. Both rigid and deformable registration steps
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were done in a multiresolution framework using mutual information (MI) as a simi-
larity measure [78,111,115]. The deformation field in the deformable registration step
was modeled with cubic B-Spline polynomials [120]. The number of B-Spline control
points used during the registration determines the amount of deformation allowed
during the registration. A uniform control-point grid was used for each resolution
level: given the finest resolution grid spacing, for each coarser resolution the grid
spacing was 2 times larger. A Gaussian pyramid was used taking into account the
anisotropy of the images. The smoothing along the z-direction was set two times lower
than the smoothing in the other directions, i.e. the smoothing sigmas were chosen as
Ozy =4,2,1 voxels and o, = 2,1,1 voxels. The mutual information similarity metric
was calculated using 32 bins. The number of bins was selected following the elastix
manual and a previous study [67]. The stopping criterion for the optimization algo-
rithm is the maximum number of iterations which was set to 500 for rigid registration
and to 1000 for deformable registration. We used 4000 voxels, randomly sampled
for each iteration of the optimization. During registration, fixed and moving image
masks were used to exclude background voxels from the registration. These masks
were calculated automatically from MR and CT images using intensity thresholding,
connected component analysis, and binary morphology operations. The parameters
not listed above were set as default by Elastix.

Next to CT-T1w and CT-T2w registration, we investigated the use of both se-
quences simultaneously to obtain the alignment with CT. This multiparametric ap-
proach used a combined similarity measure defined as the weighted average of the
single-parametric similarity measure, that is,

NMI(CT, T1w, T2w) = w - NMI(CT,T2w) + (1 -w) - NMI(CT,T1w)  (5.1)

where w € [0,1] is a parameter that weighs the contributions from T2w and T1w.

5.2.3 Parameter optimization

Leave-one-out parameter optimization was performed for both rigid and deformable
registration: the optimal parameters for each registration approach were found for
each patient independently using images of all the other patients. Therefore, the op-
timal parameters chosen were independent of the particular set of images on which the
registration was evaluated, and the performance was not overestimated with respect
to our dataset.

The parameter optimization consisted of an exhaustive search over a predefined
set of parameters. To account for possible interdependencies between parameters, we
evaluated all possible combinations. For the rigid registration the parameters to be
optimized were the number of resolution levels (2 or 3) and the multiparametric weight
u. For the deformable registration the parameters were the number of resolution levels
(2 or 3), the B-Spline controlpoint grid spacing at finest resolution (from 15 to 115 mm
in steps of 5 mm), and the multiparametric weight u. For both rigid and deformable
cases we evaluated 7 values for w = {0,0.17,0.33,0.50,0.67,0.83,1}. For each patient,
the optimal parameters were chosen to give the minimum average Euclidean landmark
distance over all the other patients. The optimization criterion for rigid registration
was the average (over all other patients) of the median (over all landmarks in a patient)
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Euclidean distance between original and transformed landmarks. The median was
used because it is less influenced by possible outliers. For an optimal alignment, we
thus allow for misalignment of a small set of point because of non-rigid anatomical
differences. For the deformable registration we used the average Euclidean distance
over all landmarks in a patient, instead of the median, to estimate the alignment error
for each patient. In contrast to the rigid case we aim to register all points well, and
thus we also take potential outliers into account.

5.2.4 Registration evaluation

The MR to CT images were registered with the single and multiparametric regis-
tration, using parameter settings as obtained from the parameter optimization. The
registration convergence was assessed for all the approaches. As explained in Sec-
tion 5.2.2 the similarity metric which is optimized during the registration was an
approximation of the similarity metric over the complete image, computed using a
limited number of randomly sampled voxels [65]. This approximated measure cannot
be used as an absolute similarity measure between the images and so cannot be used
to check the registration convergence. Thus, in order to analyze the registration con-
vergence we calculated the absolute similarity metric, using the complete image, for
each iteration of the registration.

The accuracy of registration was measured using (1) the Euclidean distance be-
tween original and registered landmarks; and (2) the correspondence between original
and registered ROIs. In addition, we calculated the determinant of the spatial Jaco-
bian det|J| of the deformation resulting from deformable registration. The value of
det|J| identifies the amount of local compression (det|J| < 1) or expansion (det|J| > 1)
after registration. Realistic deformations are characterized by a conservation of the
volume, so by values of det|J| close to 1.

The Euclidean distance between original (MR) and transformed (CT) landmarks
was calculated for each scheme. All schemes were compared with each other. The
landmarks were grouped with respect to anatomy in 4 groups: vertebrae, bones,
arteries, and optical nerves (Figure 5.2.1). Next, using the results of the registration,
we deformed the MR ROIs to CT space. This was done for each of the 8 patients for
whom these regions were available. To quantify the correspondence between ROIs,
and thus the registration accuracy, we used Dice similarity (DSC) [27], 3-dimensional
Mean Surface Distance (MSD) [29],, and 3-dimensional Hausdorff surface distance
(HSD) [56] between the regions in CT and the regions deformed from MR to CT. For
the definition of these measures see Section 2.3.3.

5.2.5 Statistical analysis

A two-sided Wilcoxon signed rank test (p < 0.01 or p < 0.05) was used to test significant
differences between evaluation measures.
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5.3 Results

5.3.1 Parameter optimization

In the parameter optimization experiments, we observed a low variation of registration
accuracy when varying the multiparametric weight w (0.1 mm) and the B-Spline
control-point grid spacing (0.1 mm around the optimal value). Figure 5.2 (A) shows
the variation of rigid and deformable registration accuracy with respect to w, averaged
over all the patients. Registration accuracy is measured using the metric used for
parameter optimization, as described above. For all the approaches, Figure 5.2 (B)
shows the accuracy variation with respect the control-point grid spacing at the finest
resolution. The other registration parameters are fixed as in the optimal case. The
optimal values of control-point grid spacing were 60 mm for CT-T1w, and 85 mm for
CT-T2w and the multiparametric approach.
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Figure 5.2. (A) Registration accuracy averaged over all patients, as function of
multiparametric weight. (B) Registration accuracy averaged over all patients, as
function of control point grid spacing. Abbreviations MP = multiparametric regis-
tration.

Table 5.2 shows the optimal settings per patient, for each registration scheme.
The parameters that offered the lower Euclidean distance over the entire cohort are
printed in bold. These parameters can be used for a new scan. Table 5.2 shows a
minor variation of optimal parameter over patients.

5.3.2 Registration convergence

For each patient and each scheme the registration was executed calculating the MI
(as defined in [115]) using all samples of the patient body. For the multiparametric
approach, the variation of MI over all registration iterations is shown in Figure 5.3,
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Table 5.2. Optimal parameter settings resulting from the leave-one-out optimiza-
tion. The optimal settings considering the entire cohort are printed in bold. Abbre-
viations Levels = number of resolution levels; Grid = B-Spline control point grid
spacing at finest resolution

Registration scheme Patient ID Levels Gridmm] w

Rigid registration
Tiw 1-12 3 - -
T2w 1-12 3 - -
Tiw+T2w 1-2,4-12 2 - 0.17
Tlw+T2w 3 3 - 0.5

Deformable registration
Tiw 1-3,5,10 2 60 -
Tlw 6 3 85 -
Tlw 4,7-9,11-12 3 70 -
T2w 1-12 2 85 -
Tiw+T2w 1-8,10,12 2 85 0.67
Tiw+T2w 9 2 70 0.67
Tlw+T2w 11 3 85 0.67

for the rigid registration, and in Figure 5.4, for the deformable registration. A similar
behavior was observed for the CT-T1w and CT-T2w registration scheme. From the
figures it is clear that the registration converged for all patients. Since for the rigid
registration the convergence was reached before the 100th iteration the maximum
number of iteration could be lowered.

5.3.3 Landmark-based registration evaluation

Registration accuracy, with optimal parameters, was evaluated using the Euclidean
distance between MR landmarks (placed in T1lw or T2w) and CT landmarks. The
intraobserver error in landmarks placement was compared with the registration er-
ror. Figure 5.5 A shows the distance distribution of all the landmarks for the various
registration approaches. In all cases, deformable registration resulted in FEuclidean
distances statistically significantly lower than when using rigid registration. No sta-
tistical difference was found between the registration error obtained using multipa-
rameteric and single-parametric approaches. For all approaches, the distribution of
the intraobserver error and of the initial alignment of T1w and T2 was statistically
significantly lower (p < 0.01) than the registration error.

Table 5.3 shows the results for all the registration schemes. A median landmark
alignment of approximatively 1.7 mm was obtained. The median difference between
the landmark distance of rigid and deformable registration (not shown in the figures)
was 0.39 mm for CT-T1w registration, 0.43 mm for CT-T2w, and 0.45 mm for the
multiparametric case. The statistics of det|J| were computed excluding the back-
ground voxels. These values show an overall volume conservation for all registration
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Figure 5.3. Mutual information variation over all iterations for rigid multipara-
metric registration. The result is shown for the second (finest) resolution level which
is more effective during registration in capturing the image characteristics during
rigid registration.

approaches. Figure 5.5 shows the distance distribution of multiparametric registration
for each landmark group. For vertebrae, bones, and optical nerves, the deformable
registration resulted in distribution of Euclidean distances statistically significantly
lower than obtained with rigid registration.

The distribution of Euclidean distances over patients and anatomical landmarks
is shown in Tables 5.4 and 5.5, respectively for multiparametric rigid and deformable
registration. The legend and spatial location of the landmarks is reported in 5.1. Some
landmarks are missing because they are not included in the FOV (vertebra landmarks
0 and 1, optical nerve landmarks 10 and 11) or because the lack of contrast in CT
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Figure 5.4. Mutual information variation over all iterations for deformable multi-
parametric registration. The result is shown for the finest resolution level.

