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Abstract

Due to recent advances in image guided surgery, the availability of ef-
ficient algorithms for the fusion of pre- and intra-operative image data
is of increasing importance. Because of the unavoidable deformations
in the anatomy the classical rigid registration techniques can only be
used for very limited special cases. Hierarchical subdivision techniques
allow, however, to decompose non-rigid matching problems into rigidly
registering numerous sub-images of decreasing size. While Mutual Infor-
mation has proven to be a very robust and reliable similarity measure for
intensity-based registration of multi-modal images, numerous problems
have to be faced if it is applied to small-sized images, compromising its
usefulness for such subdivision schemes.

Within this dissertation, we examine and explain the rather unexpected
behavior of Mutual Information when applied to structureless image re-
gions or regions covering only a limited number of image pixels. Methods
to overcome these limitations are presented and their performance tested
using the hierarchical subdivision registration scheme.

A new method inspired from point pattern analysis is introduced to iden-
tify problematic regions not containing enough structural information to
reliably find the proper correspondence between the images using Mu-
tual Information. The proposed method not only improves the accuracy
and robustness of the registration, but can also be used as a very efficient
stopping criterion for the further subdivision of nodes in the hierarchy
improving the computational complexity by a factor of 5 for 2D images.

To overcome the statistical consistency problem when estimating Mutual
Information for small image regions, an intensity mapping technique is
presented. This mapping transforms the initial multi-modal images into
a common pseudo-modality and therefore allows to switch the similar-
ity measure to the more robust Cross-Correlation. The integration of
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this mapping technique brought about an additional reduction of the
computational complexity by a factor of about 2 for 3D images.



Zusammenfassung

Aufgrund der aktuellen Fortschritte in der Bildgefithrten Chirurgie ist die
Verfiigharkeit von effizienten Algorithmen fiir die Registrierung von pra-
und intraoperativen Bilddaten von grosser Wichtigkeit. Die klassischen
rigiden Registrierungstechniken sind aber aufgrund der unausweichli-
chen Deformationen im Gewebe nur beschrankt einsetzbar. Im Gegen-
satz dazu erlaubt die hierarchische Subdivisionstechnik eine Zerlegung
eines nicht-rigiden Matching Problems in mehrere rigide Registrationen
von kleineren Unterbildern. Wéhrend sich Mutual Information als ein
robustes und verlissliches Ahnlichkeitsmass fiir die intensitétsbasierte
Registrierung multimodaler Bilder erwiesen hat, ergeben sich verschie-
dene Probleme bei der Verarbeitung von kleinen Unterbildern, was die
Anwendbarkeit dieser Methoden kompromittiert.

In dieser Dissertation untersuchen wir das zum Teil unerwartete Verhal-
ten von Mutual Information wenn es auf Bilder mit wenig strukturellem
Inhalt oder auf Regionen mit wenigen Bildpixeln angewendet wird. Im
weiteren werden Methoden vorgestellt, welche diese limitierenden Fakto-
ren umgehen und ihre Leistungsfihigkeit anhand einer Implementation
in einem hierarchischen Subdivisionsregistrierungssystem gepriift.

Eine neue auf der Punktmusteranalyse basierende Methode wird ein-
gefithrt um problematische Regionen zu identifizieren, welche nicht genii-
gend Struktur fiir eine Registrierung mit Mutual Information enthalten.
Die Methode verbessert aber nicht nur die Genauigkeit der Registration,
sondern bildet auch ein sehr effizientes Stoppkriterum um weitere hier-
archische Unterteilungen zu verhindern. Die benétigte Rechenzeit sinkt
durch deren Einsatz um einen Faktor 5 fiir 2D Bilder.

Im weiteren wird noch eine Intensitatstransformation fiir kleine Unter-
bilder vorgestellt. Diese Methode erlaubt es durch transformieren der
beiden Bilder in eine Pseudomodalitéit auch fur multi-modale Bilder die
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robustere Crosscorrelation als Aehnlichkeitsmass zu verwenden. Die In-
tegration dieser Transformationstechnik hat eine weitere Reduktion der
Rechenzeit um einen Faktor 2 erbracht.
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Introduction

1.1 TImage registration

The discovery of the X-rays in 1895 by Wilhelm Conrad Réntgen marked
the beginning of a new era in medicine, because for the first time it was
possible to see and analyze organs and tissues inside the human body
without a surgical operation. The X-ray images were opening the way to
better understand the human body’s anatomy and functionality. Soon,
the X-ray images became a useful tool for medical diagnosis, and even
now, after more than one century this film-based medical images are still
broadly used in radiological applications.

In the computer era, the film-based X-ray images are replaced by digital
images, providing the spatial information about both anatomical and
functionality of the human body in high resolution. The last decades of
immense scientific research and technological progress resulted in the de-
velopment of numerous new and performant imaging techniques. These
techniques can be differentiated by their underlying imaging principles,
such as the physical properties of radiation field and of the sensors. Each
imaging technique leads to a different image modality, which is charac-
terized by its capability of picturing in a particular manner the details
of the different tissues. Depending on the characteristics of the irradi-
ating field and the sensitivity of the acquiring sensor, the same material
may appear differently in images of different modalities. For example,
X-ray computed tomography (CT) images are sensitive to tissue density
and atomic composition according to their X-ray attenuation coefficient,
while magnetic resonance (MR) images are responsive to proton density,
relaxation times, flow, and other parameters. Ultrasound (US) images,
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(d)

Figure 1.1: Example of images acquired with different modalities. (a,b)
CT and MR transversal scans of the head. (c,d) CT and MR transversal
scans of the abdominal region

detect subtle changes in acoustic impedance at tissue boundaries and
discriminate the tissues by their different diffraction patterns. Also, en-
doscopy and surgical microscopy provides images of visible surfaces deep
inside the body. Figure 1.1 shows how the same tissues are pictured in
a different manner by the different acquiring image modality.

Even more, the two-dimensional (2D) X-ray images are now replaced
with three-dimensional data (3D) or time series images which increase
the possibility of spatially locate and analyze the human anatomy and
physiology. These advances of the imaging technology and the ever im-
proving quality of the generated images, has enormously increased the
potential of medical imaging in the clinical practice.

Nowadays, medical imaging became a vital component of a large num-
ber of clinical applications. Developing extremely fast during the last
decades, medical imaging is bringing new techniques to improve exist-
ing clinical procedures or to facilitate the establishment of completely
new approaches. The most important component of this process is the
quickly growing role of medical imaging in supporting therapy by deliver-
ing essential information for pre-operative planning and intra-operative
navigation. All the related procedures are using a large number of digital
images on a routine basis. Taken at different times or by different radi-
ological modalities, these images are usually containing complementary
information. Therefore, most of the clinical procedures are requiring a
proper integration (fusion) of the information contained in the images
of different modalities. The crucial step in this fusion process is the
registration procedure which ensures that the images of interest are in
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a sufficiently good spatial alignment by establishing the correspondence
of anatomical structures within the patient. The process of image fusion
helps the physician to monitor the evolution of diseases or the effect of
the different treatments applied by looking at the pathological changes
in the shape or internal structure of the organs. Prior knowledge can also
be integrated in the process of diagnosis by fusing the medical images
acquired with an anatomical atlas.

The process of accurate quantitative analysis of the structural and phys-
iological parameters from medical images is usually a difficult problem.
The complexity comes not only from the 3-D nature of the problem,
but also because of intrinsic limitations of the image acquisition pro-
cess itself. Often, the medical images present a poor contrast, a limited
resolution and artifacts generated by partial volume effects, noise, or in-
homogeneities. The ambiguity in the images results in intra- and inter-
observer variability in the measurements that may be of the same order
of magnitude as the signal to be quantified itself. Therefore, this may
deteriorate the reproducibility of the measurements and weaken the sig-
nificance of the clinical observations derived from the images. Improving
the reliability of image measurements requires robust and well-validated
strategies for automated, computer-based image analysis. However, the
robustness of these automated approaches often suffers from limiting as-
sumptions imposed on the data that are not always made explicit, from
reliance on object or image specific parameters, and from the use of
too simple models, such that a manual intervention is usually required.
Moreover, the validation and the experimental evaluation is often lacking
or insufficient to support reliable application on real-world problems.

In the same time, the clinical requirements for medical image analysis
have grown considerably, imposing new and more challenging demands
on the medical image processing algorithms involved, and consequently
on the accuracy of the image registration procedures. Often encountered
as image matching or alignment, image registration is the process of
aligning two or more images of the same scene from different viewpoints
and/or time such as the corresponding structural features are in the same
physical position. This term is also used for the alignment of images with
a computer model, or aligning image features with locations in physical
space. Basically, there is no restriction regarding the modality used to
acquire the images, and also regarding the time point of their acquisition.
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Image registration is a crucial step in all image analysis tasks in which the
final information is gained from the combination of various data sources
like in image fusion, change detection and multichannel image restora-
tion. Therefore, image registration has applicability in many fields, like
remote sensing (multispectral classification, environmental monitoring,
change detection, image mosaicing, weather forecasting, creating super-
resolution images, integrating information into geographic information
systems (GIS)), in cartography (map updating), computer vision (target
localization or tracking, model based segmentation, automatic quality
control) but this thesis only addresses the field of radiological imaging.

The main goal of the research presented in this thesis is the develop-
ment of an automatic method for non-rigid registration of mono- and
multi-modal medical images. While in the early phase of development
the distance between image features has been dominantly used for char-
acterizing the goodness of fit between the structures to be matched, the
importance of purely intensity-based measures has grown very quickly
during the past decade. This is due to the fact, that these approaches
are not dependent on feature detection, which is not only preventing
the influence of errors caused by a pre-processing step, but also making
these methods more suitable for automatic processing. The introduc-
tion of Mutual Information (MI) as a similarity measure by Viola and
Wells [Viola and W. M. Wells 1995] and Collignon et al. [Maes et al.
1996] has especially influenced the development of intensity-based image
registration due to its inherent ability to deal with multi-modal match-
ing problems. The decisive property in this respect is that MI does not
depend on any linear relation between the different image intensities but
it relies only on statistical properties of the two-dimensional histogram.
The following years of intensive research were proving the advantages
and the robustness of this approach, and MI started to be extensively
used even in the field of mono-modal registration.

New robust and accurate non-rigid registrations algorithms are heavily
required by the increasing importance of the medical imaging in sup-
porting therapy, by delivering essential information for pre-operative
planning and intra-operative navigation. Every medical application that
necessitates an image registration procedure is imposing specific require-
ments concerning the accuracy, robustness, multi-modal capability and
speed. In order to be as general as possible, we propose a new algorithm
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that can be further used as a modular framework and that can be easily
adapted to a wide area of applications. The new algorithm is developed
such that it overcomes the limitations and problems noticed for many
other registration algorithms already presented in the literature. Based
on the idea presented in [Likar and Pernus 2001], we developed an en-
hanced hierarchical image splitting strategy for non-rigid registration of
mono- and multi-modal images. The hierarchical strategy covers a big
variety of possible deformations by decomposing the non-rigid matching
problem into rigidly registering numerous sub-images of decreasing size.
The final continuous deformation field is calculated by regularization and
interpolation of the local transformations. Problem specific constraints
can be easily integrated into the algorithm. This thesis contributes to the
development of more reliable automated non-rigid medical image regis-
tration tools for multi-modal images with broad applicability in clinical
practice.

1.2 Classification of the registration meth-
ods

The big variety of applications with specific requirements and available
technologies led to an impressive number of methods that have been
proposed and developed during the past decades. Several surveys and
even textbooks have been already published presenting a broad and com-
plete overview of the techniques proposed in the literature [Brown 1992,
van der Elsen et al. 1993, Hajnal et al. 2001, Hill et al. 2001, Zitova
and Flusser 2003]. Therefore, in this section we present only a brief
overview of the classification of the proposed methods and their under-
lying principles. The mathematics and the implementation details of
those methods related to the subject of the present thesis are discussed
in the next chapter.

The most complete set of classifications criteria was proposed by Maintz
and Viergever in 1998. Following the terminology proposed in [Maintz
and Viergever 1998], the registration procedures were classified according
to the problem statement, the registration paradigm and the optimiza-
tion procedure. The problem statement includes criteria such as the
object or the region of interest, the modality and dimensionality of the
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images involved, the source of the images (eg. the same or different pa-
tients) and also the nature of the transformation to be recovered. The
registration paradigm involves the image features and the correspon-
dence criterion used to compute the registration while the optimization
procedure criterion regards the search strategy for determining the ac-
tual registration parameters and also the degree of the required user
interaction.

According to the registration paradigm, the registration procedures can
be classified as being extrinsic or intrinsic. The extrinsic registration
procedures are based on foreign markers introduced into the image space.
These methods rely on artificial objects (e.g. stereotactic frame, fidu-
cial screw or skin markers, dental adapter, mold, etc.), usually attached
to the patient and that are designed to be well visible and accurately
detectable in all the imaging modalities. As such, the registration of
the acquired images is fast and easily performed in an automatic man-
ner. The main drawbacks of these methods are the prospective and
the usually invasive character of marker placement. While, non-invasive
markers can also be used, but they lead to less accurate results. Usu-
ally, the extrinsic methods are limited to rigid transformations (used
in orthopedics and neurosurgery) and very few methods were proposed
for non-rigid applications (only if a big number of markers can provide
sufficient information about the local deformation).

The intrinsic registration methods are developed such that only the im-
age information is used as it is acquired from the patient. In this case,
the registration can be based on a limited set of identified salient points
(landmarks), on the alignment of segmented binary structures (segmen-
tation based), or directly onto measures computed from the image grey
values (vozel property based). The landmarks are usually well identifiable
points of the morphology of the visible anatomy, located automatically or
interactively by the user. Similar to the extrinsic methods, the landmark
based methods are also usually restricted to rigid or affine transforma-
tions, and the performance is heavily dependent on the accuracy of the
landmarks extraction. Basically, a landmark identification procedure is
similar to segmentation, only extracting simple points instead of lines,
surfaces or volumes. Therefore, the accuracy of these methods is usually
highly data and application dependent, and is limited by the segmenta-
tion error of the landmarks and the precision of their localization.
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The voxel property based approaches represent a special class of the
intrinsic methods because they operate directly on the image grey values
without any prior data reduction by a segmentation procedure. There
are two main approaches: on one hand to represent the information by
a set of scalars and orientations (the principal ares and moments based
methods), on the other hand to use the full image content. The latter
approach is currently in the focus of research because it proves to be
the most flexible and potentially the most accurate, as it uses all the
information available in the image throughout the entire registration
process. The main drawback of the full image content approach is the
computational cost, but this is not necessarily an issue due to the steadily
increase of available computational resources. Because this approach is
also in the focus of the present thesis, more details about the voxel
property based methods will be presented in the following chapter.

Another important criterion for classification of the registration proce-
dures concerns the nature of the geometrical transformation to be recov-
ered. The appropriate type of the transformation needed to correct the
spatial misalignment is imposed by different factors, either related to the
image content or to the scanning procedure. For example, the stiffness
of the tissues to be registered or other physical properties of the anatom-
ical structures contained in the images are imposing constraints to the
choice for the transformation model. One can assume that a simple rigid
body assumption can be appropriate for registering the skull in 3D scans
of the head. This means that the appropriate spatial transformation is
a combination of only three translations and three rotations. However,
this rigid assumption holds only if the user can neglect the scanner mis-
calibration or geometric distortions in the images. More elaborate affine
transformations can further compensate for image scaling and skew dif-
ferences. Projective transformations are sometimes useful to register 2D
X-rays to 3D scans.

As in most of the cases the anatomy shows unavoidable deformations
between consecutive imaging processes or during the surgical procedure,
non-rigid or curved transformations capable of dealing with more local-
ized spatial changes are nowadays in the focus of research and develop-
ment. The non-rigid transformations are also suitable to compensate for
the anatomical differences existing either when the images are coming
from different subjects or when an atlas registration is performed.
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In contrast to the previous types of transformations that can be described
only by a small set of parameters, the non-rigid transformations are
usually described in terms of a vector displacement field (disparity) or
as polynomial transformations. All these transformations can be applied
globally to the entire image space, or locally to certain regions within the
images. The local transformations are not very common because they
may violate the continuity and the bijectiveness of the transformations.
However, if more such local transformations are covering the entire image
space, they can be integrated into a global curved transformation.

There are other important criteria of the classification of the registration
methods that have to be mentioned. One of them concerns the imaging
technology used to acquire the images. If the images to be registered
result from the same or different scanning technology, the registration is
called to be mono-modal or multi-modal, respectively. In preoperative
procedures, the physician might be interested in a modality to model reg-
istration, such that he can compare the pathology of the patient with a
standard computer model. There are different imaging devices available
in the OR like endoscopes, echographs, microscopes or even video cam-
eras which can provide images of the scene in real time. These real world
images, displayed on a screen can be fused with a preoperative scan of
an internal organ to provide guidance to the surgeon. These patient
to modality registration methods are usually integrated into minimally
invasive surgery procedures.

1.3 Organization of the thesis

In the following chapter we present the related work and the basic theory
behind a rigid registration procedure, followed by an overview of the
existing methods for non-rigid image registration. The chapter concludes
by presenting the hierarchical image splitting strategy proposed by Likar
and Pernus which constitutes the starting point of our research.

Chapter 3 presents our investigation of the behavior of Mutual Infor-
mation. It firstly describes the results of our research that revealed a
disturbing peculiar behavior of MI. This drawback, together with the
already known limitations can seriously perturb the accuracy of any hi-
erarchical registration procedure that uses the matching capability of
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MI. Consequently, this chapter presents several solutions we developed
and proposed to overcome the limitations of MI.

After an overview of the existing methods for deformation field regu-
larization, Chapter 4 describes our proposed method to approach this
problem.

In Chapter 5 we present the entire enhanced hierarchical algorithm com-
posed of the different methods and solutions presented in the previous
chapters. In this chapter we provide details of the algorithm imple-
mentation and its modular architecture, and we discuss several possible
extensions of the different modules.

Chapter 6 presents and analyzes the results of our non-rigid registration
algorithm for mono- and multi-modal images.

The last chapter draws the conclusions and presents several directions
for further research.






Related Work and
Background Theory

The previous chapter introduced the general concepts and the classi-
fication of the proposed methods for image registration. This chapter
presents the underlying theory and algorithms behind the main exist-
ing voxel-based methods for both rigid and non-rigid approaches. After
establishing notation and terminology used in this thesis, this chapter
continues by presenting the concepts behind a general 3D voxel-based
rigid-body registration algorithm in detail. This algorithm is considered
as an exemple, from which general rules and concepts can be extended
for all the other registration applications, including 2D and 3D images,
image referencing with physical space, and non-rigid intra- and inter-
subject registration. The chapter will continue with an overview of these
main approaches, especially for non-rigid registration, and conclude with
a detailed description of the hierarchical image splitting strategy that
represents the starting point of the research presented in this thesis.