(artery landmarks 11,12 and 13).

Figure 5.5 and Tables 5.4 and 5.5 show that outliers of considerable magnitude
were still present after deformable registration. These outliers did not correspond
to a particular landmark location or a particular subject. We found similar average
values and standard deviations over different landmarks that indicates a spatially
uniform error. The only exception was the hyoid bone, for which outliers were found
for 6 patients consistently in both rigid and deformable registration. The hyoid was
difficult to position for some patients and its position can change considerably between
different scans. Thus, for some patients an higher error was obtained.

With deformable registration vertebrae could be aligned better than when using
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Figure 5.5. (A) Distribution of the distance for all the landmarks after registra-
tion. (B) Distribution of the distance for landmark groups for the multiparamet-
ric registration. Abbreviations Intra = variability in landmarks placement; Initial
= alignment without registration; MP = multiparametric. Asterisks () indicate
which distribution is statistically significantly lower (p < 0.01) for each group. Dou-
ble asterisks (x*) indicate that the distribution is statistically significantly lower
(p <0.01) than all the rigid and deformable distance distributions. The dotted hori-
zontal line indicates the largest voxel size. The boxes of the boxplots report first and
third quartiles and median values. Whiskers report confidence intervals, which are
defined as the most extreme data points (-1.5 times the interquartile range around
the box) not considered outliers (open circles o)).

Table 5.3. Results of the landmarks-based evaluation. Abbreviations AV = Average
value; SD = standard deviation; MD = Median value; IQR = inter quartile range;
Min = minimum value; Max = maximum value.

Landmark distance Spatial Jacobian

Registration scheme AV SD MD IQR AV SD Min Max
Deformable registration

Tlw 1.96 1.09 1.79 1.20-2.39 1.01 0.04 0.87 1.14

T2w 1.98 1.07 164 1.15-2.33 1.02 0.03 0.91 1.10

Tiw+T2w 1.88 1.05 1.65 1.19-2.25 1.01 0.03 0.92 1.10
Rigid registration

Tlw 2.30 1.08 2.11 1.56-2.93

T2w 237 111 218 1.56-3.02

Tiw+T2w 234 110 214 1.53-2.89
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rigid registration alone (median difference, 0.45 mm). Because the vertebrae are close
to the image center we assume that the geometric distortion is minimal in this region,
so most of the non-rigid deformation can be attributed to differences in positioning.
On the other hand, the alignment of other bones after rigid registration provides an
estimation of the geometric distortion because they are more distant from the center.
The difference between rigid and deformable distances for the bones (median, 0.4
mm) is a measure for the amount of recovered geometric distortion.

The registration accuracy for each patient is shown in Figure 5.6. For 9 of 12
patients the deformable registration gave a statistically significantly lower Euclidean
distance than rigid registration. For the other patients rigid and deformable registra-
tion showed similar results.
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Figure 5.6. Distribution of the distance per patient for all the landmarks after
registration. Asterisks (x) and open diamonds (¢) indicate which distribution is
statistically significantly lower (p < 0.01 and p < 0.05, respectively) for each group.
The dotted horizontal line indicates the largest voxel size. Boxplots are defined as
in Figure 5.5.

5.3.4 ROlIs-based registration evaluation

We calculated the initial relative difference in volume between CT and MR ROIs to
evaluate the correspondence betweeen MR and CT delineations. This difference was
approximately 5% for cerebrum, brainstem, and parotids; 25% for the spinal cord;
-25% for the eyeballs; -30% for the lenses; and 15% for the submandibular glands (the
minus indicates that the MR is larger than CT volume). These values indicate that
the borders of some tissues had a different appearance in MR and CT.

Because all approaches gave similar performance we only list the results of the
multiparametric registration. For rigid and deformable registration, the distribution
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of DSC, MSD, and HSD over patients, per region, is reported in Figure 5.7. Con-
sidering all the ROIs, the median MSD was approximately 1 mm for all the ROIs
excluding cerebellum and the parotids. For 5 of 12 ROIs the deformable registration
provided a statistically significantly better accuracy than rigid registration. For the
other ROIs rigid and deformable registration provided a similar accuracy.

Figure 5.8 shows examples of ROIs contours drawn originally in T2w and regis-
tered using rigid and deformable registration together with CT contours. The figure
shows how deformable registration provided a better alignment of contours. The
brainstem and cerebellum deformably registered contours appear more accurate than
the ground truth.

5.4 Discussion

This study investigated the feasibility of deformable registration of CT and MR images
in the H&N region for RTP and HTP. Our evaluation scheme was optimized with
respect to the applications (RTP and HTP), landmark and ROI visibility on both
images, and volume coverage. Deformable registration resulted in a better accuracy
than rigid registration, and the multiparametric and single-parametric approaches
had similar performances. Deformable registration provided an accuracy on average
higher than reported in previous studies.

Deformable registration accuracy was stable around the optimum of the B-Spline
control-point grid spacing, which is the main parameter for the algorithm at hand.
This suggests that the algorithm will perform similarly if applied to a new patients
image.

Both landmark-based and ROI-based evaluation showed that deformable regis-
tration was more accurate than rigid registration. The values of spatial Jacobian
determinant indicate a smooth deformation between MR and CT images. These
values ensure that unrealistic deformations were not generated by deformable regis-
tration. The landmarks and the ROIs alignment together with the smoothness of the
deformation demonstrate that the deformable registration provided a better spatial
alignment than rigid registration in the entire volume.

For all registration schemes, the registration error was statistically significantly
higher than the error in landmark placement and than the initial alignment of T1w and
T2w images. These 2 factors therefore had only a limited influence on the evaluation.

The accuracy we obtained for deformable registration is similar to that obtained
by Webster et al. [133] and on average better than that of Leibfarth et al. [76] and
Du Bois d'Aische et al. [28]. Webster et al. [133] found a distance between CT and
MR landmarks of 2.2 - 0.9 mm (mean value — standard deviation) on a set of 6
patients. In their evaluation they assumed the deformation to be rigid and evaluated
the accuracy on a small set of landmarks placed in a region with minimal expected
geometric distortion. Leibfarth et al. [76] reported an error in alignment of anatomic
landmarks of 2.96 — 1.02 mm for 8 patients. Du Bois d'Aische et al. [28] reported a
mean error in the range 1.91 — 3.31 mm and variances in the range 0.81 — 1.05 mm
for a limited set of 4 patients and for an unspecified set of landmarks. The reason we
obtained a lower registration error (1.88 — 1.05 mm) than these approaches may be
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Figure 5.7. Dice similarity (DSC), 3-dimensional mean surface distance (MSD),
and 3-dimensional Hausdorff surface distance (HSD) measurements between regis-
tered and original ROIs (abscissa). L and R are abbreviations for left and right.
Open diamonds (o) indicate a statistically significant improvement with p < 0.05.
Asterisks (x) indicates a statistically significant improvement with p < 0.05. Box-

plots are defined as in Figure 5.5.
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Deformable

Figure 5.8. Computed tomography axial slices with overlaid region of interest con-
tours. Each image pair shows a comparison between T2w contour registered using
rigid (solid red line) or deformable (solid green line) multiparametric registration,
and computed tomography contour (dashed yellow). From top to bottom the images
show cerebellum; cerebrum, cerebellum, and brainstem; and eyeballs and lenses.
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because the patients in our study were scanned with immobilization equipment. Even
though deformable registration improves the image alignment, it might not provide
sufficient accuracy to avoid patient fixation (see Chapter 6).

The deformable registration significantly improved the accuracy for 5 of 12 ROIs
and did not decrease the overall registration accuracy for any of them. This confirms
the statement that deformable registration did not introduce unrealistic deformations.
Because of better soft-issue contrast, tissue delineation is generally more accurate on
MR than on CT, as depicted in Figure 5.8. This fact caused the difference between
initial volume of the ROIs for some of the tissues. In addition, intermodality dif-
ferences in delineation accuracy caused the high HSD for the cerebrum, cerebellum,
and glands, both for rigid and deformable registration. Even though deformable
registration may improve the image alignment, such differences may mean that this
improvement did not influence the evaluation measures for spinal cord, brainstem,
and glands. Despite these differences a good alignment of ROIs was found for all
tissues, except the lenses.

The value of DSC after deformable registration of the eye lenses was relatively
low. One cause is the small volume of the lenses, which decreases the DSC, and
another is that their position depends on the direction of the glance, which can be
different between scans. We decided to include these tissues in the evaluation because
they are important for HTP.

The effect of delineation accuracy on HTP and RTP has been previously inves-
tigated, respectively in references [127] and in [88,129]. The difference in accuracy
between rigid and deformable registration may be relevant in terms of local dose dis-
tribution both for HTP and RTP. In the case of HTP relevant differences in local dose
(up to 12reported for small variation of tissue delineations (i.e. DSC > 0.7 and MHSD
<1 mm) [127]. In the case of RTP variations in target tissue delineation had a signif-
icant impact on dosimetry [129]. A small variation in target volume delineation (i.e.
DSC > 0.8 and MHSD < 1 mm) yielded significant dose differences (up to 11 Gy). In
the organ at risk (OAR) the improvement in accuracy given by deformable registra-
tion may be negligible in terms of radiation dose [88]. However, the OAR delineations
are also used to calculate the dosimetric statistics per OAR which, therefore, depend
on their quality.

The limited use of deformable registration for treatment planning in current prac-
tice can be ascribed to the fact that it is not robust to parameter variation and to the
presence of unrealistic deformation. Our work is a first step toward solving this issue.
A robust parameter optimization scheme made it possible to obtain a low registration
error and a smooth deformation. If images are acquired with an acquisition protocol
similar to ours, the proposed method can be used reliably in clinical practice. There-
fore, these results hold only when immobilization equipment is being used during the
CT and MR scans. Because the MI metric is robust to intensity variations, we do
not expect the final accuracy of registration to be affected by the use of CT and
MR images from different scanners with the same MR field strength. However, the
geometric distortion may be more prominent for higher MR field strength than for
1.5 T, and thus the selected parameters may be suboptimal.

In conclusion, we demonstrated the feasibility of deformable registration for RTP
and HTP in the H&N. Deformable registration provided overall a significantly higher
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accuracy than rigid registration. Our study paves the way for the application of
deformable registration in routine clinical practice.






CHAPTER SIX

MRI Integration into Treatment
Planning of Head and Neck
Tumors: Can Patient
Immobilization be Avoided?

There are, in effect, two things, to know and to believe one knows;
to know is science; to believe one knows is ignorance

— HIPPOCRATES (460-370 B.C.)

Abstract — To obtain an accurate rigid alignment between magnetic resonance
(MR) and computed tomography (CT) images in the head and neck, patient im-
mobilization equipment is applied during image acquisition, which takes time and
is uncomfortable. Therefore, we investigated whether immobilization equipment is
still needed when applying deformable registration to align MR and CT images.
CT and MR images of 22 patients were aligned using state-of-the-art, rigid and de-
formable registration algorithms. For 10 patients MR images were acquired in two
settings: with no immobilization mask and with a small immobilization mask. For
12 patients the images were acquired using the original radiotherapy immobilization
equipment (RT mask). The registration accuracy was evaluated using 21 landmark
points, located on CT and MR images. Leave-one-out experiments were performed
for evaluation and optimization of parameters of the rigid and deformable registra-
tions.

After registration, the alignment between CT and MR improved significantly when
patient immobilization equipment was used: the best alignment was obtained when
patients were immobilized with the RT mask. Deformable registration consistently
provided a significantly better alignment than rigid registration.

When accurate alignment is required, the use of immobilization equipment is recom-
mended since prevention of movement by use of immobilization equipment provides
better alignment than postprocessing using state-of-the-art deformable registration.

Based upon: V Fortunati, R F Verhaart, G M Verduijn, A van der Lugt, F Angeloni, W J Niessen,
J F Veenland, M M Paulides and T van Walsum, ” MRI integration into treatment planning of head
and neck tumors: can patient immobilization be avoided?”, Radiother Oncol, in press.
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6.1 Introduction

head and neck (H&N), require 3D patient models, based on tissue delineation.

The most common imaging modality used for this application is computed
tomography (CT) [31,91,127] (Chapter 2) because of its geometrical accuracy and,
for RTP, the direct availability of electron density information. However, the superior
soft-tissue contrast of magnetic resonance (MR) images with respect to CT has been
shown to improve the accuracy with which target and normal tissues can be delineated
[2,45,96,117]. To exploit the advantages of both modalities, the images must be
aligned. Since it is geometrically more accurate, the CT image is commonly used as
reference image to which the MR image is aligned.

In clinical practice, the deformation between CT and MR images is assumed to be
rigid since patient immobilization equipment is used during image acquisition to fix
the patient in the treatment position [17,96,125,133]. It has been shown that patient
fixation improves the accuracy of rigid registration when patient images are acquired
in treatment position for both CT and MR [50]. However, the use of such equipment
has disadvantages. First, it is associated with patient discomfort as patients have to
wear the mask for the entire MR scanning period (up to 1 hour). Second, application-
specific flexible coils are required to create a setup that combines immobilization and
imaging coils [49]. These flexible coils have a non-uniform signal and reduced signal-
to-noise ratio which limit the image quality.

Additionally, patient immobilization is hampered when positron emission tomog-
raphy (PET) scanning is combined with MR, because the immobilization device causes
attenuation of the PET signal which cannot be recovered with signals from conven-
tional MR sequences [79].

Deformable registration might eliminate the need for immobilization equipment.
The use of deformable intra-patient registration in multi-modal H&N imaging has
recently been investigated by others [28,76] and by our group (see Chapter 2). In
the first two studies, immobilization equipment was not used and, when patients were
scanned in free position, in both studies deformable registration was more accurate
than rigid registration. The third study showed that when immobilization equipment
was used during the MR acquisition, deformable registration provides better image
alignment than rigid registration.

This chapter investigates the influence of using patient immobilization equipment
during the MR session on the accuracy of the multi-modality registration in the H&N.
The main aim is to investigate whether we can avoid the use of immobilization equip-
ment by aligning CT and MR images using deformable registration. Therefore, we
optimized and evaluated the optimal settings of a state-of-the-art deformable regis-
tration algorithm [66,100] and compared registration accuracy in various scenarios,
with and without immobilization equipment.

Radiotherapy and hyperthermia treatment planning (RTP and HTP) in the
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6.2 Methods and materials

Two sets of patient data were acquired: set A and set B. Set A consists of CT and
axial T2w images of 10 patients with a H&N tumor. The T2w images were acquired
using head coils. During the MR acquisition session, these patients were scanned
twice in two different positions: 1) without immobilization equipment (set Al), and
2) with a small immobilization mask (set A2), created from the original radiotherapy
immobilization mask in order to fit inside standard head coils. Head coils were used
because, at the start of our study, flex coils were not available. The small mask
was used to fix the patients in the treatment position. Still, patient positioning
was different compared to the CT position since the head coils did not allow use of a
headrest nor flat table. Set B consists of CT and axial T2-weighted (T2w) MR images
for 12 different patients with a H&N tumor acquired using 6-channel flex coils. Set
B was acquired in RT position. The patient was fixed in treatment position using a
flat table, a headrest and the original radiotherapy immobilization mask (RT mask).
The GE Posifix® flat table was used. For all sets, the CT images were acquired once
with the same positioning equipment. Set B has also been used in Chapter2).

The MR images of set A were acquired using two 1.5T GE scanners (GE Health-
care, Waukesha, WI, USA): the Optima MR450 (4 patients) and Optima MR450w
(6 patients). All image data of set B were acquired using the Optima MR450w. We
used a fast recovery fast spin echo sequence with TR/TE 7060/106.8 ms, flip angle
90°, and matrix 384 x 224. All images in set A and one image in set B had a voxel
size of 0.49x0.49x3.00 mm?. The images of the other 11 patients of set B had a voxel
size of 0.68 x 0.68 x 3.00 mm?>. The field of view (FOV) in the craniocaudal direc-
tion was 20 cm centered around the tumor location. This yielded a slightly different
FOV location for each patient. The set of T2w images acquired using surface coils
was corrected for intensity inhomogeneities using the built-in algorithm (Surface Coil
Intensity Correction) of the GE MR scanner.

CT images were acquired using a Siemens scanner (Somatom Sensation Open,
Siemens AG, Erlangen, Germany), with an acquisition matrix of 512 x 512, and a
voxel size of 0.98 x 0.98 x 2.50 mm?. Tube voltage and current-time product were 120
kV and 150 mAs respectively.

Twenty-one corresponding landmark points were manually placed by an expert
on the CT and MR sets (set Al, A2, and B) to evaluate image alignment after
registration. Due to differences in the FOV, not all landmarks could be placed in
all the images. The landmarks were annotated twice by the same expert in order
to estimate the intra-rater variability in both set A (using set Al) and B. The time
interval between the two annotations was one month. We used the same landmarks
as those used in Chapter 5. See Figure 5.1 for the description and anatomical location
of the 21 landmarks used in our evaluation.

For each acquisition scenario (set Al, A2 and B) T2w sequences were aligned
to the CT images and the accuracy of the registration was quantitatively evaluated.
Registration was performed in three steps. First, an initial alignment was deter-
mined by automatic detection of a landmark in the neck (Chapter 2.2.2.2). Next,
a rigid registration followed by a deformable registration was performed using the
opensource software Elastix (elastix.isi.uu.nl) [66]. Figure 6.1 shows the datasets and



82 6 Can Patient Immobilization Be Avoided?

our experimental setup together with pictures of the small and RT mask. Elastix
provides a state-of-the-art deformable registration algorithm [66,100]. This method
has shown excellent performance for several applications and anatomical sites [11,76]
(Chapter 2) and top-ranking performance in thoracic CT registration challenge [110]
and a comparative study [64]. Other implementations based on the same registration
method [100] are available as opensource software packages as well (i.e. NiftyReg [83],
IRTK [104]).

Deformable

l

Deformable

CT

SET B
RT Mask

RT Mask

Small Mask

Figure 6.1. Dataset, registration setup and fixation masks.
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6.2.1 Registration method

The goal of registration is to find a spatial deformation field u(x) at each location x
which spatially aligns the moving image I (x+u(x)) to the fixed image Ir(x). The
problem can be formulated as:

fo = argmin C(p; Ir; Inr), (6.1)
7

where the cost function C is a measure of the image dissimilarity, and p is a parameter
vector used to represent the deformation field. In this work the deformation was
modelled using cubic B-Splines [100] and the cost function was the negated mutual
information similarity measure (MI) [78,111,115] combined with a regularization term
introduced to penalize undesirable deformations.

C(ps IpiIag) = ~MI(p; Ip; Ing) + AR(p), (6.2)

where A is a weighting factor for the regularization term. The MI was computed as
in [115] using a joint histogram size of 32 x 32 bins.