2.1 Notation and terminology

A registration algorithm, as stated in the definition, has to find the
proper spatial transformation that relates the information conveyed in
an image to the another image or to the physical space. Therefore,
a registration algorithm requires as input at least two images of the
same scene, or an image and a computer model or the parameters of the
physical space. The main goal of this work is to present a new algorithm
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for multi-modal image registration. For simplicity reasons, the entire
thesis considers only the case of two input medical images.

2.1.1 The discrete nature of the images

Medical images undergoing the registration process are in a digital for-
mat. They are formed by sampling and quantizing the real world scene
in their field of view into a limited number of samples. For an image A,
this field of view forms the image domain Q4 and it can be expressed
as a discretization of the finite continuous space of the imaged patient
volume Q4 with an infinite sampling grid F?. This sampling grid defines
the spatial resolution of the medical image and it is characterized by the
sample spacing fA = ( ;47 ;‘7 5;4) given by the properties of the scanning
device. This sampling process is likely to be different for two different
images and while the sampling is commonly uniform in a given direc-
tion, it may be anisotropic for the different directions within the image.
In case of 2D images, its samples are called pizels (an abbreviation of
“picture elements”) and for 3D images the samples are called generally
vozels (an abbreviation of “volume elements” ).

Within an image A, each voxel is associated with a spatial location
§a = (s, s‘y“7 s2) and an image intensity value A(54). The images are
not only discretized in space, but also in intensity values (or levels). Very
often in practice, the intensity values are quantized into n bit levels, (with
n often 8, 16, 24 or 32). The entire domain of the possible intensity levels

of an image is denoted with €,:

Qo = {a = A(54),¥81 € Qu}. (2.1)

It is important to notice that a pair of images to be registered are de-
rived from a real scene or object, i.e. the patient. These images have
a limited field of view, that normally does not cover the entire patient.
Furthermore, this field of view is likely to be different for the two im-
ages. As the images A and B represent the same object, taken with the
same or a different modality, their image domains 24 and Qp might be
different, but there is a relation between the spatial locations in A and
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B. Sometimes it is useful to define the images within their field of view
as a mapping of points in the patient to intensity values:

A:?AEQA|—>A(§A)

BZ;BEQB|—>B(§B). (22)

Therefore, within the common space covered by both image fields of view,
any spatial location s of the imaged object will have a corresponding
position §4 within the image A and s’ within the image B.

2.1.2 Registration transformation

The final goal of image registration is to recover the transformation that
relates the spatial position of the features in one image with the position
of the corresponding features in the other image. In geometrical terms,
this transformation represents a mapping of every position sg from Qpg
into the corresponding position §4 from €14 over the entire domain of
interest. Denoted with T 4, this spatial relation is called the registration
transformation, and can be defined as:

TBA3§B€QB'—>§A€QA<:>TBA(§B): A (2.3)

This registration transformation is valid only within the domain of inter-
est represented by the overlapping part of the two image fields of view,
denoted with Q£B3

Q£B:{§A€QA|§A:TBA(§B)7§BEQB}~ (2.4)

In any registration procedure, one of the images is considered as the ref-
erence image (or target image) while the other image is considered as the
floating image (or source image). The reference image is spatially fixed
and its image domain represents the mapping target of the registration
transformation. As such, the floating image is undergoing the registra-
tion transformation, from its own image domain into the reference image
domain. During the entire thesis, image B will always be considered as
the floating image that has to be registered with the reference image A.
Therefore, the subscript from T’ 4 will also be omitted from the notation
of the registration transformation (T's4 = T'). However, it is sometimes
useful to define the inverse transformation Tyg = T~ ! from the image
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A to the image B, but care has to be taken because not all the geo-
metrical transformations are invertible. The floating image B which is
transformed into the reference image domain is denoted as BT = T(B)
and mathematically it can be expressed as a mapping of all the points
Sp from Qg into the overlapping domain QE B

BT :T(55) € QL. (2.5)

Because Q% 5 is only a subset of the image domain Q4, the correspond-
ing domain of intensity levels, denoted QI will also be a subset of Q.
Similarly, the transformed floating image BT will have a corresponding
domain of intensity levels QF'. However, because the transformation from
one image domain into the other is likely to involve an intensity interpo-
lation of the voxels that are falling in between the grid of the reference
image domain, the transformed intensity domain QbT is not necessarily a
subset of the initial intensities. The aspects involving intensity interpo-
lation will be discussed later.

2.1.3 Image coordinate system

Due to the digital nature of the images, a two-dimensional (2D) image
can be represented as a rectangular array whose elements are the image
samples. Similarly, a 3D image is obtained by stacking together 2D
images and can be represented as a 3D array. A spatial location §4 =
(s4, s‘y“7 s of a voxel within the image A is given by the natural indexing
within the image array. This array defines a Cartesian coordinate system
for the image, known as the image coordinate system. This coordinate
system is associated to the image domain Q 4, and conventionally is
defined such that the x and y axes are chosen to be in the slice plane, and
the z axis along the slice stack. The origin of the image coordinate system
is considered as the first voxel of the image, the x and y coordinates
denoting the column and row number, respectively, and the z coordinate
denoting the slice number, assuming that the data is stored row by row

and slice by slice.
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2.1.4 World coordinate system

Due to the possible different orientation of the patient relative to the
scanning device, a more general coordinate system needs to be defined
with respect to the imaged scene. This is the so called world coordinate
system conventionally defined such that the orientation of its axes is
relative to the patient’s body and its units are expressed in real-world
units (millimeters). The world coordinate system is related to the image
coordinate system by the origin of its axes that is defined in the center
of the image volume. The convention is as follows: the = axis is running
from the patient’s right side to his left side (R—L), the y axis from
the patient’s anterior to his posterior (A—P), and the z axis form the
patient’s inferior towards his superior (I—S).

According to the properties of the image A, such as voxel size, orienta-
tion, and dimension, a mapping 7;;‘ can be defined such that the entire
image domain €24 can be transposed into the world coordinate system,
and vice versa. This is similar to the process of mapping the digital im-
age back into the continuous space of the originally scanned volume of
the patient Q4. The sampling quantization makes the process of recov-
ering the original volume practically impossible, so Q 4 will denote the
discrete image domain transformed into the world coordinate system:

Qa =Ty (Qa) (2.6)

where 7 represents the transformation from the image coordinates to
the world coordinates. Accordingly, by denoting the location of a point
in image coordinates with 84 € €14, its corresponding position in world
coordinates is denoted with ws = (w?, w;“? w) € Q4 and defined as:

Wy = T (34). (2.7)

W

The transformation 7;;‘ represents the mapping from N® to R® and the
inverse transformation from world to image coordinates is 7,4:

Tai = (Tip) (2.8)

It is important to note, that this world to image coordinates transfor-
mation Zﬁ represents a mapping from R® to N®, and it will take into
consideration the discrete nature of the image domain. Therefore, this
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transformation involves a voxel interpolation of those points falling in
between the natural grid of the digital image, as it will be discussed
later.

In order to differentiate between the registration transformation T that is
mapping a point from the floating image domain into the reference image
domain, in this world coordinate system we will denote the transforma-
tion with 7. The difference is the support of the two spatial mapping
functions: T:N? - N? and 7 : R® — R3.

2.2 Rigid and affine registration algorithms

This section addresses both the rigid and the affine registration pro-
cedures with the generic name of rigid registration, because the only
difference is the number of degrees of freedom allowed for the spatial
transformation. Figure 2.1 delineates the four key elements of a stan-
dard voxel-based registration algorithm: the transformation model, the
similarity metric, the voxel interpolation method and the optimization
procedure. Firstly, an assumption has to be made on the appropriate
transformation model that can reasonably compensate for the spatial
misalignment between the different images of the scene of interest. At
the same time, a suitable similarity metric has to be defined in order to
numerically quantify the goodness of fit between the images, according to
the scanning technology used to acquire the images to be registered. For
the voxel-based registration algorithms the similarity metric is estimated
directly from the image intensities and therefore its choice depends on the
scanning modalities of the input images. The interpolation is required
to estimate the intensity of the voxels which are falling in between the
sampling grid points of the reference (target) image. During the entire
registration procedure, the optimization algorithm is used to iteratively
search for the correct spatial transformation, by making a series of suc-
cessive trials and guesses in order to maximize the predefined similarity
metric.

The rigid registration algorithm is one of the simplest registration proce-
dures because it operates with the simple transformation model of a rigid
body, which can only translate and rotate in 3D physical space. An affine
registration procedure allows in addition scaling and skew, thus making
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‘ Transformation model ‘ ‘ Voxel interpolation ‘

P=——ug
e N

‘ Optimization procedure ‘ Similarity measure ‘

Figure 2.1: The general scheme of an image registration algorithm

a step towards the non-rigid models. More details about these transfor-
mation models will be given in the next subsection. A general flow chart
of a rigid registration procedure is depicted in Fig. 2.2. It is tailored to
follow the previous description of a rigid registration procedure.

To summarize, a rigid registration procedure starts with an initial es-
timate of the spatial transformation 7., for which the corresponding
similarity measure is calculated. The subscript o marks the dependency
of the registration transformation on a set of parameters which are reg-
ularly expressed in the common world coordinates of the images. This
« is a set of six parameters, as will be described later, representing the
six degrees of freedom of a rigid body: three translation and three rota-
tions. If there are no other means of initializing the set of transformation
parameters «, then the best initial estimate is the simple alignment of
the centers and the axes of the world coordinate systems associated to
the images to be registered. In this case, the initial set of parameters o
is set to zero and the corresponding spatial transformation is the iden-
tity matrix. Usually, this is a good initialization estimate, assuming
that the images are focused on the objects to be registered. This align-
ment of the images in the world coordinate system is ensured by the
individual associated image to world transformation matrixes 7;3,3 that
have to be calculated once at the beginning of the registration proce-
dure. These image to world transformations compensate for different
orientation, voxel anisotropy or differences in voxel size between images.
Therefore, by combining all these transformations, the spatial transfor-
mation T, = Tpa(a) is estimated from the floating image domain Qp
into the reference image domain Q4. Using this transformation matrix
T\, the floating image B is transposed into the reference image domain.
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Figure 2.2: The flow chart of a rigid registration algorithm
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This mapping includes the voxel interpolation method which ensures the
correct reconstruction of the floating image on the new reference image
sampling grid. Once both images, the reference image A and the trans-
formed floating image BT« are in the same image domain, then the sim-
ilarity metric S(A, BT=) between the images can be estimated over the
entire volume of overlap QEB. Then, the optimization algorithm starts
searching a new set of parameters o — ogptim that would optimize the
similarity metric. The algorithm repeats the sequences described above
until the similarity measure reaches its optimum. Finally, according to
this optimal set of parameters, the floating image B is transformed into
the reference image domain. However, sometimes it is of interest to
know only the corresponding transformation into the image coordinates
Toopiim OF the world coordinate frame 7, These transformations
can be directly used by subsequent image processing procedures, e.g.
segmentation procedure, or image referencing with the physical space.

tim

The following subsections present in detail the four main elements of the
rigid registration algorithm, (1) the descrition of the spatial transforma-
tions, (2) the different choices of the most common similarity metrics,
(3) a summary of three fast voxel interpolation methods, and (4) an
overview of the optimization procedures.

2.2.1 Rigid and affine spatial transformations

In many practical applications, local non-rigid tissue deformations are
negligible or irrelevant, so the geometrical relationship between the im-
ages to be registered can be modeled by a rigid or an affine linear trans-
formation. The spatial transformation can be defined either between
the image domains or directly in the world coordinate frame. The latter
transformation, denoted with 7 is compensating for the spatial misalign-
ment induced by the change of shape or pose of the imaged object in
the real physical space. Apart from the real world transformation 7, the
image to image transformation T includes the image to world individual
transformations 7;3,3 that are compensating for the possible different
image characteristics induced by the scanning device. Therefore, the
image to world coordinates mapping will be characterized first, followed
by the description of the rigid and affine transformations in the world
coordinate system.
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Image to world transformation

Given an image A, the transformation 7,2 that maps any location 54 of
the image domain 2 4 into the corresponding location w4 in the world
domain Q4 is the image to world coordinate transformation. This trans-
formation 7;;‘ can be expressed as a 4 X 4 matrix using homogeneous
coordinates that is a composition between the image orientation O4 (or
the relative position of the patient to the scanning device), the image
voxel size fA and the positioning of the origin of the world coordinate
system (in the center of the image volume) expressed in image coordi-
A cA Ay

S
nates ¢4 = (ci, ¢, ¢l )

&0 0 —¢
A

0 & 0 —c

0 0 ¢ —¢

0o 0 0 1

T4 = 0% (2.9)

NS 8

Some of the most common image orientation matrixes @4 are given in
Table 2.1.

Image orientation
transversal sagittal coronal
[1 0 0 07 [0 0 1 07 (1 0 0 07
0 01 0 0 1 0 0 0 0 0 -1 0
0 0 1 0 0 -1 0 0 0 -1 0 0
L0 0 0 1 ] L0 0 0 1 | L0 0 0 1 |

Table 2.1: The standard orientation matrix O relating the image coor-
dinates to the world coordinates for different image orientations

In order to reduce the effects of radiation, some CT scanners have a
non-zero gantry tilt angle, leading to the non-orthogonality of the z axis
to the slice plane. This v* angle has also to be taken into account when
calculating the image to world coordinates transformation:

&' 0 0 —&ef
0 £A COS(’yA) 0 —fAcA COS(’y)A
T{A A y Yy
w=O" | 0 hsin(yd) ef —ghed —ghedsingyd) | P10

0 0 0 1
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It is very useful to define the inverse transformation, from world to image
coordinates ’Z:ﬁ. This transformation is given by the simple inversion of
the 7,2 matrix:

A Ay—
Tus = (Tiw) (2.11)
Having defined both image to world transformations, the mapping of an
image point 54 = (s2, s‘y“7 s2) € Q4 into the world coordinate wa =
(wih, w;‘7 wit) € Q4 can be expressed as:
(64, 1) = T2 (84,1)7, (2.12)
and vice versa, from the world to image coordinates:
(Fa, )" = Tt - (@a, )7 (2.13)
where we used the following notations:
" g
. w 5 s
(@a, )" = | % | and (54, 1)7 = | 4 (2.14)
zZ zZ
1 1

Rigid transformation

The simplest registration transformation 7 is described in terms of a
rigid body transformation which allows only translations and rotations.
This transformation can be completely described in 3D space by six
parameters (also called as degrees of freedom): three translations ¢ =
(tz7ty7tz)T along the z, ¥ and z directions, and three Euler rotations
7 = (rg, ry,75) around the z, ¥ and z axes respectively.

The rigid transformation of a point at the location @ = (w,, wy, wz)T
can be represented by a rotation matrix R and a translation vector
U= (ty, ty, t.)7:

Tgia (@) =R -+ T (2.15)
where the 3 x 3 rotation matrix 7 is constructed from the Fuler rotation
angles as follows:

€08, COS;  COSy Sin, 4 sing sing cos; — sin, sin, — cos, siny, cos;
R = | —cosysin, cos, cos; + sin, sing sin,  sin, cos; — cos, siny sin,
sin,, — sin, cosy COS,; COSy,

(2.16)
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with the notation sin;, = sin(r;), Vi € {x,y, z}.

This rigid transformation is usually applied to the continuous common
world coordinate system and can be expressed as a 4 x 4 matrix using
homogeneous coordinates:

1. Wy
. R w

Trigia (W) = ty : wy (2.17)
0 0 0 1 1

With this representation, a rigid transformation of a location wWg =

(W, wy, w,)T from Qp into the corresponding location Tyigia(Wp) = wWa
of the continuous domain €2 4 is:

(Ba,1)" = rigid - (Wg, . (2.18)

By putting together all the translational and rotational parameters we
can form a six element vector o which is called the registration param-
eters set o = (ty, 8y, s, 70, 'y, T2 ).

Affine transformation

The rigid transformation can only be used in a limited number of cases,
so an extension of the number of degrees of freedom for the spatial map-
ping is required. The affine transformation is able to compensate not
only for spatial displacements between images, but also for differences
in their voxel size or scale. The affine transformation consists of three-
dimensional translations ¢ = (tz,ty, ts), rotations ¥ = (ry, ry,75), scal-
ings & = (s, sy, 82), and skews § = (g, gy, g5), preserving the paral-
lelism of the lines but breaking their orthogonality. Denoting the skew
matrix with G and the scale matrix with S, the expression of an affine
transformation 7 gmne is:

1 92-9. 9= O s, 000

T .S —T. .. Gy 1 0 O 0 8y 00
,Z—aﬁineflzzlgld g S*ﬂlgld 0 9 1 0 00 . 0
0 0 0 1 0001

(2.19)



2.2. RIGID AND AFFINE REGISTRATION ALGORITHMS 23

where Tigiq Tepresents the previously discussed rigid transformation con-
taining the translations and the rotations parameters. A set of 12 param-
eters a = (177 7, d, ) is used in this thesis todescribe the affine transfor-
mation. These are the 6 parameters specific to the rigid transformation,
the 3 parameters of the skew and 3 of the scaling factors. Note that the
expression of the affine transformation can be reduced to the trivial rigid
body transformation by setting s, = sy = s, =1 and g, = gy = g, = 0.

Image to image transformation

Given two images, the reference image A and the floating image B, which
are related by the registration transformation 7 4, and having defined
the transformations between the image and the world coordinates, then
the entire registration transformation T’z 4 from the floating image coor-
dinates to the reference image coordinates can be expressed as a simple
matrix multiplication:

Tpa=T23 Tpa- -TE. (2.20)

Accordingly, the corresponding location 84 € €24 of a transformed loca-
tion s € Qp is:

(G 1) = Toa- (85,17 = T Toa - T5 - (5,107 (220)

2.2.2 Similarity measures

In order to be able to register two images, a measure has to be defined
to numerically quantify the goodness of fit between the images, namely
the similarity measure. For all the voxel-based registration algorithms,
this similarity measure is extracted directly from the voxel properties
(the image intensities) either from the entire image volumes or from a
region within. This is why these methods are referred to as voxel-based
registrations. As already presented in the description of the rigid regis-
tration algorithm, the similarity measure is used as the objective function
when searching for the optimal registration transformation. Usually, the
voxel-based registration procedures ignore the geometrical features of
the anatomical structures contained in the images. However, as will be
presented later in Sec. 2.3.2, there are several approaches for voxel-based
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non-rigid registration procedures which combine the similarity measure
defined by the image intensities with a penalty term used to regularize
the deformation field (e.g. in [Maintz et al. 1998, Rueckert et al. 1999,
Guimond et al. 2001, Hellier et al. 2001], etc.).