Both rigid and deformable registration steps were performed employing a multires-
olution strategy. A Gaussian pyramid was used taking into account the anisotropy
of the images. The smoothing along the z-direction was set two times lower than
the smoothing in the other directions, i.e. the smoothing sigmas were chosen as
Ozy = 4,2,1 voxels and o, = 2,1,1 voxels. The number of B-Spline control points
used during the registration determines the degrees of freedom of the registration. A
uniform control point grid was used for each resolution level: given the finest resolu-
tion grid spacing, for each coarser resolution the grid spacing was two times larger.

To solve the minimization problem in Equation 6.1, an adaptive stochastic gra-
dient descent optimization method was used. In this approach a limited number of
voxels is used at each iteration to estimate the value of the similarity measure and its
derivative [65]. The derivative of the similarity measure is also used at each iteration
to adapt the step size of the gradient descent optimization. The stopping criterion of
the algorithm is the maximum number of iterations. This number and the number of
random samples were chosen to be sufficiently high to guarantee registration conver-
gence, according to [65,66]. We chose 500 iterations per resolution level for the rigid
registration and 2000 iterations per resolution level for the deformable registration. In
both cases 4000 samples were used. Compared to Chapter 2 we used more iterations
(2000 instead of 1000) for the parameter optimization of deformable registration. This
was done in order to consider the possibility of a slower convergence of the optimizer
caused by the use of regularization.

During registration, fixed and moving image masks were used to exclude back-
ground voxels from the registration. These masks were extracted automatically from
MR and CT images using thresholding, connected component analysis, and binary
morphology operations.

6.2.2 Parameter optimization and evaluation

For each dataset, a leave-one-out cross-validation was performed for parameter op-
timization and to evaluate the accuracy of the rigid and deformable registration.
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Optimal parameters were found for each patient using an independent training set,
i.e. the images of the other patients. In this way, we avoided over-training.

The parameter optimization consisted of an exhaustive search over a predefined
set of parameters evaluating all possible combinations of parameters. For the rigid
registration the number of resolution levels (2 or 3) was optimized. For the deformable
registration the following parameters were optimized: the number of resolution levels
(2 or 3), the B-Spline control point grid spacing at finest resolution, and the regular-
ization weight A\. The optimal parameters were chosen as those which gave the best
alignment over the training set, given by the lowest average Euclidean distance over
all landmarks and all patients.

MR-T2w and CT images were registered for each patient set (Al, A2, B), using
optimal parameter settings. The accuracy of registration was measured using the
Euclidean distance between the original and registered landmarks. Combined with
the accuracy, we evaluated the smoothness of the deformation field. Anatomically
plausible deformations should lead to a smooth deformation field between the images.
Smoothness was evaluated using the determinant of the spatial Jacobian matrix J(x).
The value of this determinant is connected to volume changes caused by the defor-
mation field:

<0, folding effect,
=1, volume conservation,
det|J(x)|=4 >1, volume expansion, (6.3)
<1, volume compression,
>>1, tearing effect.

6.2.3 Comparison between global and local mutual informa-
tion

Recently a local version of mutual information was developed [68] and shown to be
effective for the problem at hand [76]. Here we compare the accuracy of global mutual
information (GMI), presented in this work, with local mutual information (LMI). The
same leave-one-out parameter optimization scheme used for GMI was used for LMI
with the addition of an extra parameter, the size of the region which is considered for
the calculation of LMI. We used cubical regions with 30, 60 and 120 mm size.

In case of LMI the adaptive stochastic gradient descent optimization method
cannot be used since it is not possible to correctly estimate the metric gradient at the
beginning of each resolution level. Thus a non-adaptive stochastic gradient descent
was used [67] with A = 250 selected as suggested by Klein et al. in [68] and 6 = 0.018
which gave the best performance using one patient.

6.2.4 Statistical analysis

A two-sided, Wilcoxon signed rank test was used to test for statistically significant
differences between distance measures. For measures corresponding to the same set
of patients (set Al vs. set A2, set A and B vs. the corresponding intra-observer error,
and rigid vs. deformable registration) a paired test was used.
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6.3 Results

6.3.1 Parameter optimization

Figure 6.2 shows the variation of the registration alignment for set Al, A2, and
B, when varying control point grid spacing and regularization weight. The other
parameters were fixed, as in the optimal case.
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Figure 6.2. Average Euclidean distance over all patients for all combination of con-
trol point B-Spline grid spacing and regularization weight A. The other parameters
are fixed.

For both set A1l and A2, for values of the control point grid spacing < 65, the
registration accuracy first increases with A and then, as expected, starts to decrease.
For set B the use of regularization had no influence on the registration accuracy for
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larger values of grid spacing. The optimal value without using regularization (\ = 0)
was 0.01 mm better than the absolute optimum (A = 2048); however this difference
was not significant. Since the method is faster and simpler without regularization we
chose X\ = 0 as the optimal. Table 6.1 shows the optimal parameter values for each set
and patient. In general, the optimal parameter values were stable over patients. In
Table 6.1, the optimal parameter values over the entire set which should be used for
an independent patient set are printed bold.

Table 6.1. Optimal parameter settings resulting from the leave-one-out optimiza-
tion. Optimal parameters to use for an independent test set are highlighted in bold.
Patient = patient identifier; Levels = number of resolution levels; Grid = B-Spline
control point grid spacing at finest resolution;

Rigid registration

Set. Patient Levels Grid[mm)] A
set Al 1,3-10 3 - -
set Al 2 2 - -
set A2 2,4,6,7,9,10 3 - -
set A2 1,3,5,8 2 - -
set B 1-12 3 - -
Deformable registration

set Al 1,2,5-8,10 2 25 128
set Al 3,4,9 3 25 256
set A2 1-12 2 15 64
set B 1-5,7,9-12 2 85 -
set B 6 2 95 -
set B 8 3 85 -

6.3.2 Registration evaluation

The alignment after registration for all landmarks and all patients in each set is
provided in Figure 6.3 (a) together with the intra-observer variability in landmark
placement. Table 6.2 shows data on the alignment.

Figure 6 shows that better patient immobilization leads to better image alignment.
Using the RT mask, for both the rigid and deformable registration, we obtained a
significantly better alignment (p < 0.001) than using the smaller mask or no mask.
For both types of registrations, the small immobilization mask provided a better
alignment than no mask (p < 0.001).

In all cases, deformable registration gave significantly better alignment than rigid
registration (p < 0.001) and the intra-observer error in landmarks placement was sig-
nificantly lower (p < 0.001) than the registration error obtained for the correspondent
set (A and B). We observed that deformable registration had a larger impact on align-
ment accuracy when there was a greater difference in the patient’s position between
the scans, i.e. 4.4 mm difference between the rigid and deformable average value for
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Figure 6.3. Evaluation of registration accuracy using optimal parameter settings.
(a) Distribution of rigid and deformable registration accuracy for each set. The intra-
observer variability is also provided. (b) Comparison of deformable registration
accuracy per patient with and without positioning mask in set A. ¢ indicates a
statistical significance with p < 0.05, * indicates a statistical significant improvement
with p < 0.01, and *»* indicates a statistical significant improvement with p < 0.001.
The boxes of the boxplots report first and third quartiles, and median values. The
whiskers report confidence intervals, which are defined as the most extreme data
points (+1.5 times the inter-quartile range around the box) not considered outliers

(+)-

Table 6.2. Evaluation of registration accuracy using optimal parameters, statistics
over all sets. p = average; o = standard deviation; IQR = inter quartile range

Rigid registration
Set pmm]  o[mm] Median[mm] IQR[mm]

set A1 7.93 4.38 7.20 4.47 -10.25
set A2 4.95 3.09 4.50 2.42 -6.86
set B 2.36 1.11 2.17 1.56 — 3.02
Deformable registration
set A1 3.53 2.37 2.93 1.86 - 4.36
set A2 2.73 1.72 2.18 1.56 — 3.49
set B 1.92 1.11 1.63 1.14-2.41

set Al, 2.22 mm for set A2, and 0.44 mm for set B. Figure 6 (b) shows comparison
of the deformable registration alignment accuracy for set A1 and A2 for each patient.
In general a better alignment was obtained for all patients when the small mask was
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used (i.e. lower median value and lower distribution for set A2); for three patients
this improvement was significant (p < 0.001). When the small mask was used, a better
alignment of the bones (mandible, vertebrae and skull) could be achieved as shown
in Figure 6.4

d Patient 10, Axial Small e Patient 10, Coronal Small f Patient 10, Sagittal Small Mask
Mask Mask

Figure 6.4. Registration results for patient 10 without (a, b, ¢) and with (d, e, f)
positioning mask. Axial, coronal and saggital example slices. The CT image (fixed)
is overlaid (in green) on the T2w image. The CT image is used as overlay because
of its stronger boundaries. The white arrows point to locations were deformable
registration lead to higher improvements.

Table 6.3 shows the average value over all patients of the alignment for each
landmark. For the deformable registration, landmarks with lower alignment accuracy
can be noticed for the no mask (ID 7, 8, 15, 16, 17, 18) and small mask (15) cases, while
the accuracy was spatially uniform when an RT mask was used. The low alignment
for 7 and 8 is caused by the wrong alignment of the head position after registration.
The low alignment accuracy for 16, 17, 18 in contrast with better alignment of 3, 4,
5 indicates that the vertebrae were not accurately aligned in the no mask case, which
is shown in Figure 6.4 (c). The low alignment accuracy of the hyoid (ID 15) bone
reflects inaccuracies in the larynx region.

Figure 6.5 shows the distribution over patients of the Jacobian-determinant statis-
tics calculated over the patient body volume. For each set an overall volume conserva-
tion was observed (i close to one and very low o). Moreover, the range of variability
of the Jacobian’s determinant excluded the presence of tearing and folding effect for
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Table 6.3. Evaluation of registration accuracy for each landmark for all sets.
Accuracy is given by average + standard deviation.

1D Rigid Deformable

No Mask Small Mask  RT Mask No Mask  Small Mask RT Mask
0 1026+4.46 7.61+3.63 244+0.28 3.24+080 2.99+2.25 1.84+1.19
1 8.85 + 3.55 6.66+2.32 290+1.53 3.11+1.30 2.73+1.04 1.99+1.23
2 7.08 + 3.68 521+241 266+1.31 3.00+2.13 2.72+1.93 2.39+1.33
3 7.51 +3.93 5.09+3.68 2.62+0.86 297+249 2.72+1.42 246+1.24
4 7.48 +3.44 5.32+293 254+0.73 357+244 2.34+0.96 1.93 +0.80
5 6.69 £ 3.63 4.18+2.45 2.18+0.82 3.24+1.90 1.99 + 0.80 1.51 + 0.69
6 6.47 £4.09 4.17+2.70 2.34+092 263+1.54 2.53+1.56 1.97 +0.90
7 9.35+3.84 4.73+3.02 2.18+1.05 4.26+2.39 231+1.41 1.33+0.32
8 9.38 £ 5.68 7.82+£5.64 298+0.81 4.87+£3.30 3.06+£1.97 2.31+0.81
9 8.37+4.75 4424237 238+1.59 3.79+215 3.14+2.11 1.78+1.96
10 7.32+5.34 2.80+£230 1.62+0.59 2.08+1.23 2.00+1.38 1.53+1.01
11 7.43+5.21 4.19+2.06 2.21+0.81 2.63+1.37 247+0.81 1.54 £ 0.80
12 6.93+5.44 3.97+239 217+098 2.02+058 2.66+2.10 2.19+0.93
13 8.95+7.25 256+1.09 2.65+£1.00 2.52+1.22 1.71£0.98 1.75+£0.86
14 8.76 £ 5.66 2.59+239 260+1.18 1.44+1.60 1.53+0.57 1.77+£0.97
15 11.50+4.28 9.09+2.94 3.39+1.84 465+2.06 5.53+232 2.72+1.64
16 8.42+4.14 6.48 +4.43 2.79+0.88 520+3.42 294+2.24 2.75+1.17
17 7.37+3.50 531+3.16 2.21+094 5.74+3.24 3.21+2.13 2.25+0.82
18 7.49 £ 3.25 4.62 +2.51 2.13+£095 5.07+299 295+1.63 2.00+£1.03
19 6.23 £4.65 3.16+1.37 1.87+1.18 268+1.65 2.70+1.80 1.77 + 0.81
20 6.24+4.98 3.35+1.63 1.67+093 232+1.09 249+1.41 1.39+0.75

all patients, with the exception of two patients in set A2. In both cases a slightly
negative Jacobian was found (i.e. -0.004 and -0.011) for a very small region (27
and 57 voxels) which indicates folding. In both cases these regions corresponded to
homogeneous subcutaneous fat located in the back part of the neck.

In Figure 6.5 the symbols A and v indicate the highest and lowest distributions;
these were determined by testing for a significant (p < 0.05) difference between each
pair of distributions. The smoothest deformation was found when using the RT
mask. Use of the small mask resulted in slightly less smoothness of deformation than
in the no-mask scenario. This happens because a slightly smaller grid size and a
lower regularization were used in the small mask scenario according to the parameter
optimization results (see Table 6.1).

6.3.3 Comparison between global and local mutual informa-
tion

Figure 6.6 shows the comparison of registration accuracy between global (GMI) and
local mutual information (LMI) using optimal parameter settings.
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Figure 6.5. Distribution of Jacobian determinant statistics over patients for the
three sets. p = average; 0 = standard deviation; Min = minimum; Max = maximum
values. A and v indicate highest and lowest distributions respectively (significance
level of p < 0.05). The boxes of the boxplots indicate first and third quartiles, and
median values. The whiskers indicate confidence intervals, which are defined as the
most extreme data points (1.5 times the inter-quartile range around the box) not
considered as outliers (o).
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Figure 6.6. Comparison of registration accuracy between global (CMI) and local
mutual information (LMI) using optimal parameter settings. ¢ indicates a statistical
significance with p < 0.05. The boxes of the boxplots report first and third quartiles,
and median values. The whiskers report confidence intervals, which are defined as
the most extreme data points (£1.5 times the inter-quartile range around the box)
not considered outliers (o).

The results show a small improvement in accuracy when the RT mask was used, a
reduction of accuracy when no mask was used and no statistically significant difference
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when the small mask was used. The average value of the improvement in the RT mask
case was 0.08 mm and the average value of reduction in the no mask case was 0.51
mm (average of the landmark-wise difference).

6.4 Discussion

This study investigated the influence of using patient immobilization equipment on
the accuracy of the CT-MR deformable registration in the H&N. A state-of-the-art
deformable registration was optimized and evaluated using 21 corresponding anatom-
ical landmarks placed in CT and MR-T2w images. Three datasets in which MR
images were acquired with different degrees of immobilization were considered for the
evaluation, i.e. no immobilization, or use of a small mask, or of a RT mask. The
best image alignment was achieved when the patient was immobilized using the orig-
inal RT mask and deformable registration was used. In general, a better alignment
was achieved when immobilization equipment was used. In agreement with Chapter
5 deformable registration provided a better image alignment than rigid registration.
However, to achieve the best level of accuracy we cannot avoid the use of immobiliza-
tion equipment, even when deformable registration is used.

From the parameter optimization results in Figure 6.1, we conclude that the
integration of spatial regularization allows the use of a smaller control point grid
size and improves the image alignment, without hampering the smoothness of the
deformation field (Figure 6.6). This effect was more important when immobilization
equipment was used (as shown in Figure 6.1), i.e. the optimal spacing was 25 mm
for set Al, and 15 mm for set A2 and B when A # 0, while for A = 0 the optimal
spacing was 35 for set Al and set A2, and 85 for set B. For the majority of patients
the leave-one-out parameters were equal to the optimal parameters calculated using
the entire sets; for the remaining patients these parameters ranked as second best.
Thus, the optimal parameter settings were robust for patient variations. In addition,
the optimal parameter settings were robust to changes in the scanner and coils used
for the acquisition (set A was acquired using two different scanners and MR coils).

In the small mask scenario the optimal parameters resulted in a smaller grid size
and a lower regularization than the no mask scenario. In case of no mask, more
degrees of freedom would be needed to obtain an accurate registration. However
this did not happen because in the no mask case the deformation was larger both in
amplitude and complexity. Thus a larger grid size resulted optimal to fit the larger
deformation. On the other hand, the increased amplitude of the deformation made it
harder to fit the higher frequency component as well as in the small mask case.

Set B was used in Chapter 5 to show the feasibility of deformable registration.
In this Chapter, this dataset was used as a reference standard. Although it was not
possible to make a pairwise comparison between set A and set B, the advantages of
using the RT mask are clear from our results.

In set B, the improvement in image alignment between rigid and deformable
registration is partly related to the fixation inaccuracy of the RT immobilization
equipment. Previous studies have reported the accuracy of patient positioning when
using different fixation equipment [44,99]. Using the Posifix fixation setup, a standard
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deviation of 2.2 mm was reported at the H&N level [44]. These latter results are in
line with the level of accuracy we obtained using rigid registration and the RT mask.

In set A2, for two patients we observed a folding effect in two small regions. In
both cases, these regions corresponded to subcutaneous fat located at the back of the
neck. This effect was caused by the folding of skin and fat due to the different position
of the head between CT and MR imaging. Since these regions are peripheral and far
from the target and organ at risk, we think this effect is not clinically relevant.

Using B-Spline based deformable registration, Leibfarth et al. [76] reported an
alignment of anatomical landmarks of 2.96+1.02 mm for 8 patients. Du Bois d'Aische
et al. [28] applied an articulated body motion model to describe the deformation
between CT and MR images; the authors reported a mean error of 1.91 — 3.31 mm
and variances of 0.81-1.05 mm for a limited set of four patients. A disadvantage of this
method is that it is accurate only in regions close to the spinal cord which generate the
motion model. Neither of the latter studies provided details as to which anatomical
landmarks were used in the evaluation. We obtained an alignment accuracy slightly
lower than these previous studies. However, the value of the final alignment depends
on the alignment accuracy obtained after rigid registration, which was lower in our
study.

In addition, alignment quantification depends on the anatomical landmarks used
for the evaluation, which were not specified in [28,76]. Furthermore, the approach
of [28] not only uses intensity but also vertebrae contours to guide the registration
process; thus, for this method, better alignment will be obtained for regions close to
the vertebrae.

Leibfarth et al. [76] reported that when using local mutual information (LMI) [68]
as similarity metric the most accurate registration was obtained; these authors found
a large difference in accuracy between global mutual information (GMI) and LMI (on
average 1.82 mm). Our findings are different as we found no relevant improvements
in accuracy between LMI and GMI. In the study of Leibfarth et al. [76] GMI might
be hampered by the inclusion of background voxels in the metric calculation. In this
Chapter, we excluded background voxels also for the computation of GMI by using
binary image masks.