The choice of the appropriate similarity measure is crucial for a success-
ful image registration procedure, so the decisive criterion is the type of
images to be registered. Therefore, depending on the type of the modal-
ities used to acquire the images, the user can choose between several
similarity measures. For example, in the case of a mono-modal applica-
tion, the images are likely to render the corresponding structures with
very similar intensities. Therefore, the sum of the absolute difference
values or the sum of the squared intensity differences can be used for
comparison. More elaborate similarity measures have been proposed be-
cause, beside the image noise, some additional variation of the intensities
may appear between images or even within an image itself. These sim-
ilarity measures are derived from the Cross-Correlation coefficient, and
are intended to be insensitive to intensity changes generated by different
physical factors during the scanning procedure.

In a multi-modal registration no direct relationship between the image
intensities can be assumed in general. Therefore, a completely differ-
ent approach is required in order to quantify the similarity between the
registered images. While some attempts have been made to prepro-
cess an image so that the images appear to be from the same modality,
e.g. [van den Elsen et al. 1994], more recent approaches have been in-
spired by information theory ([Hajnal et al. 2001]). These similarity
measures are relying on the probabilistic relations and the distributions
of the intensities in the images.

In this section will be presented only a brief overview of the major sim-
ilarity measures proposed in literature. For more details, the reader
should refer to [Hajnal et al. 2001] and the references therein.

Similarity measures derived from intensity differences

One of the simplest voxel similarity measure is the sum of squared inten-
sity difference (SSD) between the images to be registered. During the
registration process the proper transformation 7 is estimated by itera-
tively minimizing the SSD calculated from the overlapping domain Q£ B
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of the reference image A and the transformed image BT. If N is the
total number of voxels from Q% 4 p, then SSD can be expressed as:

1
SSD == 3. (Alsa) - BT(84))". (2.22)
FacQip
The normalizing factor % makes the similarity measure invariant with
the number of voxels N from the overlapping domain that may change

during the registration.

It has been shown in [Viola 1995] that SSD is the best similarity measure
for a registration procedure if the images involved differ only by Gaussian
noise. However, this is not always the case and in practice the images
may contain an intensity bias even if they come from the same scanning
device. In this case, the SSD will fail to compare the images properly
and therefore cannot lead to a correct registration. In such cases the
sum of absolute differences (SAD):

SAD = % > JA(Ga) = BT(84)] (2.23)

FacQip

could be used as an alternative similarity measure. However, the problem
connected to the intensity bias cannot be completely solved and therefore
more robust similarity measures have been derived.

Similarity measures based on Cross-Correlation

A very robust similarity measure for mono-modal images is the Cross-
Correlation coefficient (CC):

A —=A) - (BT(34) =
o Ysacar, (A(Sa) = A) - (B"(s4) - B) (2.91)

[Soncas, (A =) Sy, BT -]

where A and B are the mean values of the voxel intensities within the
overlapping domain Q% 5 of the images A and BT. CC is a very good
similarity measure for all the registration applications in which there is
a linear relationship between the image intensities, especially because it
overcomes the aforementioned intensity bias problem.
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Variance of intensity ratios

[Woods et al. 1992] proposed a similarity measure based on the ratio
image derived from the images to be registered. Initially proposed for
registering PET and later on for MR images, the method consists of
iteratively optimizing the transformation 7 which maximizes the unifor-
mity of the ratio image. This uniformity is quantified as a normalized
standard deviation of the voxels in the ratio image, thus the name of the
measure is wvariance of intensily ratios (VIR). VIR is mathematically
expressed, for the N voxels within the overlapping volume Q% 5, as:

VIR:% % 3 (R0 -R) (2.25)

FacQip

where R is the mean value of the intensity ratios R(54) over the entire

. . . . . = T
volume of overlap. An intensity ratio at the spatial position §4 € Q%5
is defined as:

V5, € Qg (2.26)

Later on, [Woods et al. 1993] used this measure after minor modifica-
tions for the first multi-modality registration of MR/PET image pairs.
The multi-modality registration capability comes from the presumption
that all the voxels which have a particular intensity value in the MR
image represent the same tissue type and therefore the values of the cor-
responding PET voxels should be similar to each other. The algorithm
partitions the MR image into 256 separate intensity levels and finds the
spatially corresponding intensity values in the PET image. Therefore,
a set of 256 bins (pairs of one MR intensity and the corresponding set
of PET intensity levels) is constructed and the algorithm tries to maxi-
mize the uniformity of the PET voxel values within each bin by locally
minimizing the normalized standard deviation. If A is the MR and B
the PET image, then the algorithm minimizes the sum of the normal-
ized standard deviations for all those intensity values b € QbT that are
transformed over each of the intensities a € QL

VIRp = Z T]LV Zi (2.27)
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where:
Ng — ZQE 1
p = = Yor B(5) (229)

op(a) = £ Ygr (BY(34) — up(a)’

The algorithm was used for registering images of the head. Its perfor-
mance heavily depends on the binning procedure and it might fail if this
intensity binning is not uni-modal. To avoid this situation, the scalp
firstly had to be removed from both the PET and MR image before the
registration procedure. The method was not very successful with other
multi-modal registration cases, but it considerably inspired the research
towards the development of other multi-modal similarity measures.

Joint histogram and joint probability distribution

The VIR method proposed by Woods opened the way towards analyzing
the behavior of the joint intensity histogram during registration. By
partitioning the image intensities into a predefined number of levels,
one could build the A and B7 joint histogram. The joint histogram is
built in a deterministic manner by counting over the entire volume of
overlap QE p the number of the intensity pairs of the voxels falling in the
same spatial position in both images. However, [Viola and W. M. Wells
1995] proposed an alternative probabilistic approach to estimate the joint
histogram. Denoting the number of intensity levels within Q7" and QZ
with L, and Lj, the joint intensity histogram H£ p is a Lg x Ly matrix
whose elements can be expressed as:

Hhp(a,b) = Y GAF"(34),Ya € QT and Wb € O (2.29)

FacQip
where (5be ” represents the sampling function defined as:

S S

S .
ab 0, otherwise.

As for all other measures, the transformed image BT usually has to be
resampled according to the discrete reference image domain € 4, there-
fore an interpolation of the voxel intensities is implicitly involved.
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By normalizing the H% 5 to the number of voxels N within the volume
of overlap Q7 4 p, the joint histogram approximates the joint probability
distribution function (PDF) of the image intensities p’ 5 (a, b):

1
phpla,b) ~ NHﬁB(@ b),Ya € QI and vb € QF . (2.31)

It is obvious that p’ 5 (a, b) depends on the transformation 7. This prop-
erty inspired several research groups to investigate similarity measures
derived from the joint PDF of the images. By visualizing the 2D joint
PDF for different transformations, one can notice a clustering of the
distribution as the images become more aligned. In the special case of
mono-modal registration, the joint PDF will be spread along the main
diagonal of the N, x Np matrix. In the ideal case of registered images
the joint histogram will be reduced to a single line, with some small
deviations coming from the imaging noise. The first approaches derived
from the joint histogram were attempting to minimize the variance of the
intensity clusters, but the most successful similarity measures calculated
from the joint PDF are rooted in the information theory.

Joint entropy

Introduced by [Shannon 1948], the concept of entropy as a measure of
information revolutionized the theory of communication and data trans-
mission. Described as the average information supplied by a set of sym-
bols {s} whose probabilities are given by {p(s)}, the Shannon entropy
is defined as:

H == p(s)logp(s (2.32)

The entropy can also be considered as a measure of randomness of a
signal because it reaches its maximum if all symbols have equal prob-
abilities, and its minimum when all symbols have probability 0 ex-
cept one. This property of the entropy, together with the properties
of the joint intensity PDF inspired the use of entropy as a similarity
measure for image registration. For example, [Studholme et al. 1995,
Collignon et al. 1995] proposed to minimize the joint entropy calculated
from histogram. This would lead to a minimization of the dispersion in
the histogram while approaching the optimal registration position.
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For two images A and B, the joint entropy H(A, BT) is given by:

H(A,BT) ==Y > phpla,b)logplip(a,b) (2.33)
acQl beQl

where a and b represent the discrete intensity values of the two images,
and therefore the bins of the joint PDF. It is also possible to reduce
the number of bins by merging neighboring intensity values, leading to a
reduction of the sparsity of the histogram. For example, a very common
practice for MR and CT images is to use between 32 and 256 bins to
calculate the joint histogram.

The method looks very similar to VIR, but it proved to be more stable
and robust as it does not rely on the uni-modal nature of the distribution
as the VIR algorithm. Nevertheless, strong limitations of this approach
have also been noticed, especially in connection with the sensitivity of
the joint entropy to changes in the volume of overlap.

Mutual Information

In 1995 two research groups were working independently on another sim-
ilarity measure inspired by information theory, namely the Mutual In-
formation (MI). In [Viola and W. M. Wells 1995, Maes et al. 1996], both
groups presented basically the same strategy of maximizing the MI, but
with different ideas of implementing the rigid registration procedures.
Magcs proposed to calculate the registration transformation by maximiz-
ing the MI using the Powell’s direction-set method. In addition, the MI
is calculated from the deterministic joint histogram of the images. On
the other hand, Viola used a gradient search to maximize the MI. Their
solution presents a stochastic Parzen windowing method to estimate the
joint histogram and therefore they could express mathematically the MI
gradient which is directly used by the optimization procedure.

The MI approach represents an extension of the joint entropy minimiza-
tion algorithm, overcoming the limitations caused by the dependency on
the actual image overlap. The idea was to extend the joint entropy with
the individual information carried by the overlap Q£ p of the two images
A and B. Expressing this information in terms of the marginal entropies
H(A) and H(B™), the MI becomes:

I(A, BT) = H(A) + H(BT) — H(A, BT). (2.34)
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The marginal image entropies can be calculated as:

H(A) = — ZaeQaT pﬁ(a) logpﬁ(a) (2.35)
H(BT) = = Y ycqr ph(b) logpE (b) '
with p£ and p% representing the marginal intensity distributions of A
and B, within QﬁB. They can either be calculated directly from the
images by normalizing their individual histograms or from the two di-
mensional joint PDF, calculated as described previously.

It is important to remember that the marginal entropies and the joint
entropy of the images are not constant during the registration process.
Even though the information comprised in both images remains the
same, their volume of overlap Q% 5 changes with the estimated trans-
formation T'. In addition, the voxel interpolation also affects the joint
and the marginal PDF's of the images and therefore the histograms, too.
Other limitations, related to the statistical consistency of the estimated
PDFs are also to be considered, and will be discussed in the next chapter.

By considering the properties of the logarithm function, the definition
of MI from Eq. 2.34 can be reformulated in terms of marginal and joint
probability distributions as:

IABT) =3 S plhyla,b)log M. (2.36)

acQT beQl pila)pg ()

MI between two images can also be considered as the amount of informa-
tion that one image contains about the other, and reaches its maximum
when the images are aligned. This can be seen easier if we consider the
conditional probabilities p(bla). The conditional entropy is:

H(BT|IA) = > > phpla,b)logp” (bla) (2.37)

acQl beQl
and using the conditional entropies, MI becomes:
I(A, BTy = H(A) — H(BT|A) = HBT) — H(A|BT). (2.38)

If the conditional entropy in Eq. 2.38 is zero, it means that knowing
the intensities A(S4) enables the perfect prediction of the corresponding
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intensity value in BT. Therefore, the registration by maximization of
MI involves finding the transformation that makes the image A the best
possible predictor of the image BT within their region of overlap.

The MI was widely studied and a series of properties were proved in the
literature [Vajda 1989]. Some of the most important ones are listed in
Table 2.2.

Non-negativity: I(A,B) >0
Independence: [(A,B) =0< pap(a,b) =pala)pp(b)
Symmetry: I(A, B) = I(B, A)
Self information: (A, A) = H(A)
Data processing: I(A, B) < I(A, BT)
Boundedness: (A, B) <min(H(A), H(B))
I(A, B) < (H(A) + H(B))/2
I(A, B) <max(H(A), H(B))
I(A,B) < H(A, B)
I(A,B) < H(A)+ H(B)

Table 2.2: Properties of Mutual Information

MI is more robust than the joint entropy regarding the overlap prob-
lem, but it is not completely immune. The volume of overlap of the
two images influences MI in two ways. Firstly, a decrease in overlap
reduces the number of samples, which decreases the statistical power of
the probability density estimation. Secondly, in [Studholme et al. 1997,
Studholme et ol. 1999] it is shown that with the increase of misregistra-
tion (usually coinciding with a decrease of the overlap volume) the MI
measure may actually increase. This can occur when the relative areas
of object and background even out and the sum of the marginal en-
tropies increases faster than the joint entropy. Therefore, they proposed
a normalized version of the MI which is less sensitive to the volume of
overlap:

H(A)+ H(BT)

NMI(A, BT = HABT)

(2.39)
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Maes have suggested in [Maes el al. 1997] another form of normalization
of MI, the eniropy correlation coefficient (ECC) that is related to the
NMI as:

2
Ty o
ECC(A,BY)=2 N7

The introduction of MI as a similarity measure has revolutionized im-
age registration and has especially influenced the development of the
intensity-based image registration techniques. The following years of re-
search have proven the advantages and the robustness of this approach,
and MI started to be extensively used, even in the field of mono-modal
registration. MI assumes that there is a functional relationship between
the intensities at the same location in different images. The decisive
property of MI is that it does not depend on any linear relation between
the image intensities, but it relies only on statistical properties of the
two-dimensional histogram. An excellent overview of the methods de-
veloped using the MI concept is presented by Maes et al. in [Maes et al.
2003].

2.2.3 Voxel interpolation procedures

During the registration procedure, the floating image is transformed from
its initial image domain € g into the reference domain €2 4, more precisely,
into the overlapping volume Q% , C Q4:

B:sgeQp+— BT :T(sp) € QLp (2.41)

This image transformation is always required for optimizing the similar-
ity metric between the images while searching for the best registration
transformation. For a given transformation 7, the intersection of the
discrete domains 4 and Qp is likely to be an empty set because no
sample point will exactly overlap. Therefore it is necessary to make
an estimation of the image intensities in between the sample positions,
also compensating for differences in image samplings fA and EB . This
intensity estimation is called voxel interpolation. In contrast to the fi-
nal reconstruction of the registered floating image, which requires highly
accurate voxel interpolation, the estimation of the similarity measure
during the optimization procedure needs a fast method in order to re-
duce the computational costs. Such computationally efficient algorithms
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may, however, introduce blurring, ringing or other aliasing artifacts. An-
other important difference between these two cases is the target domain
of the interpolation. In the case of the final transformation the inter-
polation is performed onto the intensity domain ) while for estimating
the similarity measure, the voxel interpolation is performed onto €,.

In order to assess and to further use the result of the registration proce-
dure, a final transformation of the registered floating image is usually re-
quired. This final transformation of the floating image into the reference
image domain (also called floating image reconstruction) necessitates an
accurate voxel interpolation method to calculate the intensities of the
spatially transformed floating image. As the anatomical scans are not
band limited, a perfect interpolation is not possible. The interpolation
function proposed in [Hajnal et al. 1995] implies a sinc function trun-
cated with a suitable Hamming window. Care has to be taken to ensure
that the sum of the weights of the truncated kernel is 1, otherwise ar-
tifacts may result. Various modifications of the sinc interpolation have
been proposed, either regarding the Hamming windowing function, or by
approximating the windowed sinc function with B-spline interpolators.
For more details about accurate voxel interpolation methods please refer
to [Hajnal et al. 2001].

For fast voxel interpolation methods computationally less expensive meth-
ods are needed. Even if lacking of accuracy, they can be sufficient to
calculate the similarity measure between the images undergoing the reg-
istration. While numerous interpolation methods have been proposed in
the literature [Hajnal et al. 2001], three methods are dominantly used.
Schematically depicted in Fig. 2.3 for 2D space, these three methods
are: the nearest neighbor interpolation (NNI), the trilinear interpolation
(TRI) and the partial volume interpolation (PVI). While the first two
methods can be used to approximate the transformed voxel intensities
needed to estimate any of the aforementioned similarity measures, the
PVI was especially designed in [Collignon et al. 1995] to create the joint
intensity histogram.

For a transformed position §4 = T'(sp), the simple NNI technique
(Fig. 2.3(a)) considers the intensity of the closest (nearest) voxel:

A(4) = A5 1), where 81 = min(|8 (" — 84]). (2.42)
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SHA(Z) SHA(S)
$a=T(5p)
a=A(Z4) ~ AZ)
b= B(sg)

SHA(Z) SHA(S)
sa=T(p) >, we =1
PVI Ay = A(‘;A(z))7 T e {17 27374}

Figure 2.3: Fast voxel interpolation techniques for 2D and the corre-
sponding expressions used to update the joint image histogram; (a) near-
est neighbor interpolation, (b) trilinear interpolation and (c) partial vol-
ume interpolation
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The NNI usually leads to significant errors, and therefore TRI is used
more often, defining the intensity in a point s4 = T(s5) as a weighted
combination of the intensities of its neighbors:

A(Za) 2 Y we - A7), with 3w = 1. (2.43)

Depicted in Fig. 2.3(b), the TRI considers the weights as linearly depen-
dent from the distance between the current point §4 = T(s5) and its
neighbors éz). In order to calculate the MI between two images, a more
elaborate technique has been proposed, namely the PVI. Using weights
which are similarly defined in the case of TRI, the PVI simultaneously
updates all the histogram entries corresponding to the transformed point
and each of its neighbors. Depicted in Fig. 2.3(c), the PVI technique cre-
ates smoother changes of the joint histogram for varying transformations
and hence the goal function of the optimization then becomes smoother.
Further, PVI does not artificially create new entries in the histogram
which is very likely in the case of TRI and that would lead to unpre-
dictable changes in the marginal distributions.

A serious problem related to all fast voxel interpolation methods is that
they lead to artifacts in the similarity function. These interpolation
induced artifacts may affect the accuracy and even the success of the
registration procedure. These aspects will be described in more detail in
the next chapter.

2.2.4 Optimization procedures

All voxel-based registration procedures involve the use of a similarity
function defined on image intensities. Because no analytical solution
exists, a numerical optimization has to be used in an iterative fashion to
determine the optimal registration transformation.

As seen in Sec. 2.2.1, the spatial transformation is usually characterized
by a certain number of degrees of freedom which correspond to a set
of parameters «. This set fully describes the transformation and will
be called the parameter space. This space is explored by the optimiza-
tion algorithm such that the similarity measure as a function of « is
optimized. Each point corresponds to a different estimate of the spatial
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transformation and implicitly an individual estimate of the image sim-
ilarity measure. The goal of the optimization algorithm is therefore to
find the optimum location within this parameter space, given an initial
estimate.