The clinical impact of the alignment differences on RTP and HTP can be eval-
uated by considering the studies [129] and [127]. Voet et al. [129] reported that a
small contour distance between different planning target volumes (< 1 mm) led to a
relevant underdosage (up to 11 Gy). Thus, since we obtained a mean improvement
in alignment accuracy of about 1.5 mm using the RT mask, its use is suggested to
achieve an accurate dosimetry. Following Verhaart et al. [127] we can make the same
statement with regard to HTP since relevant differences (up to 12%) in local dose
(normal tissues) were associated with delineations differences in the order of 1.2 mm.

Three conclusions can be drawn from the present Chapter: 1) deformable registra-
tion improves alignment over rigid registration, 2) better immobilization gives better
alignment, and 3) deformable registration did not fully compensate for differences in
patient positioning. Compared to the current clinical standard, the accuracy obtained
without immobilization or with the small mask is insufficient for this application.

Because deformable registration of images acquired using the best patient im-
mobilization equipment provides the most accurate alignment we recommend to use
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these settings in clinical practice.
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CHAPTER SEVEN

Summary and (eneral Discussion

All our knowledge begins with the senses, proceeds then to the
understanding, and ends with reason. There is nothing higher
than reason.

— IMMANUEL KANT (1724-1804)

Deep hyperthermia treatment of head and neck (H&N) tumors requires accurate
treatment planning, based on 3D patient models that are derived from 3D images.
Pre-treatment decision making as well as treatment optimization and adaptations are
influenced by the accuracy of these models. In this thesis we investigated automatic
methods for 1) the segmentation of CT and MR images of the H&N, and 2) for
the registration of CT and MR images to integrate MR into the treatment planning
workflow.

In Chapter 2 we presented and evaluated an automatic segmentation algorithm
for CT images of the H&N which combines anatomical information, based on atlas
registration, with local intensity information in a graph cut framework. In this ap-
proach, for each tissue, two models are built for this purpose: an intensity model and
a spatial prior model. The intensity model is built by estimating the histogram of
foreground and background regions sampling the entire atlas set. The spatial prior
model is obtained by registering each atlas image to the target and then combining the
registration results in a spatial probability map. A regularization term was also used
to promote smooth segmentation. These terms are subsequently used to construct a
graph which is solved using graph cut. First we evaluated the advantages of using
the proposed approach with respect to multiatlas-based segmentation alone. Next,
the influence of different labelers on the method’s accuracy was quantified and com-
pared with multiatlas-based segmentation and with the interobserver variability. The
method was evaluated with respect to ground truth manual delineation and compared
with multiatlas-based segmentation on a dataset of 18 labeled CT images using the
Dice similarity coefficient (DSC), the mean surface distance (MSD), and the Hausdorff
surface distance (HSD) as evaluation measures. On a subset of 13 labeled images, the
influence of different labelers on the method’s accuracy was quantified and compared
with the interobserver variability. The proposed method had a significantly better
score for DSC, MSD and HSD than the multiatlas-based method for the eye vitreous
humor. For the DSC, the proposed method performed significantly better for the
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segmentation of all the tissues, except brainstem and spinal cord. The MSD showed a
significant improvement for optical nerve, eye vitreous humor, lens, and thyroid. For
the HSD the proposed method performed significantly better for eye vitreous humor
and brainstem. For the majority of the tissues (8/11) the segmentation accuracy of
the proposed method approached the interobserver agreement. Moreover our method
showed better robustness to variations in atlas labeling compared with multiatlas seg-
mentation. We conclude that the proposed method provides an accurate automatic
segmentation of H&N tissues in CT images for the generation of 3D patient models
substantially reducing labor involved in therapy planning.

In Chapter 3 we evaluated the impact of using manual and automatic segmenta-
tion of Chapter 2 on hyperthermia treatment planning (HTP). To decide whether the
automatic segmentation method can be introduced in the clinic, the effect of using
this method on HT dose distribution and HTP quality was evaluated. In addition.
the effect of using automatic segmentation over manual delineations was compared to
other sources of patient model uncertainties, i.e. varying gridsizes and dielectric tissue
properties. CT images of seven patients were segmented automatically and manually
by four observers, to study inter- and intraobserver geometrical variations. Despite
geometrical variations, manual and automatic generated 3D patient models resulted
in an equal, i.e. 1%, variation in HTP quality. This variation was minor with respect
to the total of other sources of patient model uncertainties, i.e. 11.7%. Furthermore,
a considerable reduction in operator time per patient was achieved when using the
automatic segmentation (1 hour of processing time + 15 minutes of operator time)
instead of the manual segmentation (5-8 hours of operator time). Thus, we conclude
that the recently developed automatic segmentation method can be introduced in the
clinic for H&N HTP.

In Chapter 4 automatic segmentation of MR images is presented. The use of MR
images allows a more accurate tissue delineation for both normal [126] and target
[2,45,96,117] tissues. In this chapter, the method presented in Chapter 2 was extended
with a more advanced atlas fusion method for deriving the spatial prior term. Different
multiatlas locally weighted atlas fusion approaches were investigated using a local
search technique for the best matching image region between each atlas and the
target image. As in the previous chapter, the intensity model and the regularization
term were combined with the spatial prior term in a graph cut framework. The
accuracy of the proposed method was high both in terms of Dice similarity coefficient
(DSC) and mean surface distance (MSD) with median DSC higher than 0.8 for all
tissues except sclera and median MSD lower than 1 mm for all tissues except the CSF,
compared to manual delineations. For all tissues, except the spine tissues (myelum
and CSF), the accuracy approached the interobserver agreement/variability both in
terms of DSC and MSD. The beneficial effect of adding the intensity modelling to
the multiatlas fusion approach decreased when a more accurate atlas fusion method
was used. Using the proposed approach we improved the performance of the approach
presented in Chapter 2 for H&N hyperthermia treatment planning making the method
suitable for clinical application.

In Chapter 5, we investigated the feasibility of using deformable registration in
clinical practice to align MR and CT images of the H&N for treatment planning.
A state-of-the-art deformable registration algorithm was optimized, evaluated, and



Summary and General Discussion 97

compared with rigid registration, which is the current clinical standard. The evalua-
tion was based on 21 anatomical landmarksand regions of interest (ROIs) manually
annotated by an expert in both modalities. This evaluation scheme was selected
with respect to the applications (RTP and HTP), landmarks and ROIs visibility on
both images, and volume coverage. We also developed a multiparametric registration
approach, which simultaneously aligns T1- and T2-weighted MR sequences to the
CT. This approach was evaluated and compared with single-parametric approaches.
Both landmark-based and ROI-based evaluation showed that deformable registration
was more accurate than rigid registration without introducing unrealistic deforma-
tions. The landmarks and the ROIs alignment together with the smoothness of the
deformation demonstrated that the deformable registration provides a better spatial
alignment than rigid registration in the entire volume. The registration error was
lower than the voxel resolution for landmark-based (median error around 1.6 mm)
and ROI-based evaluation (mean surface distance of approximately 1 mm for all the
ROIs excluding the cerebellum). Similar accuracies were obtained for the single and
multiparametric approaches. We therefore conclude that deformable registration of
H&N CT and MR images is feasible with a registration error lower than the current
clinical standard.

In Chapter 6 we investigated whether deformable registration of CT and MR
images can be used to obviate the use of patient immobilization equipment during
image acquisition, which takes time and is uncomfortable for the patient. CT and
MR images of 22 patients were aligned using state-of-the-art rigid and deformable
registration algorithms. For 10 patients, MR T2-weighted images were acquired in
two settings using standard head coils: with no immobilization mask and with a small
immobilization mask created from the original radiotherapy immobilization mask in
order to fit it inside standard head coils. The small mask was used to fix the patients
in the treatment position. Still, patient positioning was different compared to the
CT position since the head coils did not allow use of a headrest nor flat table. For
12 patients, the images were acquired using a 6 channel surface coil and the origi-
nal radiotherapy immobilization equipment i.e. radiotherapy mask, headrest and flat
table. The registration accuracy was evaluated using 21 anatomical landmarks, local-
ized on CT and MR images by an expert. Leave-one-out experiments were performed
for evaluation and optimization of the rigid and deformable registrations parameters.
The best image alignment was achieved when the patient was immobilized using the
original RT mask and applying deformable registration (median error of 1.63 mm). In
general, a better alignment was achieved when immobilization equipment was used.
In agreement with Chapter 5, deformable registration provided a better image align-
ment than rigid registration. However, to achieve the best level of accuracy we cannot
avoid the use of immobilization equipment, even when using deformable registration.
Because deformable registration of images acquired using the best patient immobi-
lization equipment provides the most accurate alignment, we recommend to use these
settings in clinical practice.

In this thesis, we presented methods for the automatic segmentation of CT and
MR images for HTP, and the automatic deformable registration of CT and MR images.
The segmentation methods work with accuracies that are close to the interobserver
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variations which we shown to have a minor impact on HTP quality. The deformable
registration method provides a better alignment accuracy than the current clinical
standard without introducing un-realistic deformation. Therefore the methods pro-
posed in this thesis are ready for clinical implementation.

In the first three chapter of this thesis we showed that automatic segmentation
of CT and MR images of the H&N is feasible with an overall accuracy comparable
with manual delineation. The method described in Chapter 2 was implemented in
a software tool which was used to generate full 3D patient model as described in
Chapter 3. This tool is currently in use for hyperthermia treatment planning in the
clinic. The results of the tool are being verified for accuracy before the generation
of patient models. So far, the result of this evaluation is that only minor corrections
are needed in particular for the eyes and neck tissues, and in the ears and nose area.
The operator time of approximately 5-8h for manual delineations was significantly
reduced to approximately 1 hour minutes needed for corrections. This tool can also
be extended to incorporate the modification described in Chapter 4 to include the
segmentation of MR images and increase the patient model accuracy [126]. In this
case, CT images will still be required for the segmentation of some tissues: muscle,
fat, bone, cartilage, thyroid, optical nerve. In addition, using MR images more tissues
can be included in the patient model i.e. the white and grey matter of the brain and
the CSF. It has been shown that HTP quality is significantly influenced by a more
detailed segmentation that include these tissues [126].

The method presented in Chapter 4 was not evaluated for CT images. We expect
that the positive results obtained for MR images by using locally weighted atlas fu-
sion, will also apply to CT images, as we do not foresee any difficulties or limitations
of the model with respect to the image modality. Since CT images have a quantita-
tive intensity value (Hounsfield Unit) the intensity model may be more effective in
improving the method accuracy than for the MR images. Thus, this method can be
used to improve the CT-based patient models.

Our automatic segmentation method for the H&N was evaluated for tissues rele-
vant for HTP. Most of the tissues segmented are also needed for radiotherapy treat-
ment planning (RTP). Our framework can be easily extended for segmentation of ad-
ditional tissues relevant for RTP, e.g. parotids and submandibular glands, by adding
these to the atlases and optimizing the method parameters for these tissues. The
extension may be particularly interesting because of the lack of specific automatic
segmentation method for H&N MR images acquired for radiotherapy purposes.

In the second part of the thesis we focused on developing a strategy to obtain
accurate registrations of CT and MR images. The registration of CT and anatomical
MR scans (T1- or T2-weighted) can also be used to integrate vascular information
from contrast enhanced MR into HTP. Since blood perfusion is an important factor
in thermal redistribution [74], including a patient-specific vasculature model in the
current thermal model implementation [126] may increase the accuracy of thermal
simulation in HTP of the H&N [69].

Automatic segmentation of CT and MR images for patient model generation in
HTP can be performed with high accuracy, comparable to manual delineation. In
addition MR images can be aligned with high accuracy to the CT, using patient im-
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mobilization equipment during image acquisition. Therefore we conclude that the
integration of automatic MR~ and CT-based patient models is ready for clinical ap-
plication.
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Samenvatting

(HH) gebied vereist een nauwkeurige planning. Deze planning is gebaseerd op

driedimensionale (3D) modellen van de patint, die zijn afgeleid van beelddata
verkregen met bijvoorbeeld MRI en CT. De nauwkeurigheid van deze modellen is van
invloed op de beslissingen aangaande de behandeling, en ook op het bepalen van de
optimale behandeling. In dit proefschrift onderzoeken we methoden die automatisch
1) de anatomie van het HH gebied segmenteren uit CT- en MR-beelden, en 2) CT-
en MR-beelden registreren om MRI in de planning van de behandelingsworkfklow te
integreren.

D e behandeling van tumoren door verwarming (hyperthermie) in het hoofd-hals

In hoofdstuk 2 presenteerden en evalueerden we een automatisch segmentatie-
algoritme voor CT-beelden van het HH gebied. Dit algoritme combineert anatomi-
sche informatie, die gebaseerd is op atlasregistratie, met lokale intensiteitsinformatie
in een graaf-gebaseerde segmentatiemethode. In deze benadering worden voor elk
weefsel twee modellen gebouwd: een intensiteitsmodel en een ruimtelijk model. Het
intensiteitsmodel wordt gebouwd op basis van de histogrammen van de intensitei-
ten van de voorgrond- en de achtergrond-gebieden; de histogrammen worden bepaald
door alle atlassen te bemonsteren. Het ruimtelijke model wordt verkregen door elk
atlasbeeld te registreren met het beeld van de patint en dan de registratieresultaten te
combineren in een ruimtelijk waarschijnlijkheidsbeeld. In het graaf-gebaseerde algo-
rithme wordt ook nog een regularisatie term gebruikt die gladde segmentaties bevor-
dert. Deze drie termen worden vervolgens gebruikt om een graaf te bouwen die wordt
opgelost met behulp van de graaf-snede-methode. Eerst hebben we de eigenschappen
van de voorgestelde aanpak gevalueerd ten opzichte van de multi-atlas gebaseerde
segmentatie. Vervolgens hebben we de invloed van verschillen in de handmatige con-
structie van de atlassen op de nauwkeurigheid van de methode bepaald en vergeleken
met de multi-atlas gebaseerde segmentatie en de interobserver variabiliteit. Als gou-
den standaard werd een dataset van 18 met de hand gesegmenteerde CT-beelden
gebruikt. De Dice similarity coefficint (DSC), de Mean Surface Distance (MSD), en
de Hausdorff surface distance (HSD) werden gebruikt als evaluatiematen. Met behulp
van dertien gesegmenteerde afbeeldingen werd de invloed van de handmatige atlas-
constructie op de nauwkeurigheid van de methode gekwantificeerd en vergeleken met
de interobserver variabiliteit. De voorgestelde methode had een statistisch significant
betere score voor DSC, MSD en HSD dan de multi-atlas-gebaseerde methode voor
het glasachtig lichaam in het oog. Gemeten aan de hand van de DSC presteerde de
voorgestelde methode significant beter voor de segmentatie van alle weefsels, behalve
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de hersenstam en het ruggenmerg. De MSD toonde een significante verbetering voor
de optische zenuw, het glasachtig lichaam, de lens, en de schildklier. Gemeten aan
de hand van de HSD werkte de voorgestelde methode significant beter voor het glas-
achtig lichaam en de hersenstam. Voor de meeste weefsels (8 van de 11) benaderde
de segmentatie-nauwkeurigheid van de voorgestelde methode de interobserver over-
eenkomst. Bovendien kende onze methode een betere robuustheid voor variaties in
atlassegmentatie in vergelijking met de multi-atlassegmentatie. We concluderen dat
de voorgestelde methode HH weefsels in CT-beelden voldoende nauwkeurig kan seg-
menteren voor het genereren van 3D patint-modellen, en dat daarmee de inspanning
benodigd voor therapieplanning substantieel kan verminderen.

In hoofdstuk 3 hebben we de invloed van het gebruik van handmatige en automa-
tische segmentatie gevalueerd op de behandelingsplanning voor hyperthermie (HTP).
Om te beslissen of de automatische segmentatiemethode kan worden ingevoerd in de
kliniek, heben we het effect van het gebruik van deze methode op de HT dosisver-
deling en HTP-kwaliteit gevalueerd. Het effect van het gebruik van automatische in
plaats van handmatige segmentatie werd vergeleken en daarnaast ook de invloed van
andere bronnen van onzekerheden in het patint-model, nl. de stapgrootten tijdens de
berekening en de dilektrische weefseleigenschappen. CT-beelden van zeven patinten
werden automatisch en handmatig gesegmenteerd door vier experts, en hiermee werd
de inter- en intraobserver variatie bepaald. Ondanks de verschillen in de segmenta-
ties resulteerde de handmatige en automatische gegenereerde 3D patint-modellen in
een vergelijkbare HTP kwaliteit (1 % variatie). Deze variatie was bovendien klein
ten opzichte van de totale variatie ten gevolge van andere bronnen van patint-model
onzekerheden (11,7%). Ook werd er een aanzienlijke vermindering van de operator-
tijd per patint bereikt bij automatische segmentatie ( 1 uur rekentijd + 15 minuten
operator-tijd) ten opzichte van handmatige segmentatie (5-8 uur). We kunnen dus
concluderen dat de recent ontwikkelde automatische segmentatiemethode kan worden
gentroduceerd in de kliniek voor HH HTP.

In hoofdstuk 4 presenteerden we een automatische segmentatiemethode voor MR-
beelden. Door gebruik te maken van MR-beelden kan een meer nauwkeurige afbake-
ning van zowel normaal [126] als tumorweefsel [2,45,96,117] verkregen worden. In
dit hoofdstuk werd de methode zoals gepresenteerd in hoofdstuk 2 uitgebreid met een
meer geavanceerde atlasfusie methode om het ruimtelijk model te verbeteren. Ver-
schillende atlasfusie benaderingen, die gebruik maken van lokale eigenschappen van
het beeld, werden vergeleken. Net als in de vorige hoofdstukken werden een intensiteit-
model en een regularisatie component gecombineerd met het ruimtelijke model in een
graaf, waarna de segmentatie met behulp van de graaf-snede methode werd bepaald.
De voorgestelde methode was erg nauwkeurig, zowel in termen van de Dice similarity
coefficint (DSC) als de Mean Surface Distance (MSD) met een mediane DSC hoger
dan 0.8 voor alle weefsels behalve de harde oogrok, en een mediane MSD lager dan 1
mm voor alle weefsels behalve de liquor (CSF). Voor alle weefsels met uitzondering
van de ruggengraat weefsels (ruggemerg en CSF) benaderde de nauwkeurigheid van de
methode de interobserver-overeenstemming / variabiliteit, zowel in termen van DSC
als van MSD. Het positieve effect van het toevoegen van de intensiteit modellering
daalde wanneer een meer nauwkeurige atlasfusiemethode werd gebruikt. Met behulp
van de voorgestelde aanpak hebben we de prestaties van de aanpak gepresenteerd in
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hoofdstuk twee voor HH hyperthermie behandelingsplanning verbeterd, en kunnen
we concluderen dat de methode voldoende nauwkeurig is voor klinische toepassing.