All the optimization procedures are based on an iterative approach in
which the transformation is gradually refined by trial and error. For
each iteration, the current estimate of the transformation is used to cal-
culate the similarity measure. Then, the optimization algorithm searches
a better estimate which increases the similarity measure. The stopping
criterion of the optimization algorithm is given by predefining a mini-
mum tolerance value for the changes of the similarity measure between
consecutive iterations. Optimum search algorithms can be classified ac-
cording to their dependency on the availability of derivative information.
The derivatives of the similarity measure should be easily and efficiently
computable in order to limit the computations lower needed by opti-
mization. A detailed description of diverse optimization algorithms can
be found in [Press et al. 1988].

The most important limitation of all the optimization procedures is the
danger to converge to a local optimum of the similarity function. These
local optima usually mask the global optimum of the function, and can
seriously compromise the accuracy of the entire registration procedure.
They are usually produced either by interpolation artifacts or by a good
local match between the image intensities. Different techniques have
been proposed to increase the robustness of the optimization against
local optima. For example, in a hierarchical multi-resolution approach,
the images are registered with a progressively increasing resolution while
converging to the correct estimate of the transformation. A detailed
overview of the proposed methods can be found in [Maintz and Viergever
1998, Hill et al. 2001, Hajnal et al. 2001]. In order to avoid problems
with local optima, we also propose a method which will be described in
detail in Chap. 4

2.3 Non-rigid registration algorithms

The development of the non-rigid registration algorithms was imposed
by the need to compensate for the inherent deformation of the human
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anatomy due to different physiological or physical factors. Even though
many have tried to develop fixation devices to immobilize the human
body in a certain position for successive scanning procedures, the non-
rigid nature of the soft tissues cannot be completely overcame. The non-
rigid registration procedures can compensate for the local deformations
by finding the appropriate deformation field that properly registers the
images.

While the rigid registration procedures consist of finding a spatial trans-
formation that remains unchanged over the entire floating image volume,
the non-rigid registration procedures are designed to find a dense field
of deformation vectors covering the entire image domain, but which are
locally adapted to compensate for both spatial displacement and shape
differences. Basically, this field of deformation vectors maps each point
from the floating image into the corresponding position in the reference
image such that all objects in the warped image ideally will coincide pre-
cisely with the corresponding objects in the target image. Care has to be
given to the pathologically induced changes that can produce a lack of
correspondence in the images, such as a tumor growth, or cuttings of a
surgical procedure. These changes are an important issue in a non-rigid
registration as they can be handled in an inappropriate fashion resulting
in big errors during the registration.

A classical voxel-based non-rigid registration procedure follows closely
the algorithmic flow presented in Fig. 2.2 for a rigid registration pro-
cedure. The differences in implementation are mainly related to the
strategy used to build the deformation field. The remaining of this sec-
tion provides a brief overview of the most important methods proposed,
emphasizing hierarchical approaches which are in the focus of this thesis.

2.3.1 Model-based approaches to non-rigid registra-
tion

The main difference between the methods proposed for non-rigid reg-
istration comes from the representation of the deformation field. The
earliest approaches described very accurately the deformation field as a
physical phenomena. The partial differential equations (PDE) describing
the corresponding processes have been solved by numerical integration
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techniques like the finite element method (FEM). Unfortunately, these
procedures are computationally very expensive leading to the exploration
of less accurate but computationally more efficient alternatives by simpli-
fying the physical phenomena. Like many other problems, the non-rigid
registration is often a tradeoff between the accuracy of approximating
real behavior of the tissues and computational complexity.

Elastic registration techniques

The first elastic registration technique was proposed by Bajcsy et al. for
matching a brain atlas with a C'T image of a human patient. Presented
in [Bajcsy and Kovacic 1989], the idea is to model the deformation of the
source image into the target image as a physical process which resem-
bles the stretching of an elastic material such as rubber. This process
is governed by two forces, one internal and one external. The internal
force is generated by the deformation of the elastic material and opposes
the external force that deforms the elastic body from its equilibrium
shape. As a consequence, the deformation of the elastic body stops if
both forces are in equilibrium. The behavior of the body is described
as a linear elastic deformation. The external forces applied are usu-
ally extracted from the gradient of the similarity measure that can be a
local correlation coefficient based on intensities, intensity differences, or
structural features such as edges or curvatures. An alternative choice for
the similarity measure is the distance between the curves or surfaces of
the corresponding anatomical structures. Many extensions of this elas-
tic registration framework have been proposed, such as in [Davatzikos
1996] allowing for spatially varying elasticity parameters, enabling cer-
tain anatomical structures to deform more freely than others.

Fluid registration

The internal forces of an elastic transformation limit the registration by
excluding large deformations or discontinuities (e.g. produced by a cut).
In fluid registration techniques based on Navier-Stokes equations these
constraints are relaxed over time. This property makes them especially
attractive for inter-subject and atlas registration tasks which have to
accommodate large deformations and large shape variability. However,
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the probability of misregistrations increases because of the weaker reg-
ularization effects. The first algorithm was proposed by [Christensen et
al. 1995] and later on was computationally improved by [Bro-Nielsen
and Gramkow 1996].

FEM based approaches

The finite element method (FEM) is a classical engineering analysis tech-
nique for the solutions of PDEs. Basically, the FEM subdivides the do-
main of interest into an interconnected set of subregions or elements and
approximates the solution by a locally continuous function. In the con-
text of image registration, the FEM method was applied in [Bro-Nielsen
1998] and in a simplified version in [Edwards et al. 1998] to calculate
tissue deformations for image-guided surgery. Later, they proposed a
three component model to simulate the properties of rigid, elastic, and
fluid structures. For this purpose, the floating image has to be divided
into a triangular mesh with n connected nodes ¢;. Each node is labeled
according to its physical properties of the underlying anatomical struc-
tures. While the nodes labeled as rigid are kept fixed, the nodes labeled
as elastic or fluid are deformed by minimizing an energy function, which
is composed of a number of different energy terms that constrain the
deformation.

Optical flow methods

Another very well known registration technique is the so called optical
flow method. Introduced in [Horn and Schunck 1981], the concept of
optical flow was originally used in computer vision to recover the relative
motion of an object and the viewer between two successive frames of
a temporal image sequence. Its fundamental assumption is that the
brightness of a particular point is constant in time, therefore the motion
field can be extracted from the temporal image difference. Smoothness
constraints are imposed on the extracted motion field in order to enforce
a unique solution to the problem.
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2.3.2 Hierarchical non-rigid registration approaches

As previously presented in Sec. 2.3.1, several methods have been pro-
posed to accurately solve the registration problem. These approaches
are estimating the underlying mapping based on a physical analogy like
deformations or flow. In the case that this physical phenomenon is the
underlying cause of the difference between the images and the necessary
parameters are available, these methods represent the ideal approach to
the non-rigid registration problem. However, in many practical cases,
one or both of these conditions are not fulfilled. Therefore, alternative
methods have been proposed for the description of a dense non-rigid
mapping between images. After introducing the basic concepts of piece-
wise image registration techniques, this section presents the most impor-
tant hierarchical strategies which decompose the non-rigid registration
into numerous local matching problems.

Piecewise image registration

The simplest approach proposed for non-rigid registration of the images
is to decompose it into numerous rigid matchings problems which are fi-
nally interpolated to preserve the continuity of the image content. [Little
et al. 1997) uses this strategy for the registration of the spine which is a
flexible structure to a certain extent. By decomposing the spine into indi-
vidual vertebrae which can be rigidly matched, a good approximation of
the deformation of the spine and its surrounding tissue can be obtained
by smoothly interpolating the spatial displacements between the rigid
bony structures. There are also other similar situations, where rigid ar-
ticulated structures are connected together into a deformable structure.
The piecewise approach seems to be the most appropriate and the most
simple method for such cases, when interested only in the vicinity of the
rigid structures.

Based on a similar approach, [Maintz et al. 1998] presented a technique
which can achieve a higher degree of deformation by progressively par-
titioning the initial volumes into smaller pieces that are locally rigidly
registered. The deformation can be estimated by interpolating these
local matchings into a dense deformation field. This basic approach
is extended and used in both multi-grid and hierarchical strategies for
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non-rigid registrations. These methods are described in the following
subsections.

Registration using free-form deformations

The classical voxel-based method using free-form deformations (FFD),
presented in [Rueckert et al. 1999], was developed for the non-rigid
registration of contrast-enhanced breast MR images. Apart from possi-
ble pathological factors (as tumor growth or surgery), the deformation
of the breast can be induced either by possible changes in patient po-
sitioning or by physiological factors, such as respiration or heartbeat.
Similar to [Lee et al. 1997], Rueckert et al. proposed a multi-resolution
approach of coarse to fine refinement of the non-rigid motion 7non—rigid
of the breast. Furthermore, the global non-rigid deformation is modeled
by an overall affine component combined with local non-rigid transfor-
mations, which are described in terms of a FFD based on B-splines [Lee
et al. 1996]:

%onfrigid - IZ—aﬁﬁne + Tstpline& (244)
The global affine transformation 7.mn. compensates for the overall mo-
tion of the subject and follows the classical model with 12 degrees of
freedom. The local transformations 7p_splines model the local changes
of the breast. The FFD proved to be a powerful tool for modeling 3D de-
formable objects and they have been previously also applied to tracking
and motion analysis in cardiac images [Bardinet et al. 1996]. The basic
idea of a FFD is to deform an object by manipulating an underlying
mesh of control points. The resulting deformation changes the shape of
the 3D object and produces a smooth and continuous transformation.
Rueckert et al. proposed the multi-resolution approach to achieve max-
imal flexibility with reasonable computational cost. At every level [ of
the hierarchy, the resolution of the control mesh is increased, along with
the image resolution, in a coarse to fine fashion. Consequently, along the
hierarchy an entire series of local transformations are estimated which
will finally define the non-rigid component of the deformation:

7]3*51311“’35 - Z T]B(lzsplines' (245)
i

The cost function underlying the entire registration process is a com-
bination of a classical voxel similarity measure with a smoothness term
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resulting from the transformation model. The image similarity is given
by the classical normalized MI (Eq. 2.39), because it is more robust to
changes in the volume of overlap as shown in [Studholme et ol. 1999).
Unfortunately, an empirical smoothness term is used having an increas-
ing importance with the increasing resolution of the control point mesh.

The adaptive bases algorithm

In order to reduce the computational complexity of the existing methods
for non-rigid registration based on maximization of MI over a regular grid
of splines, [Rohde et al. 2003] proposed a method that spatially adapts
the transformation. This spatial adaptation allows the reduction of the
number of degrees of freedom in the overall transformation, thus speeding
up the process and improving its convergence properties. Their method
is also relying on a hierarchical strategy in which the global nonrigid
registration problem is partitioned into several smaller ones. In order to
ensure the physical consistency of the deformation field, they developed
several constraining schemes derived from the Jacobian matrix. Finally,
the deformation field is expressed as a combination of symmetric basis
functions. Beside this deformation model, they introduced another key
element which is a method to identify regions that are poorly registered,
and whose transformation needs to be improved. This way they avoid
useless computation for those regions that are already correctly regis-
tered. The hierarchical approach they propose is basically similar to
the previous FF'D method, except for the function used to express the
deformation. They also used a coarse to fine strategy to refine the defor-
mation field, which is again a sum of the intermediate transformations
obtained at each level of the hierarchy.

2.4 The hierarchical image subdivision
strategy

Extending the approach of [Maintz et ol. 1998], Likar and Pernug pre-
sented a fully functional algorithm for registration of microscope images
of muscle fibres. Their approach named the hierarchical image subdivi-
sion strategy consists of decomposing the non-rigid registration problem
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Figure 2.4: The hierarchical subdivision scheme

into numerous local rigid registrations of small sub-images. Figure 2.4
depicts the hierarchical strategy as presented in [Likar and Pernus 2001].

Likar and Pernus’ idea was to reduce the complexity of the existing
non-rigid registration methods that use complicated functions to model
the spatial transformation. In all the aforementioned approaches (see
Sec. 2.3), the deformation field is described in terms of a high num-
ber of parameters, allowing numerous degrees of freedom for the spatial
transformation. Furthermore, the optimization procedure may get easily
trapped into local optima of the similarity function. To overcome these
problems, Likar and Pernus proposed a local approach in which the im-
ages to be registered are progressively subdivided into smaller sub-images
which are locally registered, by maximizing MI. While the local registra-
tions are following the affine transformation model, the global continuous
and smooth deformation field is finally estimated using thin plate splines
interpolation (TPS). The hierarchical image subdivision they proposed
creates successive resolution levels. Each level [ consists of the image
partitioning phase, the local registration of all sub-images, and a TPS
interpolation which maps the floating image into the reference image
domain. The partitioning phase is simultaneously done on both the ref-
erence and the floating images, resulting in 220—1 sub-image pairs. In
order to avoid the problems of MI related to changes in the volume of
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overlap, Likar and Pernus proposed the normalized MI as a similarity
measure, as it has been proven to have more robust behavior according
to [Studholme et al. 1999).

The basic idea is simple and elegant, but additional constraints and con-
trol mechanisms had to be integrated at each hierarchical stage to ensure
the physical consistency and the accuracy of the final deformation field.
The performance of the entire procedure heavily depends on accuracy
of the local registration of the sub-images as a local misregistration of
a sub-image pair at a certain level can propagate further to successive
levels due to the TPS interpolation. Moreover, the probability of local
misregistrations is increasing along the hierarchy, as the matching ca-
pability of the NMI is decreasing with the size of the sub-image pairs
([Pluim et al. 2000]). The matching power of NMI relies on the statis-
tical consistency of the local joint intensity histogram which, calculated
in the deterministic manner presented in [Maes et al. 1996], will contain
less and less image samples with the decreasing size of a sub-image pair.
Consequently, the estimate of NMI for small sub-image pairs will dete-
riorate, due to both the imperfection of the voxel interpolation and the
reduced number of samples used to estimate the joint histogram. The
solution Likar and Pernus proposed to overcome this problem was to
combine the locally estimated distribution of the joint intensity proba-
bilities with prior information. This increases the statistical consistency
of the NMI, and therefore enables the correct registration of finer details.
However, the use of prior information does not entirely ensure the accu-
racy of the local registration, and spurious local misregistrations are still
possible. Therefore, to increase the overall registration accuracy, they
propose a threefold local registration consistency test and a correction
of the pixel intensity at every level of the hierarchy before performing
the TPS image reconstruction.

2.4.1 Algorithmic implementation

The algorithm designed by Likar and Pernus’ was implemented and
tested on 2D images. The local registration of all sub-images is done
using the affine transformation maximizing NMI. The first level of the
hierarchical strategy consists of a global registration of the floating image
B = B with the reference image A. After finding the optimal global
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affine registration transformation T', the floating image is warped into
the reference image coordinates. At the second level of the hierarchy,
the reference image A and the floating image T(l)(B (1)) are divided into
four equal sub-image pairs {AEZ)7 T(l)(Bi(z))}7 ¢ = 1..4 that are individu-
ally registered. The individual affine transformations Ti(z)
registering each sub-image pair is then used to warp the centers of the
floating sub-images Ti(z)(Bi(z))7 and to construct a set of control points
for the following TPS interpolation which is used to build a dense defor-
mation field 7). This deformation field is finally applied on the floating
image to reconstruct the second level registered image T(z)(B(Z)). The
hierarchical algorithm continues similarly for the subsequent levels, each

obtained after

stage starting with the image partitioning followed by local registrations
and finalizing with the image reconstruction. The image partitioning of
an individual level [ of the hierarchy results in 220~ sub-images. The
entire hierarchical splitting is finished as reported in [Likar and Pernus
2001] at the fourth level, where for input images of size 760 x 512 pixels
are divided into 64 sub-images of 95 x 64 pixels.

The local joint and marginal entropies of every sub-image pair are calcu-
lated based on the normalized local joint histogram, which is calculated
using 64 bins and the partial volume voxel mterpolatlon within the over-
lapping region of the sub-image pair {A(l T(l (B(l))}7 ie{1.220-1y,

2.4.2 Incorporating prior information

In order to overcome the loss of statistical consistency and the increas-
ing artifacts during the hierarchical splitting, Likar and Pernus proposed
several adjustments of the local registration algorithm. The voxel inter-
polation induced artifacts can be minimized by using random resampling
of one of the images in order to decorrelate the grid of the two images,
which are the same because of the image reconstruction phase at each
hierarchical stage. They also proposed to increase the statistical consis-
tency of the MI by incorporating the prior information p*(A, B*) into

the local intensity probability distribution po(Agl)7 Bi(l)):
A B = Ao po(Al B 4 (1= X p (A BT (246)

where A € [0,1] is a weighting parameter defining the tradeoff between
the floating and the prior probability. For A = 1 the joint probability is
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defined in the classical manner with no prior information. For A = 0 the
joint probability is not anymore a function of the transformation T,
and the optimization of the MI is no longer possible. Therefore, a trade-
off is proposed, including an adaptation of A according to the size of the
sub-image. The prior information p*(A, B*) can be obtained once from
a pre-registered training set of images if the intensity distributions of the
training set is similar to the images undergoing the actual registration.
However, this is not always the case, so they also proposed an alter-
native solution that estimates the prior information from the coarsely
pre-registered images at the previous level.

2.4.3 Consistency of the local registrations

If no constraints are imposed on the local registrations, the consistency
between nearby displacements could be enlarged. As the accuracy of the
registration at each level of the hierarchy is crucial for the success of the
local registrations at the subsequent level and consequently for the pre-
cision of the entire registration procedure, local misregistrations should
be detected and eliminated prior to the elastic interpolation. Likar and
Pernus proposed a triple consistency test for the local registrations. In
addition to the classical geometrical consistency test that can detect big
spatial mismatches, they use a similarity and an optimum distinctive-
ness test. These tests detect sub-images whose similarity function is
small and inconsistent, and analyze the graph of the similarity measure
around the optimal position found.

2.4.4 Elastic interpolation

At every level of the hierarchical algorithm, TPS are used to define the
overall transformation using the centers of those sub-images passing all
the three consistency tests as control points.