In hoofdstuk 5 onderzochten we de haalbaarheid van het gebruik van elastische
registraties in de klinische praktijk om MR en CT-beelden van het HH gebied zo
exact mogelijk spatieel in correspondentie te brengen zodat ze gecombineerd gebruikt
kunnen worden in de behandelingsplanning. Een elastische registratie-algoritme werd
geoptimaliseerd, gevalueerd en vergeleken met rigide registratie, de huidige klinische
standaard. De evaluatie was gebaseerd op 21 anatomische herkenningpunten en aan-
dachtsgebieden (ROIs) die in beide type beelden handmatig werden geplaatst door
een expert. Bij de keuze van herkenningspunten en ROIs werd rekening gehouden
met beide toepassingen (RTP en HTP), de zichtbaarheid van de herkenningspunten
en van de ROIs in beide typen afbeeldingen en de spreiding van de herkenningspun-
ten en de ROIs over het totale volume. We ontwikkelden ook een multiparametrische
registratie-aanpak, die tegelijkertijd T1- en T2-gewogen MR sequenties registreert met
CT. Deze multiparametrische aanpak werd gevalueerd en vergeleken met de methode
die slechts n van de MRI sequenties gebruikt. Uit zowel de herkenningspunt geba-
seerde als de ROI-gebaseerde evaluatie bleek dat elastische registratie nauwkeuriger
was dan rigide registratie. Ook resulteerde de elastische deformatie niet in onrealis-
tische vervormingen. De goede nauwkeurigheid van de registratie gemeten met de
herkenningspunten en met de ROIs gecombineerd met de gladheid van de vervorming
toont aan dat de elastische registratie een betere spatile correspondentie geeft dan
rigide registratie in het gehele volume. De registratiefout was kleiner dan de voxel
resolutie voor de landmark gebaseerde (mediane fout ongeveer 1,6 mm) en de ROI-
gebaseerde evaluatie (gemiddelde MSD van ongeveer 1 mm voor alle ROIs exclusief
het cerebellum). Vergelijkbare nauwkeurigheden werden verkregen voor de n- en mul-
tiparametrische benaderingen. We concluderen daarom dat elastische registratie van
HH CT en MR-beelden haalbaar is met een registratiefout kleiner dan de huidige
klinische norm .

In hoofdstuk 6 onderzochten we of elastische registratie van CT en MR beelden
het gebruik van patint-immobilisatie-apparatuur tijdens het maken van de beelden
kan vervangen: het gebruik van de apparatuur kost tijd en is oncomfortabel voor de
patint. CT- en MR- beelden van 22 patinten werden geregistreerd met behulp van
state-of-the-art rigide en elastische registratie-algoritmes. Voor tien patinten werden
T2-gewogen MR-beelden verkregen met standaard hoofd-spoelen in twee opstellin-
gen: zonder immobilisatie-masker en met een kleine immobilisatie-masker, afgeleid
van het originele radiotherapie immobilisatie-masker en passend binnen de hoofd-
spoel. Het kleine masker werd gebruikt om de patinten in de behandelingspositie te
fixeren. Aangezien bij het gebruik van de hoofd-spoel er geen hoofdsteun en geen
vlakke tafel gebruikt kon worden was de MRI patint-positionering anders dan bij de
CT positionering. Voor 12 patinten werden beelden verkregen met behulp van 6 ka-
naals oppervlakte-spoelen en met de originele radiotherapie immobilisatie-apparatuur,
d.w.z. het radiotherapie masker, de hoofdsteun en een vlakke tafel. De nauwkeurig-
heid van de registratie werd gevalueerd met behulp van 21 herkenningspunten, die
door een expert in de CT- en MR-afbeeldingen aangegeven waren. De evaluatie en
optimalisatie van de parameters van de rigide en de elastische registraties werden
uitgevoerd met behulp van leave-one-out experimenten. De beste beeldregistratie
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werd bereikt wanneer de patint werd gemmobiliseerd met behulp van het oorspron-
kelijke RT masker en wanneer elastische registratie werd gebruikt (mediaan van re-
gistratiefout 1,63 mm). In het algemeen werd een betere registratie verkregen wan-
neer immobilisatie-apparatuur werd gebruikt. De elastische registratie resulteerde
in een betere spatile correspondentie dan de rigide registratie; dit was in overeen-
stemming met de resultaten van hoofdstuk 5. Het bleek echter ook dat het gebruik
van immobilisatie-apparatuur noodzakelijk bleef om de beste nauwkeurigheid te be-
reiken; elastische registratie kan de fouten die ontstaan door geen gebruik te maken
van immobilisatie-apparatuur niet volledig compenseren. Omdat elastische registratie
van beelden verkregen met behulp van de beste patint immobilisatie-apparatuur de
meest nauwkeurige match geeft raden wij deze combinatie te gebruiken in de klinische
praktijk.

In dit proefschrift hebben we methoden voor de automatische segmentatie en de
automatische elastische registratie van CT- en MR-beelden voor HTP gepresenteerd
en gevalueerd. De segmentatiemethoden werken met een nauwkeurigheid die de in-
terobserver variabiliteit benadert. Ook hebben we aangetoond dat de interobserver
variabiliteit een geringe invloed heeft op HTP kwaliteit. De elastische registratie-
methode zorgt voor een betere nauwkeurigheid dan de huidige klinische standaard
zonder dat er niet-realistische vervormingen ontstaan. Daarom is de methode zoals
voorgesteld in dit proefschrift klaar voor klinische implementatie.

In de eerste drie hoofdstukken van dit proefschrift laten we zien dat de automa-
tische segmentatie van CT en MR beelden van het HH gebied mogelijk is met een
nauwkeurigheid vergelijkbaar met handmatig intekenen. De methode beschreven in
hoofdstuk 2 werd gebruikt om volledige 3D-patint-modellen te genereren uit CT, zoals
beschreven in hoofdstuk 3. Deze methode is momenteel in gebruik voor HTP in de
kliniek, waarbij de resultaten van deze methode nog altijd geverifieerd worden door
een expert. Tot nu toe is gebleken dat alleen kleine correcties nodig zijn, met name
voor de ogen, nek weefsels en bij de oren en het gebied bij de neus. De arbeidstijd
van ca. 5-8 uur voor handmatig intekenen werd significant teruggebracht tot maxi-
maal 1 uur voor correcties. De methode kan worden uitgebreid met de aanpassingen
zoals die in hoofdstuk 4 beschreven, zodat de segmentatie van MR-beelden meege-
nomen kan worden om de nauwkeurigheid van het patint-model te verhogen [126].
CT-beelden blijven nodig voor de segmentatie van bepaalde weefsels, zoals spier, vet,
bot, kraakbeen, de schildklier, en de optische zenuw. Met behulp van MRI kunnen
meer weefsels, zoals de witte en grijze stof van het hersenweefsel en de liquor, wor-
den opgenomen in het patint-model. Het is aangetoond dat HTP-kwaliteit significant
benvloed wordt door een meer gedetailleerde segmentatie [126].

De methode die we in hoofdstuk 4 presenteerden is nog niet toegepast op CT-
beelden. Wij denken dat de positieve resultaten verkregen op de MR-beelden door
het gebruik van lokaal gewogen atlasfusie, ook zullen gelden voor CT-beelden: we
voorzien geen moeilijkheden of beperkingen van het model met betrekking tot de af-
beeldingsmodaliteit. Integendeel, juist omdat CT een kwantitatieve intensiteitsschaal
heeft (Hounsfield Unit) is het te verwachten dat het intensiteitsmodel effectiever is in
het verbeteren van de nauwkeurigheid bij CT- dan bij MR-beelden. Deze methode
kan gebruikt worden om de CT-gebaseerde patint-modellen te verbeteren. Onze me-
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thode voor automatische segmentatie van het HH gebied werd gevalueerd met behulp
van weefsels relevant voor HTP. De meeste van de gesegmenteerde weefsels zijn ook
relevant voor radiotherapie behandeling planning (RTP). Onze benadering kan een-
voudig worden uitgebreid met de segmentatie van additionele weefsels relevant voor
RTP, bijv. de oorspeekselklier en de submandibulaire klieren, door de atlassen uit te
breiden met deze weefsels en de methode-parameters voor deze weefsels te optimali-
seren. Deze uitbreiding kan met name interessant zijn in verband met het ontbreken
van specifieke automatische segmentatiemethodes voor HH beelden die verkregen zijn
voor radiotherapie doeleinden.

In het tweede deel van het proefschrift hebben we ons gericht op het ontwikkelen
van een strategie voor het verkrijgen van een nauwkeurige registratie van CT- en
MR- beelden. De registratie van CT- en anatomische MR-scans (T1 of T2-gewogen)
kan ook worden gebruikt om informatie over de bloedvaten, verkregen uit contrast
MR, te integreren in HTP. Aangezien de doorbloeding een belangrijke factor is voor de
temperatuur (her)verdeling [74], kan het toevoegen van een patint specifiek vaatmodel
aan het huidige thermisch model [126] de nauwkeurigheid van de thermische simulatie
van HTP in het HH gebied verhogen [69].

Concluderend kan de automatische segmentatie van CT- en MR-beelden voor het
genereren van patint-modellen in HTP worden uitgevoerd met een hoge nauwkeurig-
heid, die vergelijkbaar is met de nauwkeurigheid van handmatig intekenen. Daarnaast
kunnen MR-beelden met CT worden geregistreerd met een hoge nauwkeurigheid als
gebruik gemaakt wordt van patint immobilisatie-apparatuur tijdens het verkrijgen
van de beelden. Wij concluderen daarom dat het gebruik van automatische MR- en
CT-gebaseerde patint-modellen voor HTP klaar is voor klinische toepassing.
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