Thin-plate splines represent a special family of splines based on radial
basis functions [Bookstein 1989]. They approximate the physical bending



2.4. THE HIERARCHICAL IMAGE SUBDIVISION STRATEGY 47

of a thin metal plate, given a set of control points. The spline is a linear
combination of n radial basis functions (s):

t(w) = p1 + pows + pawy + paws + Y €| — ) (2.47)
i=1

where 51 denotes the location of the n control points in the floating
image. The most common selection of the basis function 0(s) is:

2log(|s]) in
9(3){ IzI tosllsl)n 2 (2.48)

The Eq. 2.47 defines a mapping of a 3D point « into a 1D coordi-
nate t(«). By introducing three separate thin plate spline functions
T = (ta, ty, t.)T, a mapping between 3D images can be defined in which
the coefficients p; characterize the affine part of the transformation.
These coefficients can be calculated by using the set of 3n linear equa-
tions given by the initial interpolation conditions, which impose that
the control points 51 in the source image are mapped onto their cor-
responding counterpart 5; = ’Z'((;l) in the target image. To determine
the 3(n + 4) coefficients uniquely, 12 additional equations are required.
These 12 equations guarantee that the sum of the non-affine coefficients
¢; and their cross-product with 51 are zero. In matrix form this can be

expresses as:
® ¢ € P’
(o & )(5)-(7) e

where p'is a 4 x 3 vector of the affine coefficients p;, and €'is a n x 3
vector of the non-affine coefficients ¢;, © is the kernel matrix comprising
the basis functions with ®;; = 8(]¢; — ¢;]). Solving the system for g and
€ results in a thin-plate spline transformation allowing to interpolate the
displacements of the control points.

Modeling the deformation by thin-plate splines has several advantages.
For example, they can be used to incorporate additional constraints into
the transformation model such as rigid bodies [Little et al. 1997]. It
is also possible to use an approximation solution, where the degree of
approximation at the landmark position depends on the confidence of
the landmark localization [Rohr et al. 1996].
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2.5 Discussions

The algorithm introduced by Likar and Pernus offered a starting point
for our development which builds on a few key elements of their method.
Firstly, the hierarchical image subdivision strategy represents a good
idea for decomposing the curved transformation, but certain disadvan-
tages still need to be addressed. The statistical consistency of the joint
histogram diminishes along the hierarchical splitting because of the re-
duction of the number of samples available in the sub-images. This
problem, simultaneous with the increasing effects of the interpolation
artifacts is only partially solved by including the prior information and
by random resampling one of the images. This thesis will investigate pos-
sible methods for further improvement of the algorithms performance.
Moreover, our investigation of the MI as a similarity measure has re-
vealed a peculiar behavior that can seriously deteriorate the accuracy of
any MI based registration procedure.



Mutual Information and the
Hierarchical Image Splitting

This chapter presents an analysis of the difficulties with MI which emerge
when using the hierarchical image subdivision scheme for non-rigid reg-
istration of multi-modal images. Several limitations have already been
recognized in the literature in connection to either interpolation artifacts
or the statistical consistency of MI. Our investigation of the MI behavior
revealed additional problems when using it as a similarity measure for
registering noisy patches showing no clear image structure. The study of
the MI properties was done using a framework similar to the hierarchi-
cal image subdivision scheme proposed by Likar and Pernus which was
presented in the previous chapter. In this context, the drawbacks of the
MI behavior become increasingly serious during the image subdivision
process due to the decreasing number of samples used to compute the
two-dimensional joint intensity histogram. We also propose solutions to
overcome these limitations, solutions which lead to a considerable in-
crease in the robustness and accuracy of the entire non-rigid registration
procedure. Firstly, we propose a new method to detect noisy patches
or regions of homogeneous intensity within an image. Based on this
method, we developed a reliable stopping criterion for the entire hierar-
chical subdivision procedure. Secondly, we propose to switch from MI
to the CC as a similarity measure at higher levels of hierarchy, when
the MI becomes unstable and statistically unreliable. This change of
the similarity measure is made possible by a new method for mapping
the intensities of the initial multi-modal images into a common pseudo-
modality that the CC can successfully register. Moreover, incorporating
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these solutions in the hierarchical strategy for image registration can
drastically reduce and simplify its computational complexity.

3.1 Limitations of Mutual Information

Even though many studies have proven the robustness and the advan-
tages of the maximization of the MI criterion, problems have been iden-
tified in connection with either interpolation artifacts or inherent limita-
tions of the MI’s statistical consistency. After presenting an overview of
those limitations that are already reported in the literature, this section
describes the results of our study of the MI’s properties in connection
to the calculation of parameters for the discrete intensity probability
distribution estimated by histograms.

3.1.1 Interpolation artifacts

A major accuracy limitation of an image registration procedure stems
from the fact that images are not exact replicas of the real world, but
discretely sampled versions. In the context of a voxel based registration
procedure, the series of successive spatial transformations applied on the
floating image to calculate the similarity measure requires an estimation
of the reference image intensities in the continuous space. For this, a
voxel interpolation method is used to calculate intensities of the reference
image between the sampling grid. This leads to inaccuracies when esti-
mating MI called interpolation artifacts and they appear as a pattern of
successive local maxima and minima in the registration function, as can
be seen in Fig. 3.1. As already broadly recognized and described in the
literature by many authors (eg. in [Maes et al. 1997, Pluim et al. 1999,
Pluim et al. 2003, Tsao 2003, Ji et al. 2003]), the interpolation arti-
facts prohibit sub-voxel accuracy of the registration procedure. Many
researchers have tried to overcome this problem which affects the clas-
sical MI as in its normalized version in a similar fashion. Accordingly,
in this chapter we will discuss only the case of the classical definition
(Eq. 2.34) of MI.

In order to visualize the effects of the interpolation artifacts on MI, we
consider the following simple registration scenario of a pair 2D transver-
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sal slices from CT scans of the leg imaged in a perfectly identical position.
Figure 3.1 depicts the test images, acquired before and after injecting
contrast agent in order to better visualize pathologies of the blood ves-
sels. The two CT images are of 512 x 512 pixels with 256 grey value
levels. Figure 3.1(a) depicts the reference CT image A, and Fig. 3.1(b)
depicts the floating image B. To visualize the interpolation artifacts,
the experiment consists of calculating the MI from the entire overlap-
ping region of the floating image B that is translated along the x and
y direction over the reference image A. Figure 3.1(c) and 3.1(d) clearly
show the interpolation artifacts of MI when using the trilinear and par-
tial volume interpolation, respectively. These artifacts appear between
the sampling grid positions as a local extrema (maxima or minima) of
the similarity measure and they may disturb the optimization procedure
compromising the entire registration accuracy.

These artifacts are due to the computation of the joint and marginal
intensity probability distributions that are estimated from the joint in-
tensity histogram of the images. Initially, when the images are aligned,
the grid points of A and B also coincide. Therefore, no interpolation
is needed when estimating the joint intensity histogram. At the same
time, the dispersion of the histogram is minimal when the images are
registered and therefore the joint entropy is minimal. By translating the
floating image B with an integer number of the voxel dimension, the
grid points of the two images will be again aligned avoiding the need
for interpolation, but the dispersion of the joint histogram is increas-
ing due to misregistration, reducing the MI accordingly. For all other
translations, corresponding to some fraction of voxel dimension, the grid
points of the images do not coincide anymore and therefore interpola-
tion is required to estimate intensity values between grid positions of
the reference image. For example, when PVI is used to create the joint
histogram, several entries have to be updated each time a pair of grid
points is not aligned. Consequently, the joint histogram is not only dis-
persed because of the image content and a possible misregistration, but
it also contains an additional dispersion induced by the interpolation
method. More dispersion implies a higher joint entropy value, which in
turn decreases the MI. This is illustrated in Figure 3.1(d), where the
floating image was translated up to 3 voxels in the image plane from the
registered position. By repeating the same experiment using the TRI,
an opposite behavior of the interpolation artifacts can be noticed on the
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Figure 3.1: (a) Reference CT image of the leg. (b) The floating per-
fectly aligned angiographic image. Interpolation artifacts in the MI es-
timated from the volume of image overlap when translating the floating
image along the x and y axis over the reference image, (c) using trilinear
interpolation and (d) using partial volume interpolation. The x and y
displacements are given in voxel dimensions
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response of MI. It means that when the grid points of the two images
coincide, the joint entropy is minimal, while for all other translations it
increases. This effect is induced by the trilinear nature of the interpo-
lation process which leads to spurious intensity values, or may produce
an artificial blurring of the reference image which tends to equalize the
joint probability distribution and therefore increases the joint entropy.

The cause of these phenomena lies in the definition of the MI in Eq.2.34.
This mathematical expression is based on the marginal and joint im-
age entropies. The Shannon entropy is a nonlinear function that mea-
sures the disorder of a signal. Figure 3.2 shows the plot of a simple
term in Eq. 2.32 as a function f(p) = —p - log(p) together with the
identity function f;(p) = p. Due to the sharp fall of f(p) near to
p = 0, the entropy term f(p) becomes smaller than the sum of the
entropy terms obtained by dividing p into a multitude of probabilities
p = >.p;. Accordingly, the entropy of a probability distribution will
increase as the dispersion of the distribution increases. Having this in
mind, and considering that in case of computing the Mutual Informa-
tion as MI(A, B) = H(A)+ H(B)— H(A, B), the source of the artifacts
can be easily explained. The entropy of the floating image H(B) varies
only because of changes in the volume of image overlap, no voxel in-
terpolation is needed. Meanwhile, the entropy of the reference image
H(A) changes due to both interpolation effects and modifications in the
volume of overlap. At the same time, these effects have an even greater
influence on the joint entropy H(AB), because it is calculated from a
much more fragmented probability distribution then its marginal distri-
butions. Therefore, the behavior of MI is dominated by the behavior of
the joint entropy.

In a similar fashion, it has been shown in [Pluim et al. 2003, Tsao
2003, Ji et al. 2003] that the interpolation artifacts are also present in
more complex voxel interpolation functions. The effect of the number of
bins used for calculating the joint histogram is of big importance, as a
reduction of the number of intensity levels used by the joint histogram
may reduce these interpolation artifacts. However, the accuracy of the
registration is also proportionally decreasing and therefore a compromise
is needed depending on the nature of the images to be registered.

A very common solution proposed to minimize the interpolation arti-
facts is the random resampling of one of the images. In this way, the
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Figure 3.2: The Shannon entropy term f(p) = —p - log(p) as function
of p and the identity function f;(p) =p

grid points of the images are not correlated anymore and according to
the aforementioned observations the joint intensity histogram is always
calculated by using voxel interpolation. Likar and Pernus also adopted
this solution for their hierarchical subdivision scheme. Further, because
the size of the sub-images to be registered become smaller with each level
of the hierarchical splitting, these interpolation artifacts are increasingly
disturbing. Therefore, beside the random resampling strategy, they ar-
tificially increase the number of samples by incorporating prior informa-
tion. However, our experiments showed that this prior information leads
only to a scaling of both, the MI value and the interpolation artifacts.
In addition, the use of the prior information is likely to affect even more
seriously the accuracy of the local registrations because it may introduce
false maxima in the MI function.
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3.1.2 Mutual Information of small sub-images

As a consequence of the successive image splitting, patches of low struc-
tural content may appear. These structureless patches often lead to
morphologically inconsistent local registrations due to a low MI response.
Likar and Pernus suggested to identify such patches by applying a thresh-
old on the MI value and to exclude them from the local adjustment
process. However, two problems are likely to arise when using this ap-
proach. Firstly, in this way structured sub-images with low MI values,
that nevertheless have a clear optimum and can be registered in a mor-
phologically consistent way will be prevented from becoming properly
adjusted. Secondly, we have observed that MI significantly increases
when structureless patches start to overlap a structure in the reference
image. Therefore, these patches may not be eliminated by the simple
threshold criterion and will deteriorate the registration performance.

Another consequence of the hierarchical image splitting is that the in-
terpolation artifacts present in the MI function are also increasing. Fig-
ure 3.3 illustrates this effect on a simple CT/MR registration experi-
ment. Figure 3.3(a) shows the initial reference CT and Fig. 3.3(b) the
floating MR image. By translating the floating image horizontally over
the reference image, the response of the MI is calculated and plotted in
Fig. 3.3(c). The remainder of Fig. 3.3 depicts the same experiment by
successively splitting the floating MR image (the central column) and
calculating the response of the MI (the right column) as a function of
horizontal translation over the reference C'T region (the left column).

3.1.3 The effect of noise on Mutual Information

It is well known from information theory [Cover and Thomas 1991], that
if two signals are statistically independent then their MI is reaching its
minimum possible value, namely zero. Therefore, one would expect that
by shifting a structureless sub-image around its initial position, the sim-
ilarity measure has a small response. Surprisingly, experiments clearly
demonstrated that even though MI is small, it starts to increase as soon
as the structureless sub-image overlaps a region of higher structural con-
tent. This is a serious problem as these structureless sub-images are very
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Figure 3.3: Experiment showing the increasing PVI artifacts along
the hierarchical image splitting. (a) The reference C'T. (b) The floating
MR image. (c) The response of MI when the floating MR image is
horizontally translated over the reference CT image. The remainder
of the figure shows the same experiment by successively splitting the
floating MR image (the central column) and calculating the response of
the MI (the right column) as a function of horizontal translation over
the reference C'T' region (the left column)
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likely to appear at higher levels of the hierarchy when either the back-
ground or large tissue regions are partitioned into homogeneous patches.
Therefore, wrong local registrations may be introduced that would com-
promise the accuracy of the non-rigid registration result. These local
misregistrations are likely not to be detected and corrected by a de-
formation field regularization procedure based on simple tests as it is
proposed in [Likar and Pernug 2001]. This problem is even more pro-
nounced in the context of multi-modal image registration when not all
tissue details can be seen in all modalities. For example, in the case
of CT/MR registration this problem is quite likely to appear, because
the MR image shows structural details in soft tissue regions, while the
corresponding area in the CT acquisition can be nearly or completely
homogeneous due to minimal differences in X-ray absorption. The ex-
ample shown in Fig. 3.4 illustrates how such structureless sub-images can
induce important local misregistrations at the 6" level of the hierarchy.
The experiment was performed on one selected region of interest of the
CT/MR matching example shown in Fig. 3.3(a,b). Figures 3.4(a,b) show
the region of interest around the sphenoid sinus in the left temporal bone
in the reference CT and floating MR images, respectively. Figure 3.4(c)
shows the result when all sub-images are undergoing the local registra-
tion. Figure 3.4(d) shows the result when only those sub-images having a
clear structure are locally registered, while the structureless sub-images
remain in their initial position.

In order to understand and explain this behavior of MI for structureless
image patches, further experiments have been performed for 1D signals,
as the observation on them can be easily extended for 2D or 3D images.
The following experiment shows the behavior of MI in the presence of
noise. Let us consider two signals A and B as depicted in Fig. 3.5.
We generated the reference signal A by adding white noise to a step
function. The floating signal B consists of white noise, and is statistically
independent of A. Using Equation 2.34, we can calculate the MI between
the two signals as a function of the displacement when the floating signal
is translated along the reference signal.

The none-zero baseline of the MI, clearly identifiable in Fig. 3.5(b), can
be explained by a combination of two different effects. One is rooted in
the difficulty to achieve full independence between signals represented by
a finite number of discrete samples. In the ideal case of statistically inde-
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Figure 3.4: Registration details of the sphenoid sinus in the left tem-
poral bone at the 6" level of the hierarchy where the original floating
image is divided in 32 x 32 sub-images of 16 x 16 pixels. (a) The ex-
amined region on the reference C'T. (b) The examined region consisting
of 3 x 3 sub-images of the floating MR image. (c) The final position of
each sub-image after the local rigid registration. (d) The result after ap-
plying the local rigid registration only to those MR sub-images having
a clear structure, keeping the position of the structureless sub-images
unchanged. The structure consistency check clearly prevented the two
middle patches from being pulled towards structures in the reference CT
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Figure 3.5: One-dimensional experiment showing the behavior of MI in
the presence of noise (a) Original test signals: the reference signal A and
the floating signal B. (b) The response of MI when the floating signal
B is shifted over the reference signal A
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pendent signals A and B the entropies would cancel out resulting in zero
MI. This is, however, very unlikely for a real case scenario. On the other
hand it is well known in information theory [Cover and Thomas 1991]
that at the transition from a continuous differential entropy to a discrete
entropy there is systematic bias by an error term logs(A) depending on
the size of the quantization bins used for histogram generation:

lim (H(z) + loga(A)) = h(z) (3.1)

where H(z®) is the discrete entropy, h(z) the differential entropy, and
A the size of the quantization bins used for histogram generation. This
theorem only applies to the marginal entropies H(A) and H(B). We
are not aware of any results on deriving a similar relation for the joint
entropy H(A, B). Clearly for strictly independent signals A and B the
quantization error of the discrete entropy would cancel out. This is,
however, not the case if the independency condition is perturbed.

To further investigate the problem, numerical experiments have been
performed showing the dependency of the entropies on the sample size.
The results are shown in Fig. 3.6. The Cross-Correlation (CC) graph
clearly shows, as expected, that the statistical independence between the
two finite, discrete random signals improves with their sample length. On
the other hand, the graph on the left shows a very interesting property
of the entropies. While the sum of the marginal entropies H(A) + H(B)
is only slightly influenced by the sample length and very quickly reaches
the theoretically predicted value for discrete entropy, the joint entropy
H(A, B) requires substantially more samples to show a similarly stable
behavior. In other words, the mutual entropy is much more sensitive to
deviations from independency between the signals to be matched.

Relating this observation to the test signals from Fig. 3.5 it is obvious,
that once the floating signal B starts to overlap the step in A, we get a
bi-modal distribution for both H(A) and H (A, B), while H(B) remains
constant. The number of available samples then needs to be distributed
among two separate intensity clusters for the marginal entropy H(A) and
the joint entropy H(A, B). As can be clearly seen from the above graph,
the joint entropy H(A, B) decreases much faster than the marginal en-
tropy H(A), thus leading to the observed strong increase of the MI.
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Figure 3.6: (a) The dependency of the entropies H(A) + H(B) and
H(A, B) on the number of samples in the signal. The corresponding
dependency of (b) MI and (c¢) CC on the number of samples in the
signal

3.1.4 Including the prior global information

The previously described negative effects on MI depend on both the num-
ber of image samples and the image content and can be considerably
reduced by including prior information in the actual joint probability
distribution, as proposed by Likar and Pernus. This method artificially
increases the number of samples used to estimate the joint intensity his-
togram and consequently increases the statistical power of MI. However,
care has to be taken when choosing the weighting parameter, because
fake maxima can be created in the response of MI by suppressing the
local statistics. Accordingly, they proposed an adaptive scheme for the
weighting parameter, such that it equals the ratio between the current
sub-image area and the entire image surface. Figure 3.7 shows in detail
two representative cases for the local registration of CT/MR images of
the head. Marked with a square on both the reference CT and the float-
ing MR image, the selected sub-images are of 32 x 32 pixels and they
correspond to the 5" hierarchical level. The first experiment consists of
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registering sub-images containing clear anatomical structures, as can be
seen in Fig. 3.7(¢,d). The second experiment, depicted in Fig. 3.7(e,f),
represents a difficult registration case where the sub-images have homo-
geneous intensities. While the first example should be an easy case of
registration using MI because of the well defined structures present in
the sub-images, the second example is one of the aforementioned diffi-
cult cases that revealed the peculiar behavior of MI. Both experiments
consist of calculating the response of MI to horizontal translations of the
selected floating sub-images over the reference image. The MI is esti-
mated for both cases with and without including the prior information
extracted from the images.

A comparison between Fig. 3.7(g) and Fig. 3.7(h) shows two advantages
of including the prior information in the estimation of the joint inten-
sity distribution. The first obvious advantage is that the interpolation
artifacts are drastically reduced. At the same time, the MI statisti-
cal consistency has considerably increased. This second observation is
less obvious in the two responses of the MI but is clearly visible in the
colored images that show the final local registrations results overlayed.
Depicted in Fig. 3.7(i,j), the colored images show the reference image in
red, overlayed with the floating sub-image in green, translated according
to the optimal MI value estimated without and with prior information,
respectively.

The second experiment is similar to the previous one and the results are
depicted in Fig. 3.7(k-n). Even though the previous experiment showed
increased statistical consistency of MI when it includes the prior informa-
tion, the approach is not completely solving the related problems. With
or without prior information, the responses of MI depicted in Fig. 3.7(k,1)
show statistical inconsistency when is estimated for signals with homoge-
neous intensity values. In the context of the hierarchical image splitting
strategy, this disturbing inconsistency of the MI is likely to introduce
local misregistrations which can seriously affect the performance of the
final result. Therefore, we continued our investigation to find alternative
solutions to overcome these drawbacks of MI.
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Figure 3.7: Experiment showing the advantages of including the prior
information when estimating the MI. (a,b) The reference CT and the
floating MR image, respectively. (c,d) The regions of interest having
clear structures and (e f) with homogeneous intensities, cropped from
the CT and MR images, respectively. (g) The response of MI estimated
only from the local information and (h) including the prior information to
horizontal translations up to +£5 pixels of the floating sub-image over the
reference CT. (i,j) The colored overlayed images of the reference image
(red) with the floating sub-image (green) transformed according to the
optimal value of the MI depicted in (g,h), respectively. (k-n) Similar to
(g,j), the experiment is performed with the sub-images from (e,f)
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3.2 Spatial autocorrelation coefficient

As already presented in the previous section, the interpolation artifacts
and the statistical inconsistency of the MI can be reduced to a certain
extent by using one of the various solutions proposed, such as random
resampling, or including prior information. However, these methods will
not overcome the peculiar behavior of MI for image patches contain-
ing no clear anatomical structure. In the context of the hierarchical
strategy, this problem of MI is increasingly disturbing during subdivi-
sion leading often to regions of homogeneous intensities, showing mostly
imaging noise. Therefore, we focused our research towards alternative
solutions that can completely eliminate such problematic image regions.
Inspired by point pattern analysis, the solution we propose is based on a
new method to detect noisy patches or regions of homogeneous intensity
within an image. We adapted and integrated this structure detection
method into the hierarchical image splitting strategy, considerably in-
creasing the registration robustness. Moreover, this method can also be
used as a reliable stopping criterion for the entire hierarchical subdivision
procedure.

3.2.1 Introduction in Point Pattern Analysis

In the field of geography and ecology one of the basic goals is to gain
information about the spatial variation pattern in their data at different
geographical locations within a region of interest. This research area is
called point pattern analysis (PPA) and is focusing on detecting specific
events and on answering questions about the distribution of their loca-
tions. Of particular interest is if these events are randomly or regularly
distributed or clustered in the analyzed region. Most of the statistical
tests describing such spatial characteristics are relying on spatial auto-
correlation. A detailed overview of these methods can be found in [Cliff
and Ord 1973]. Two spatial autocorrelation coefficients are especially in-
tensively used due to their robustness ([Lee and Wong 2001]) Moran’s T
and Geary’s C coefficient. They share common characteristics, but their
statistical properties are different. However, both coefficients are based
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on the comparison of the neighboring units® which will lead to a strong
positive spatial autocorrelation if they have similar values. Otherwise,
if the neighboring units are very dissimilar, then the spatial autocor-
relation will become strongly negative. The analysis of the statistical
properties of the two aforementioned spatial autocorrelation coefficients
concluded that the Moran’s I coefficient is favored by most of the ana-
lysts because it has highly desirable statistical properties ([Lee and Wong
2001]). More specifically, the variance of the I coefficient is less affected
by the distribution of the sample data than that of Geary’s C coefficient.

3.2.2 DMoran’s [ coefficient of spatial autocorrelation

According to [Cliff and Ord 1973], for a data set X = {z;} of mean value
E(X) =7, the Moran’s I coefficient is defined as:

N —
N Ximiwy (@ —T) - (2 —T)
ijzl Wij Zz]\;(% -7)

where W = {w;; } is called the contiguity matrix, representing the con-
nectivity weights, or the amount of interaction between the locations

7=

(3.2)

¢ and 7, and N stands for the number of observations in the analyzed
data. Note, that I is similar to the classical form of an autocorrelation
coefficient: the numerator term is a measure of covariance among the
{x;} and the denominator term describes the signal variance. It is also
obvious that Moran’s I is based upon the cross-products of deviations of
the z; from the mean value Z. It varies in the interval [—1, 1], the values
close to the extremity of this interval indicating the presence of structure
in the spatial distribution while random patterns are characterized by
values close to zero.

As already mentioned, the contiguity matrix W = {w;;} represents the
amount of interaction between the data elements and has a big impact in
determining the desired spatial autocorrelation coefficient. The W allows
the investigator to choose a set of weights which he finds most appro-
priate based on prior considerations. Further more, if different models
are proposed regarding the degree of conectivity between neighboring

1The neighboring units are called counties in point pattern analysis. For our
application they will represent the image pixels.
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elements, alternative sets of weights might be used to investigate these
hypotheses. It is important to stress that the weights must be chosen
carefully in order to avoid spurious correlations. The factors which are
most important will depend upon the study at hand. For more details
regarding the choice of the connectivity weights please refer to [Cliff and
Ord 1973] and [Lee and Wong 2001]. For image processing application,
the most usual practice is to build the contiguity matrix with coeffi-
cients that are inversely proportional to the Euclidean distance between
the centers of the corresponding image pixels.

In order to test the significance of Moran’s I, Cliff and Ord proposed to
evaluate its first two statistical moments under either of the following
two assumptions:

(n) - normality (n) - the {z;} are the result of NV independent drawings
from a normal distribution;

(r) - randomization (r) - independently of the underlying distribution
of the population, the variation of I over the set of all possible
permutations of the elements of {z;} (there are N! such combina-
tions).

Using the subscripts n and r to distinguish between the normalization
and randomization assumption respectively, the first order moment of I
(its mean value) is:

while the second order moment (its variance) is:

9 N251—N52+3Sg
Enll) = = 133

B (Ig) _ N[(N®>-3N+3)S1—NS>+357]
T - (N-1(N-2)(N-3)53 (3.5)
E[(N?—2)S; —2N S5 +652] :
(N-D)(N-2)(N-3)53




66 3. MUTUAL INFORMATION AND THE HIERARCHICAL IMAGE SPLITTING

where:

N
So =25 j-1 Wi
S, — 13NV L )2
1 3 Zi,j:l(ww + wji)
N N N 2
Sy =2 (Zj:l wij + Zj:l wji)
N (-7
oo i @e®)t

(3.6)

It has been shown in [Cliff and Ord 1973] that the standard Z, , value
associated to the Moran’s I coefficient:
I1-E,,()
E,.(I?)
is asymptotically normally distributed as the number of data elements N

increases and therefore its significance can be tested against the Gaussian
distribution.

Ly = (3.7)

3.2.3 Image information consistency test

In order to use Moran’s I as an indicator of the structural content for 2D
sub-images, it has to be adapted regarding to the choice of the contigu-
ity matrix and to the test for significance of the I value. It is logical to
build the contiguity matrix using a weighting scheme inversely propor-
tional to the Euclidean distance d(-, -) between the currently inspected
pixels and its neighbors. Furthermore, a maximum interaction distance
D= (D, Dy) has to be selected according to the minimum size of the
structures to be detected in the image.

Denoting the spatial location of a pixel within a 2D image (i.e. image
patch) A* of size N; x Ny with & = (54, sy) € Quax, we can define the
vicinity of size D around § as:

ng = {ﬁ: (pampy) € Qax,V | Sz — Px |§ D, and | Sy — Py |§ Dy}~
(3.8)
By changing the linearized index notation from Eq. 3.2 to image coordi-
nates, then the contiguity matrix W can be expressed as:

1 - Dy rz
W — Wgy = d(z,p)° Vp € v§‘ \{8} (39)
otherwise.

?
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Denoting the intensity value of the image pixel located at the spatial
position § € Q4+ with ag = A*($) and the mean value of the image
intensities with @, the Moran I becomes:

1 D s Zﬁevg wsp - (ag —a) - (ay — @)

X5 Ve Wpg ZS*EQA* (ag —@)?

I= (3.10)

Similarly with the original formulation, Moran’s I applied to images
varies in the interval [—1, 1], where the random patterns are characterized
by values close to zero. Before testing the significance of I, its first
and second order moments can be estimated under the randomization
assumption, using Eq. 3.3 and Eq. 3.5. Note, that for an image patch
A* of size N, x N, the number of data elements is the number of image
pixels N = N, - N,. The associated k and S;,: = 1..3 factors are also
computed similarly to Eq. 3.6:

So =2 peVE Wpp
Sl =2 Z VD w Hﬁ

2 (3.11)
52 Zﬁe\ﬂ? Z§€V? wsp + Z§€V§ Wps'

Z;enA* (as*a)2

k .
(Z;enA* (az—a)? )2

The test for the significance of the Moran’s I applied for images is per-
formed by Student’s t-test on the significance level of 95% using the
randomization assumption.

Figure 3.8 shows the classification result of a 2D neuroradiological MR
slice into regions having consistent structures and regions without struc-
tures when using the aforementioned test for significance of Moran’s I
coefficient. The initial MR image depicted in Fig. 3.8(a) is partitioned
in 32 x 32 sub-images of 16 x 16 pixels. Figure 3.8(d) shows the spatial
autocorrelation coefficient I evaluated for all the partitioned sub-images.
By using the threshold of 1.96 on the corresponding standard Z values
depicted in Fig. 3.8(e), the classification is shown in Fig. 3.8(b,c).
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Moran | Z value

Figure 3.8: Classification of image regions into consistent and inconsis-
tent structures when using the Moran’s I consistency test. (a) The orig-
inal MR slice, splitted into 32 x 32 sub-images of 16 x 16 pixels. (b) Sub-
images classified as showing consistent anatomical structures. (c) Sub-
images classified as having inconsistent structures (noisy or structure-
less). (d) The Moran’s I coefficient evaluated for all sub-images. (e) The
standard Z values associated to Moran’s I values

3.3 Further analysis of the hierarchical im-
age splitting strategy

This section discusses the disadvantages of the binary splitting scheme of
the images, as originally proposed by Likar and Pernus. Two alternative
image partitioning schemes are presented to increase the robustness of
the final deformation field resulted from the hierarchical strategy.
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3.3.1 Binary splitting

The binary image splitting scheme proposed by Likar and Pernus, divides
the images to be registered into sub-image pairs with borders at fixed po-
sitions. The positioning of the borders is determined exclusively by the
image geometry and completely ignores the image content. In addition to
the problems raised by the loss of statistical consistency of the MI, this
partitioning scheme may lead to additional problems like distributing
single structures between neighboring sub-images. If in the remainder
of one of these sub-images there is another well defined structure, then
this may dominate the entire local rigid registration. An example can
be seen in Fig. 3.4, where the temporal bone around the sphenoid sinus
is partitioned into numerous sub-images. A possibly undetectable local
misregistration of any of the sub-images may induce deformations to the
nearby structure, which is not in agreement with the underlying physical
phenomena. Therefore, several schemes to overcome the aforementioned
problem of the binary splitting have been explored such as an overlap-
ping windows strateqy or adaptive splitting. We propose to use the later
method, as to our experience in combination with the Moran consistency
test, this will lead to an increased robustness of the entire hierarchical
procedure for non-rigid registration.

3.3.2 Overlapping sub-images

An alternative solution to the binary image subdivision is the overlapping
sub-image splitting scheme proposed by [Xu and Dony 2004]. By defin-
ing additional splitting borders through the centers of the sub-images
resulted from the binary splitting, this scheme creates overlapping sub-
images. They claim that their method helps to overcome the problem
of the edge splitting, and that the registration results are improved to
some limited extent leading to much better visual result. Of course,
the computational complexity increases due to both the registration of
the new sub-images introduced and the computation of TPS using an in-
creased number of control points. An example of overlapping sub-images
is sketched in Fig. 3.9. An overlapping image division at the I level
of the hierarchy generates (2 -2/~ — 1)? sub-images, instead of 22(1-1)
sub-images resulting from a binary splitting.
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(a (b

Figure 3.9: Schematic examples of image partitioning schemes: (a) the
binary splitting and (b) the overlapping sub-images scheme

Basically, the overlapping windows method is close to the binary split-
ting, being susceptible to similar limitations, by the fixed position of the
sub-images within the original image. However, possible distortions are
reduced by the proximity of the TPS control points.

3.3.3 Adaptive image splitting strategy

Following any of the aforementioned image splitting schemes, one can
reach the limit case of sub-images containing one single pixel. For this
extreme case obviously no image similarity measure can give a consis-
tent response. The usual procedure that many have adopted is to limit
the possible size of the sub-images to a minimum predefined value. This
leads of course to limitations on the accuracy and performance of the
non-rigid image matching. These limitations concern mainly the regis-
tration of those structured details that are smaller than the minimum
predefined sub-image size. In addition, the original hierarchical strat-
egy partitions both images after a TPS reconstruction of the floating
image. This interpolation is likely to induce significant changes on both
the structures and the intensities of the floating image. Furthermore,
this image reconstruction may lead to a possible decrease of contrast
and details within the floating image, and therefore the accuracy of the
registration may decrease. Even if visual inspection of the registered
image may be satisfactory, this may only be caused by the lack of image
details due to the repetitive TPS interpolations.
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In order to overcome the aforementioned limitations, we propose an
adaptive scheme for the hierarchical image splitting, which is fully auto-
matic and permits the registration of fine details present in both images.
Using the image information consistency test presented in Sec. 3.2, the
adaptive subdivision scheme allows the registration of sub-images with
the size of the contiguity matrix defined to compute the Moran’s I co-
efficient. Moreover, in contrast to the original hierarchical image subdi-
vision scheme, we propose to partition only the floating image without
any reconstruction between consecutive hierarchical levels. As such, the
newly partitioned sub-images will inherit the registration parameters
from their parents registered at the previous hierarchical level. This pa-
rameter inheritance is done using a method that will be presented in
the next chapter. In this way, the details of the floating image are kept
according to their original resolution and consequently, the accuracy of
the local registration is considerably increased.

The underlying principle of our image subdivision scheme is to locally de-
cide whether a new partitioned sub-image contains significant structures
and therefore if it is possible to perform a consistent local registration.
This decision regarding the sub-image structural content is done using
the Moran’s I coefficient by testing both the current floating sub-image
and its corresponding area on the reference image. This double test
done on both images ensures that the local registration is done between
significant structures simultaneously present in both images. As such,
at every level of the hierarchical image splitting, the Moran I can test
for the presence of structures in all the newly formed sub-images. All
those sub-images passing the Moran test, can be further registered and
subdivided at the next level of the hierarchy. Those sub-images failing
the Moran test are omitted from both the local registration procedure
and also from further subdivisions. In this way, the entire subdivision
scheme is locally adaptive and increases the robustness of the registration
procedure by not only eliminating possible inconsistent local matches
of structureless image patches, but also by registering only those sub-
images which have consistent structured information. The same principle
makes the Moran’s I an important part of the final stopping criterion of
the hierarchical image splitting, which is discussed later in Chapter 5.

In order to visualize the evolution of the adaptive image subdivision
along the hierarchical non-rigid registration, we performed the non-rigid
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registration experiment between the CT images of the leg presented in
Fig. 3.1. Figure 3.10 shows the evolution of the floating image splitting
grid projected undistorted onto the reference CT image without contrast
agent. Figure 3.10(a) depicts the splitting grid corresponding to the 274
hierarchical level and the subsequent images show the following levels up
to the 7" (Fig. 3.10(f)) level. At this final stage, the size of the smallest
sub-image is 8 x 8 pixels and all those sub-images with a bigger size have
previously failed the Moran’s consistency test. Note, that in the original
hierarchical registration procedure as proposed by Likar and Pernusg, the
maximum reported hierarchical level is 4, having sub-images of 64 x 64
pixels.

3.4 Intensity mapping

The hierarchical image splitting strategy for non-rigidly registering med-
ical images can be applied successfully not only for multi-modal images
but also for mono-modal cases. As already presented in the first subsec-
tion of this chapter, the statistical consistency of MI is decreasing along
the hierarchy, weakening the performance of the entire registration and
limiting the maximum level of the hierarchical subdivision. However, for
mono-modal image registration there are alternative similarity measures
and CC is favored by most researchers as it was proven to be robust
and insensitive to possible changes of illumination or image shadings.
Cross-correlation based similarity measures showed an increased consis-
tency and robustness also compared to MI, especially in those situations
where small sub-images were to be registered. We therefore investigated
the possibility to extend the usability of CC as a similarity measure to
multi-modal cases. Such a method could enable to replace MI with a
more robust CC for higher levels in the hierarchy.

In the past few years, several researchers have investigated the usability
of CC in multi-modal registration cases. However, CC assumes a linear
relationship between the image intensities. The approach commonly pro-
posed in the literature tries to find a functional relationship between the
intensities of the different modalities such that one modality is trans-
formed into the contrast space of the second image. As such, several
methods have been proposed either for estimating a functional relation-
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Figure 3.10: The evolumon of the adaptive floating image splitting
grid along the hierarchical non-rigid registration procedure. The grid is

projected undistorted on the reference image, from the 2" (a) up to the
7 (I) hierarchical level
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ship between the intensities of images from different modalities or for
the direct estimation of similarity measures which integrate this func-
tionality in their definition. For example, the VIR criterion presented
by Woods in [Woods et al. 1993] proved to be efficient for matching
PET with MR images. In [Nikou et al. 1998] an extension was pre-
sented that removed the need for manual segmentation and extended
the method’s applicability to other modality combinations. Another
extension of Woods’ VIR criterion called correlation ratio is described
in [Roche et al. 1998]. Later on, in [Guimond et al. 2001], an adaptive
intensity correction was proposed that combines the correlation ratio
with the demons algorithm [Thirion 1996]. A completely different ap-
proach for CT-MR cross-registration described in [van den Elsen et al.
1994] bases on a simple intensity mapping of the original CT image such
that bone and air have identical appearance as in an MR image. All the
proposed methods, however, lead to the appearance of fake structures
within the mapped image, which strongly limits their usability. These
ghost features caused by imaging details which are not visible in both
modalities can lead to ambiguities that result in misregistrations.

This section presents a local intensity mapping that allows to switch
from MI to the more robust CC at higher hierarchical levels. In con-
trast to the already existing approaches that estimate the functional
relationship from one image modality to the other, we propose to build
a common intermediate pseudo-modality. The intensities in both images
are mapped simultaneously onto a common contrast space, which is not
necessarily one of the two source intensities, but rather a combination
of them. Although the transformed images may locally resemble one
of the modalities, on an overall scale this is not true. The proposed
mapping algorithm is demonstrated on CT/MR image registration but
is generally applicable for any combination of modalities.

3.4.1 Cross-Correlation versus Mutual Information
in mono-modal registration

Figure 3.11 depicts two relevant examples demonstrating the advantages
of using the CC instead of MI as a similarity measure in a realistic mono-
modal registration scenario. The results of these experiments are in
complete accordance with with the previous observations from Sec. 3.1.3,
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where Fig. 3.6 shows that the CC gives a more consistent response than
MI when it is estimated for signals having a small number of samples.

The two examples are taken from a registration experiment between a
contrast enhanced and a native CT image of the leg, both images of
size 512 x 512 pixels with 256 intensity levels. Figure 3.11(a) depicts
the reference image without contrast agent, and Fig. 3.11(b) shows the
floating CT image with contrast agent. For the experiments, two repre-
sentative image patches were manually selected from the floating image
and horizontally translated from their initial position over the reference
image. The selected image patches are of size 32 x 32 pixels, equivalent to
sub-images of the 5t level of the hierarchy. In the first experiment, the
floating image patch shows a clear structure due to muscle boundaries.
By using Eq. 2.36 and Eq. 2.24, the responses of MI (Fig. 3.11(d)) and
CC (Fig. 3.11(f)) are calculated for a horizontal displacement of up to 10
pixels. The second experiment is done for an image patch with almost
uniform intensities, containing no relevant structure. The corresponding
responses of MI and CC for a horizontal shift for up to 10 pixels are
depicted in Fig. 3.11(c) and Fig. 3.11(e) respectively.

These experiments demonstrates the superior performance of CC over
MI. Firstly, the interpolation artifacts are drastically reduced. Secondly,
for the image patch having almost homogeneous intensity values with no
visible structure, the CC shows more robust response than MI. The CC
decreases when translating the structureless image patch from its initial
position because on both sides of the reference image there are more pro-
nounced structures uncorrelated with the floating image patch. Mean-
while, in complete accordance with the discussion presented in Sec. 3.1.3,
MI increases as the structureless sub-image starts to overlap the bone,
pretending a better fit between the two image regions when the struc-
ture represented by the bone-muscle interface lies somewhere in the noisy
patch. Note, that MI shows significant responses in both experiments
and a simple threshold based approach of the MI responses, as proposed
in [Likar and Pernus 2001], might fail in detecting this obvious outlier.

3.4.2 Local intensity mapping

The proposed mapping strategy bases on the observation that the per-
formance of a registration algorithm will not increase if one of the images
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Figure 3.11: (a) The reference CT. (b) The floating C'T of the leg. The
right mask covers an image patch having clear structures, the left one is
over a structureless image patch. The MI response when the structureless
image patch (c) and the structured region (d) are horizontally translated
up to 10 pixels from their initial position. (e,f) The CC response for the
same horizontal translations of the aforementioned image patches
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Figure 3.12: Transversal slices of rigidly registered (a) CT and (b) MR
acquisitions of the head

contains more structural details than the other. On the contrary, details
visible in only one of the images can lead to ambiguities by inducing
misleading optima in the similarity measure. The performance of the
registration procedure thus only depends on those image features which
exist simultaneously in both modalities. The proposed mapping proce-
dure builds an intermediate pseudo-modality of the images that will show
only the common image features and drop additional details prominent
in only one of the modalities.

Figure 3.12 depicts two corresponding transversal slices from rigidly reg-
istered 3D volumes of 512 x 512 x 50 voxels of size 0.39 x 0.39 x 0.6 mm?.
Obvious differences can be noticed not only in the intensities of most of
the structures but also in the visibility of details of the tissues. These dif-
ferences make that the mapping between the intensities is neither linear,
nor invertible.

We propose to estimate the functional relationship between the inten-
sities of the different modalities by using the information contained in
the joint histogram of the coarsely registered images. In a first step, the
mean values and the variances of all MR image (B) voxels are calculated,
which correspond to the normalized intensity values a € Q, C 0..255 in
the CT image (A) using the joint histogram Hp:
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(a) = ZbeB Hap(a,b)-b
pa S g Han(ab)
S e p Hag(a,b) - (b — pa(a))?

2 _
oala) = S Han(ab) (3.13)

and likewise for the MR image voxels b € Qp C 0..255:

B ZaE Hapla,b)-a
pell) = S (3.14)

a,0)-(a— 2
oh(b) = ZaeA,];i(A 7734)43(((175;63([))) , (3.15)

(3.12)

For each of the histogram bins of the CT and MR, a flag f,, f» and a
counter c,, ¢p is defined. The flag encodes whether an intensity value
should be mapped by the corresponding p function or should be kept
unchanged:

1  map to the other modality
o o = 0 undefined in the joint histogram (3.16)
—1  keep the value unchanged.

The counters are increased by one, whenever an intensity from one
modality is mapped onto its bin. As it is our aim to suppress structures
in a patch which are not visible in the other modality, the flags select
intensities according to the image with smaller variance. The counters
are also updated according to this decision:

Va if oa(a) <oplpala)) = fo =1, inc. counter ¢, (q) = ¢, () + 1
" ifoa(a) > op(pala)) = fo = —1, inc. counter ¢, = ¢4 + 1
(3.17)

and likewise for the MR image:

b if op(b) < oa(pp(b)) = fo =1, inc. counter ¢, ) = cupp) + 1
"\ ifop(b) > oalup(d)) — fp = —1, inc. counter ¢, = cp + 1.
(3.18)

As can be seen in the schematic joint histogram in Fig. 3.13(a+b) three
different regions can be distinguished according their variance. For the
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regions where [, > fp and f, < fp the mapping direction is unambiguous
and indicated with an arrow. In Fig. 3.13(b) the same regions are labeled
according to the flag notation. If o4 &~ op no clear decision can be made.
For the intensities in this ambiguous region (see Fig. 3.13(c)) it is very
likely that the value b; will be mapped to a; and a; which in turn is
associated with b;. Accordingly, the mapping function v4(a) for A can
be written as:

if fa >fp,A(a) - MA(CL)
Va=0.255 b=va(a) = if fo <fu,@ — a (3.19)
if fo = fuiay — ambiguity.

B o4 > 0B B
by,
[ =Ney:) Ja=1To
OB > 0A

by

- L -

A aq A

(a) )

Figure 3.13: Schematic joint histogram with (a) three regions defined
by their variances, (b) the three regions labeled with the flag notation,
and (c) illustration of ambiguities

Two different ambiguous cases can be distinguished: (1) fo = fu ) = 1,
i.e. the intensities in both modalities are to be changed and (2) f, =
Juatay = —1 i.e. both of them should be kept. The mapping counters

Cas Cuu(a) e used to resolve such situations:

ifeg >cuu) — o

. 3.20
if co < cpy(a) = pala). (3.20)

Vfa= qu(a)7 b= VA(a) = {

Corresponding formulas for Eq. 3.19/3.20 are used for vg(b). As such,
the mapping function v (b) for B can be written as:
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if fp > fIJ«B(b) —  WUB (b)
Wb =0.255, a = vp(b) = 4 if fy < fuppy — b (3.21)

if fo= fuze — ambiguity

and the ambiguities are solved similarly by using the counters cy, ¢, ()

if ¢ > Cup(b) — b

. 3.22
if ey < cupey — 1a(b). (3.22)

Vo= fup@)y, a=ve(b) = {

These ambiguities have to be resolved iteratively until no further changes
in the resulting mappings are detected. Figure 3.14 and 3.15 show ex-
amples of CT/MR mappings using the proposed method.

3.4.3 Preliminary results and conclusions

Two representative examples were chosen to demonstrate the advantages
of integrating this intensity mapping procedure into the hierarchical reg-
istration, such that CC can be used as the similarity measure instead of
MI after a certain level of the hierarchy has been reached. Two regions
of interest have been selected for illustration, marked with white squares
on Fig. 3.12. All patches are of 64 x 64 x 17 voxels, equivalent to the 4P
level of the subdivision.

The first experiment was performed with an image pair (upper white
squares in Fig. 3.12) containing rich structural details. Figure 3.14 shows
the original patches, their intensity mapped versions and the behavior
of MI (on the original) and CC (on the intensity mapped images) for
horizontal displacements up to 10 pixels. It can be seen that for regions
having sufficient structural information, both similarity measures are
sufficiently stable for finding the correct registration position.

A different region of interest (lower white squares in Fig. 3.12) has been
used for the same experiment. While the corresponding CT patch is
almost uniform, the MR image shows significant contrast within the
brain tissue covered. This is a classical case in which MI generally fails
to find the correct registration position, see [Andronache et al. 2005].
Figure 3.15 shows the original and intensity mapped patches together
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Figure 3.14: (a,b) Initial patches showing rich structural details and
(d,e) their intensity mapped versions. (c¢) The response of MI on the
original and (f) CC on the intensity mapped images to horizontal trans-
lations
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Figure 3.15: (a,b) Patches with major differences of tissue contrast in
CT and MR. (d,e) Intensity mapped versions of the images. (c) The
response of MI on the original and (f) CC on the intensity mapped
images to horizontal translations
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with the comparison between the MI and the CC responses to horizontal
translations. While CC remains robust for this region, too, MI shows
highly unreliable behavior.

As has been previously discussed, MI shows unsatisfactory behavior for
the matching of structureless or small image patches due to the lack
of statistical consistency caused by the small number of available image
samples. CC proved to be more robust, but it can not be directly used for
cases, where the intensity relation between the modalities is non-linear.
The mapping strategy presented in this section enables the combina-
tion of both similarity measures for multi-modal registration procedures
relying on a hierarchical subdivision strategy. At the first levels of the hi-
erarchy, where the partitions are still relatively large, MI can be used to
coarsely register the corresponding patches. After this stage, the images
can be transformed to a pseudo-modality using the presented mapping
technique and the similarity measure can be switched to the more robust
CC.

With the proposed hybrid approach that uses MI for the first levels and
CC for the last few levels, two important properties of these similar-
ity measures can be seamlessly combined in a unique manner, namely
the multi-modal capabilities of MI with the robustness of CC without
increasing the computational complexity of the underlying algorithm.

3.5 3D registration

Many clinical procedures today involve the usage of 3D images. The
original hierarchical non-rigid registration, developed for the registration
of 2D microscopic images will therefore have to be generalized to 3D.

It is, however, very straightforward to extend the hierarchical image
splitting strategy from 2D images to 3D volumes. Fundamentally, the
principle is the same in 3D as in 2D, but there are some minor modifi-
cations and adaptations to be made. These modifications are imposed
by the additional dimensionality and also by the usual anisotropy of the
voxels. While similarity measures such as MI benefit from the increase in
structural information and in the number of image samples, the higher
computational complexity due to the increase of the number of degrees
of freedom will have to be handled.
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3.5.1 Mutual Information behavior for 3D data

In Sec. 3.1, a series of limitations of MI as a similarity measure were pre-
sented, especially for sub-images of small size. Although the discussions
were based on 2D images, most of the problems can also be observed in
3D volumes. These problems are strongly related to either the limited
number of available image samples or the lack of structural context of
the sub-images. Due to the inherent increase of the available informa-
tion due to the 3D nature of the images, MI has higher reliability at the
corresponding hierarchical levels. In this case, the hierarchical image
splitting will lead to sub-volumes and the chance of local misregistra-
tions is smaller as the number of image samples increases. However,
the same negative tendencies in the behavior of MI can be noticed, like
increasing interpolation artifacts or diminishing statistical consistency
when dealing with structureless sub-images.

3.5.2 Extending Moran’s consistency test to 3D

In order to avoid the spurious local mis-registrations due to a lack of
structural content within the partitioned sub-images, the same spatial
autocorrelation coefficient can be used to determine the nature of the
partitioned image regions. A few adaptations have to be made to the
2D version of the consistency test as presented in Sec. 3.2. These concern
mainly the definition of the contiguity matrix and the computation of
the standard Z value.

According to the definition, the contiguity matrix contains information
regarding the amount of interaction between the neighboring image vox-
els. Following the same concept as in 2D, the W matrix will be deter-
mined according to a maximum distance interaction D= (D, Dy, D)
between two image voxels, equivalent to the minimum size of the image
structure to be detected. For 3D images, the contiguity matrix will also
be selected inversely proportional to the Euclidean distance between the
inspected voxels. The anisotropy of the voxel dimension has to be taken
into consideration when calculating the voxel distance.
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For a 3D image patch A*, a spatial location of a voxel is denoted with
§ = (sa, 8y, 8;) within the image domain Q4«. The vicinity of size D
around s is therefore defined accordingly as:

VP = {§'= (pa Py, p=) € Qas,¥ | s — pi |< D; with i € {2y, 2}}.

(3.23)
Having expressed the vicinity of a voxel, the contiguity matrix can be
calculated using Eq. 3.9 and the Moran I coefficient is calculated using
Eq. 3.10. Note, that now in Eq. 3.9 and Eq. 3.10 3D image coordinates
have to be used. Once the autocorrelation coefficient is calculated, the
estimation of the first two moments E(I) and E(I?) can be done using
the equations 3.3 - 3.5. Once more, the structural content of the image
is establish by testing the significance of the Moran’s I coefficient by the
Student’s t-test.

3.5.3 Image splitting strategy in 3D

Another modification imposed by the 3D nature of the image concerns
the partitioning procedure. If in 2D cases, the images are very likely to
present an unitary or close to 1 aspect ratio on the z and y axes, for
3D images the situation is different in most of the cases as usually the
slice distance is significantly higher than the pixel size. This results in
an image volume with strongly imbalanced aspect ratio along the 3D
directions.

For 3D images we use a splitting strategy which does not necessary en-
force a simultaneous partitioning in the three directions of the image
volume. Instead, we try to achieve cube shaped sub-images in the world
coordinate system. Sub-images partitioned along one direction are di-
vided in the corresponding dimension in two equal parts. The difference
lies in the adaptive selection of the directions on which the splitting will
be applied. This decision is based on a simple test of the aspect ratio
of the edge lengths of the sub-volume. To achieve the cube shaped sub-
volumes, the division is performed only in those directions that have a
ratio > 1.5 compared to the smaller ones. If all dimensions are com-
parable (all possible ratio combinations are < 1.5), the splitting is done
simultaneously on all directions. In this way, the image splitting strategy
may result in a variable number of partitioned sub-volumes at each level
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of the hierarchy. Note, that no sub-voxel partitioning is applied during
the subdivision process.

This adaptation of the splitting strategy for 3D images is applicable
to image volumes consisting of a small number of slices. In this case,
the initial volume is divided into sub-volumes composed of single slices
having a decreasingly imbalanced aspect ratio along the 3D directions
after a few hierarchical levels.






Deformation Field
Regularization

All the non-rigid image registration algorithms determine a dense de-
formation field which is supposed to be sufficiently flexible to correctly
match the images everywhere in their image domain. As already pre-
sented in Sec. 2.3, the research is currently focused on approaches which
usually derive the deformation field from a series of local transformations
that are found according to different strategies. These local transforma-
tions are often independently found and constraints must be imposed
(o ensure their continuity over the whole warped domain. As these
constraints are very likely to be insufficient to ensure physically real-
istic deformations, an additional regularization procedure is typically
applied. At the same time, the deformations can eventually be extrap-
olated to those image regions that are without salient image features.
The regularization procedure usually enforces the deformation field to
be a homeomorphism (continuous, one-to-one, and topology preserving).
However, this assumption may be violated in the case of pathologically
induced changes that can produce a lack of dense correspondence in the
images (e.g. tumor growth) or discontinuities (like surgical procedures).

This chapter gives a brief overview of the state-of-the-art for deformation
field regularization, followed by the description of a deformation field
regularization adapted to our proposed adaptive hierarchical strategy.
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4.1 An overview of the existing methods

Various regularization methods have been proposed in the literature
(see [Hajnal et al. 2001, Maes et al. 2003, Stefanescu et al. 2004]
and the references therein), staring with the representation of the defor-
mation field as a weighted sum of smooth basis functions, or free-form
approaches incorporating diverse smoothness constraints, to parameter-
ized deformation models physical-based inspired or constructed using
statistical analysis.

In the context of the hierarchical image splitting strategy, the local rigid
registrations of the partitioned sub-images are optimized completely in-
dependently of the neighboring sub-images, without enforcing any con-
straints. In its original version ([Likar and Pernus 2001]), every level of
the hierarchy uses TPS to reconstruct the complete floating image. In
order to avoid the propagation of possible local misregistrations at sub-
sequent levels, they proposed a threefold local registration consistency
test and a correction of the pixel intensity at every level of the hierar-
chy before performing the TPS image reconstruction. In a first stage, a
geometrical test is used to detect and correct possible large mismatches.
Additionally, to detect and eliminate mismatches with only small geo-
metrical displacement, they used two additional tests on the similarity
measure. Firstly, they detect the sub-images whose similarity function is
small and inconsistent with the other sub-images. Secondly, they detect
possible errors of the optimization due to local maxima by analyzing the
graph of the similarity measure around the identified optima.

4.2 The proposed deformation field regu-
larization

Even though our proposed algorithm uses a hierarchical strategy similar
to [Likar and Pernus 2001], important differences stem from our adap-
tive image splitting scheme. In contrast to their method in which at
each level both the reference and the TPS reconstructed floating image
are partitioned simultaneously, our splitting strategy is applied only on
the floating image, more precisely on the sub-images registered at the
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previous level. The biggest advantage of this approach is due to the com-
bination of the Moran’s information consistency test with a scheme for
inheriting registration parameters to the newly partitioned sub-images.
This combination eliminates most of the problems in the original hi-
erarchical strategy and also allows simpler heuristics to regularize the
deformation field. Even though Moran’s test removes all possible local
misregistrations produced by structureless sub-images, some spurious lo-
cal mismatches may still appear due to additional factors. For example,
the optimization procedure might get trapped in a local maximum of
the similarity function, caused by either voxel interpolation artifacts or
a locally good match induced by repetitive patterns present in the image
scene. In both cases the similarity measure presents multiple maxima
that are locally consistent but globally incorrect, leading to erroneous
overlap of neighboring sub-images.

In order to achieve robust and accurate registration, the accuracy of the
individual local matches has to be ensured. For this, we propose a couple
of tests to regularize the deformation field. Firstly, we test the similar-
ity function for the presence of local marima induced by interpolation
artifacts. Secondly, we perform an outlier detection to remove possible
mismatches induced by similar structures in the neighborhood.

4.2.1 Test for local maxima the similarity function

As already presented in Subsect. 3.1.1, MI is highly sensitive to voxel
interpolation artifacts. The results of various experiments reported by
numerous researchers (e.g. [Pluim et al. 2003, Tsao 2003, Ji et al. 2003,
Hajnal et al. 2001]) in connection with rigid transformations showed
that the sensitivity of MI is larger for image translations than for ro-
tations. Therefore, we propose to sample the MI response on a regular
grid of size Niest around the currently found optimal position. If a higher
maximum is found, the registration parameters are changed according to
this position and the optimization procedure is restarted. We selected
the MI sampling grid of size Niest equal to the size of the contiguity
matrix defined in the Moran test.
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4.2.2 Qutlier detection

It is possible that sub-images have rich structural information in the
form of a repetitive pattern. This can induce a series of local maxima
in the the similarity function, which locally seem to be consistent but
may lead to globally inconsistent matches. To such cases we use a two
stage outlier detection. Firstly, the test detects sub-images that moved
too far away from their initial inherited positions, followed by checking
the position of every sub-image relative to its neighbors. All those sub-
images failing in any of these two stages are marked as outliers and their
associated registration parameters are corrected as will be described in
the following section.

The elimination of the large geometrical mismatches is performed sim-
ilar manner as by [Likar and Pernug 2001]. The translation d; of each
sub-image Bi(l) resulting from the local registration is compared with a
predefined maximum allowed distance R;. Denoting the center of the
sub-image in world coordinates with ¢§l)7 then the distance d; between
the spatial positions before and after the local registration at the [P

hierarchical level is defined by the Euclidean distance as:
I =
di = | T(s") = Tu(s )] (4.1)

where 7; is the transformation corresponding to the initially inherited

set of parameters agl) and 7; corresponds to the currently optimized pa-

rameter set &El). In contrast to the original method proposed by Likar
and Pernus, we allow more flexibility for the local displacement of a sub-
image, by setting this maximum distance R to be up to 50% of the
currently tested sub-image diagonal. All the sub-images with a distance
d; > Ry are declared outliers and their associated registration parame-
ters are corrected using the interpolation method described in the next
section.

Up to this stage all sub-images were handled independently of their
neighboring sub-images. Therefore, the second stage iteratively checks

the consistency of the position of every sub-image Bi(l) relative to its

direct neighbors B,gl). More precisely, this test verifies that the cen-

ter of the currently tested sub-image lies within a region of confidence
defined by all its adjacent sub-images. This region of confidence rep-
resents an ellipsoid with main axes (Dy) equal to 50% of the size of
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the currently tested sub-image. The center of this ellipsoid is the cen-
troid of the set of masses inversely proportional with the area/volume
of the adjacent sub-images and placed at their corresponding centers. A
sub-image whose center lies outside the region of confidence is labeled
as temporal outlier. This second stage of the geometrical test is per-
formed iteratively because undetected outliers might be included in the
evaluation of the region of confidence. At every iteration, all the pre-
viously marked temporal outliers are eliminated from the calculation of
the region of confidence, but tested again for their geometrical consis-
tency. The procedure iterates until the list of temporal outliers remains
unchanged. Once no new temporal outliers are being added or elimi-
nated from the list, all the sub-images in the list are marked as outliers.
Note, that the sub-images located at the border of the floating image
lack certain neighboring sub-images. To virtually create these missing
neighbors, the existing neighbors are mirrored relative to the horizontal
and vertical axes across the center of the bordering sub-image.

Fig. 4.1 depicts a 2D schematic example of the two stage geometric
test. As the center of the sub-image marked with the square with thick
continuous borders (C]) is outside the circle of confidence with radius
R around its initial position C4, the sub-image is marked as an out-
lier. Consequently, its position is corrected resulting in the thick dotted
square, with the center C7. Note, that C/’ lies right to its initial position
(', due to the influence of the adjacent sub-image marked with the thin
dotted square which was taken into account while correcting the regis-
tration parameters. In this schematic example no more outliers will be
detected by the second stage of the geometrical test, as the sub-image
marked with the thin dotted square has its center C5 inside the region of
confidence. This region of confidence with diagonal D5 and center C,, is
derived from all adjacent sub-images, including the previously detected
and corrected outlier.

4.2.3 Parameter inheritance and outlier correction

All the outliers detected by the aforementioned tests require a new set
of interpolated registration parameters. This correction of the registra-
tion parameters is done using the inverse distance weighted interpolation
method presented in [Shepard 1968]. This method estimates an interpo-
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Figure 4.1: A schematic example showing the performance of the two
stage geometrical test. The sub-image marked with the square with
thick continuous borders is detected as outlier by the first stage of the
geometrical test and consequently its position is corrected in the square
with thick dotted borders. The second stage of the geometrical test finds
no more outliers (see text for more details)

lated rigid transformation at a desired spatial position, given the set of
rigid transformations at a series of control points.

@

4

of a detected outlier Bi(l) can be extracted from the newly estimated

Adapted to the hierarchical notation, the new set of parameters «

transformation matrix ’Z~27 interpolated at the spatial position s = ¢§l)
which represents the center of the outlier. Assuming that the outlier has
no adjacent sub-images that are not marked as outliers with centers ¢(kl)
and associated transformations 7, then:

75 = 3 wil() - Th. (4.2)
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The interpolation weights wy, are defined as:

L k(9
R SArAES -
where: )
s) = 4.4
O = -
such that: e
> wi(s) = 1. (4.5)
k

The same interpolation strategy is used for calculating the inherited
registration parameters of the partitioned sub-images at the transition
from one level to another of the hierarchical algorithm. At any level
[ > 2 the set of control points is formed by the parents (at the level
[ — 1) of all the neighboring sub-images.

4.2.4 The final dense deformation field

Similar to Likar and Pernus, we use TPS to estimate the final dense
deformation field. Having defined an automatic stopping criterion for the
subdivision procedure as described in the next chapter, TPS interpolates
the centers of all the sub-images at the last hierarchical level. Following
the description presented in Sec. 2.4.4, we estimate the 3(n(lﬁnal) +4)
TPS interpolation parameters p; and ¢; using the non-linear radial basis
function given in Eq. 2.48 and solving the system of Eq. 2.49. The
necessary set of control points are the centers ¢; of all the n{fna) <
22(lsma1—1) gub-images of the final hierarchical level, after performing the
regularization of the deformation field. Hence, using Eq. 2.47, the dense
smooth deformation field can be estimated at any point §g of the floating
image.






The Enhanced Hierarchical
Multi-modal Non-rigid
Registration Algorithm

This chapter presents the entire enhanced hierarchical algorithm we de-
veloped for non-rigid registration of multi-modal images. By integrating
the previously discussed methods in a single framework, we overcome
several limitations of the original version of Likar and Pernus. In ad-
dition, we extended the algorithm to handle volumetric images. This
chapter presents the algorithmic flow in detail and continues with the
description of an alternative approach changing the similarity measure
from MI to CC at higher levels of the hierarchy.

5.1 Description of the registration
algorithm

The hierarchical algorithm follows a coarse-to-fine gradual approxima-
tion of the non-rigid deformation field to compensate spatial misalign-
ment between two mono- or multi-modal medical images. By progres-
sively subdividing the floating image (see Fig. 2.4), an image pyramid
is constructed, comprising at every level of an exponentially growing
number of sub-images whose centers and their related transformation
parameters constitute the control points of the deformation field. The
initial registration parameters of every sub-image are inherited from the
previous hierarchical level. The new partitioned sub-images are then
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checked by Moran’s information consistency test and only sufficiently
structured image patches are passed to the registration stage. For all
the sub-images that fail this consistency test, the hierarchical splitting
is stopped. The maximization of MI is then used to find the best in-
dividual registration parameters that locally match every sub-image to
the reference image. The optimization procedure uses the classical Pow-
ell multi-dimensional direction set method and Brent’s one-dimensional
optimization algorithm described in [Press et al. 1988]. To further in-
crease the robustness of MI, a prior distribution is combined with the
local joint intensity histogram, using a weighting parameter equal to
the ratio of the areas of the actual sub-image and the remaining of the
floating image. Possible outliers due to local maxima of the goal func-
tion are detected by performing an exhaustive search for the global MI
maximum in a small vicinity around the estimated optimal position. If
this check confirms that the optimization converged to a local maxima,
the registration procedure is reinitialized and restarted. The following
regularization of the deformation field is ensuring the geometrical con-
sistency between neighboring sub-images. Therefore, spatial constraints
are imposed on the centroids of the sub-images by defining a region of
confidence according to their neighbors. The registration parameters
of the identified outliers are then corrected by interpolation. The stop-
ping criterion checks whether any sub-images are left that can be further
subdivided according to Moran’s test. Otherwise, the dense deformation
field of the final result is calculated using TPS, densely interpolating the
local transformations of the sub-images over the whole image domain.

During the detailed description of the individual stages, we will use the
following notation. The current level of the hierarchy is denoted with
[ > 1, and the initial input images are d dimensional, with d = {2,3}.
The reference image is denoted with A and the floating image with B.
The adaptive splitting strategy partitions only the floating image in n("
sub-images Bi(l). Every sub-image has an associated set of rigid transfor-

0 _p = : : : O]
;= (t,7) and an information consistency flag F""/,

mation parameters o
specifying whether a sub-image passed (Fi(l) = 1) or failed (Fi(l) = 0)

the Moran test.

Following the flow-chart depicted in Fig. 5.1, our hierarchical algorithm
starts with a global rigid registration of the input images. As such,
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the global misalignment between the reference and the floating image is
compensated, providing a good initialization for the subsequent levels.

All the succeeding | > 2 hierarchical levels are iteratively following the
same procedure which is composed of six major stages S1 - S6. Once the
stopping criterion (S6) is fulfilled, the hierarchical iterations are stopped
and the algorithm finalizes with the estimation of the dense deformation
field (S7) and the reconstruction of the registered floating image (S8).

S1:

S2:

S3:

S4:

The image partitioning (Sec. 3.3.3) is performed at the current

hierarchical level [ on all the sub-images B,glil) of level [ — 1 that

successfully passed Moran’s consistency test. Each of these B,glil)

)

are partitioned into 2, 4 or 8 equally sized new sub-images Bi(l ,
such that the aspect ratios along the z, ¥ and z directions are as
close to 1 as possible (Sec. 3.5.3). Apart from the newly partitioned

sub-images Bi(l)

, the current level [ directly inherits all the struc-
tureless sub-images (Fi(lfl) = 0) from the previous level, i.e. the
union of all the sub-images at the current level [ reconstructs the

entire floating image.

The inheritance of the registration parameters follows the
strategy for inverse distance weighted interpolation, described in
Sec. 4.2.3. These inherited registration parameters agl) are esti-

mated in the current sub-image center qB;(” by interpolating the
set of parameters {a(klfl)} placed in the centers q;k(lfl) of the par-
ents B,glil) of all the neighboring sub-images.

Moran’s information consistency test (Sec. 3.2.3) is performed

on all newly partitioned sub-images Bi(l)

consistency flags Fi(l) .

defining their associated
It checks the information content of both
the floating sub-image Bi(l) and its corresponding region in the ref-
erence image A7. If any of these fails the information consistency

test, then the floating sub-image Bi(l)

is marked as structureless by
setting its associated information consistency flag Fi(l) = 0. Once
detected, a structureless sub-image is automatically excluded from

all subsequent registrations and subdivisions.

The local rigid registration follows the procedure described in
Sec. 2.2 and is performed on all newly partitioned sub-images with
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1st level
Global rigid registration

A

Test
consistency
flags F

| [S1] - Floating image partitioning |

[S2] - Parameters inheritance |

[S3] - Moran's information consistency test
(set consistency flags F)

Test
consistency
flags F

NO

| [S4] - Local rigid registration

[S5a] - Test
similarity function
for local
maxima

NO

el -
V$‘
[85b] - Outlier detection

- test large displacements

- test position consistency
relative to neighbors

[S6] -Test
stopping criterion

YES NO

Y

| [87] -TPS final dense deformation field |

| [S8] - Floating image reconstruction |

Figure 5.1: The flow-chart of the enhanced hierarchical non-rigid reg-
istration algorithm (see text for more details)
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S5

Ff” = 1. Starting with the inherited set of transformation param-
®

eters a; ’, the Powell’s optimization algorithm estimates a new set

&El) which maximizes MI estimated from the local joint intensity
histogram incorporating prior information. The local histogram
is built in a deterministic manner from the overlapping region of
’Z}(Bi(l)) with the reference image A. The prior information is esti-
mated from all the sub-images except the current one, using their
initial registration parameters as estimated in step S2. For com-
bining local and prior information, we use a weighting parameter A
equal to the ratio between the number of image samples contained
in the current sub-image Bi(l) and the remainder of the floating

image.

The deformation field regularization (Sec. 4.2) is composed
of two consecutive tests:

(a) The test for local maxima in the similarity function
(Sec. 4.2.1) decides that during the previous local rigid regis-
tration stage S4, the optimization algorithm was not trapped
in a local maximum of the similarity function, induced by in-
terpolation artifacts. This test is performed on all sub-images
that were undergoing the local rigid registration phase. For
each of these sub-images, the response of the similarity func-
tion is analyzed on a regular grid centered around the opti-
mized position. If another local maximum higher than the
original one is found, the registration parameters are changed
accordingly and used for re-optimizing the registration in step
S4.

(b) Outlier detection (Sec. 4.2.2) is a two stage geometrical
test which ensures the consistency of the deformation field at
the current hierarchical level [. In the first stage, each sub-
image is tested whether its center has spatially displaced by
more than half of its diagonal compared to the previous local
registration. If necessary, the set of registration parameters
of a detected outlier is corrected using the method described
in Sec. 1.2.3. The second stage of the outlier detection iter-
atively checks the consistency of the spatial position of each
sub-image relative to its neighbors. The center of the cur-
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rently inspected sub-image is tested whether it lies within a
region of confidence, represented by an ellipsoid whose diag-
onals are equal to 50% of the size of the currently inspected
sub-image and which is centered in the centroid defined by
its neighboring sub-images. The method mentioned above
is used to correct the registration parameters of a detected
outlier.

S6: The stopping criterion decides whether the hierarchical sub-
division can be finished. This decision is taken at each level by
testing the consistency flags of all the sub-images. If any of them
has a consistency flag F;(!) = 1, a new hierarchical level with all its
phascs is performed. Otherwise, the entire registration algorithm
continues with stage S7 and calculates the final dense deforma-
tion field. This decision will implicitly enforce a minimum possible
size of the partitioned sub-images corresponding to the size of the
contiguity matrix used in the Moran test.

S7: The final dense deformation field is estimated (Sec. 4.2.4)
using the TPS technique for spatial interpolation of the centers of
all the sub-images at the last hierarchical level. The corresponding
transformations between the floating and the reference image are
defined by the last optimized registration parameters.

S8: The reconstruction of the final registered image is per-
formed by warping the floating image into the domain of the ref-
erence image by using the previously estimated deformation field.

5.2 Registration algorithm using both Mu-
tual Information and Cross-Correlation

In Sec. 3.4 we presented an alternative solution to overcome the statis-
tical instability of MI for small sub-images. We proposed an intensity
mapping strategy which enables the combination of both MI and CC as
similarity measures for achieving the local registration. The basic idea
is to use MI at the first levels of the hierarchy, where the partitioned
sub-images are relatively large and MI is statistically consistent. As the
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images are coarsely registered, the proposed intensity mapping can be
used to robustly transform the multi-modal registration into a pseudo-
mono-modal registration scenario, and thus allowing to use CC to per-
form the local matchings for subsequent hierarchical levels, increasing
the robustness of the registration algorithm.

The implementation of this strategy requires minor changes in the pre-
viously described algorithmic flow. Basically, the changes affect only
stage S4. Currently we enable the switch from MI to CC at a predefined
hierarchical level lswiten. From this level on, the intensity mapping pro-
cedure is applied for each sub-image passing the Moran test. Once the
pseudo-modality images are estimated, the local registration becomes
a standard rigid registration procedure which uses CC as the similar-
ity function. All the other stages of the hierarchical algorithm remain
unchanged with the exception that the deformation field regularization
procedure S5(a) will test CC for the presence of local maxima.






Results and Validation

In this chapter we investigate the performance of our proposed enhanced
hierarchical non-rigid registration algorithm (shortly called ENRA) which
was developed and implemented in C++4 according to the description
given in Chapter 5. The implementation was done within a general
framework capable to handle with 2D and 3D images from any input
modality. Also, the implementation allows to choose the similarity func-
tion used to perform the local rigid registration of the partitioned sub-
images. This chapter presents first the results of 2D registration ex-
periments with of mono- and multi-modal images and continues with
results of a 3D data. If nothing else specified, the experiments are per-
formed using MI as the similarity function. The chapter concludes with
a discussion regarding the validation of the previously presented results.

6.1 Experiments in 2D

This section presents 2D registration experiments on pairs of mono-
modal and multi-modal images. All images used were transversal slices
extracted from a volumetric data set. In order to ensure that the two
selected slices are in correspondence, the initial volumetric data were
rigidly registered before extracting the 2D images. The algorithm used
to pre-register the volumetric data was a classical implementation of a
rigid registration procedure as described in Sec 2.2.

For all the experiments, the ENRA was using the following general setup:

(a) The MI was estimated from the joint intensity histogram which
was generated using 256 bins;
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Figure 6.1: 2D CT slices through a leg used for the mono-modal experi-
ment. (a) The reference native data. (b) The floating contrast enhanced
image

(b) The weighting factor X for the incorporation of the prior into the MI
estimation was selected as the ratio between the area of the current
sub-image undergoing the local registration and the remainder of
the area of the floating image;

(¢) The Moran test was performed with a contiguity matrix with max-
imum interaction distance D = (3, 3) pixels;

(d) The threshold for the magnitude of the standard Z value of Moran’s
I coefficient used in the information consistency test was set to
1.96.

The first experiment was performed with a pair of corresponding transver-
sal slices extracted from volumetric CT scans of a leg which were acquired
for an angiographic study. Figure 6.1(a,b) depicts the initial 2D images
undergoing this registration experiment. The reference image is a native
CT which has 512 x 512 pixels of size 0.3144 x 0.3144 mm?. The floating
image is a contrast enhanced CT and has the same dimensions as the
reference image.

Even if the selected data are mono-modal, the presence of the contrast
agent in the floating image locally induces a multi-modal aspect in this
registration experiment. Therefore, we compared the performance of
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Figure 6.2: Details of two non-rigid registration results of a pair of
transversal C'T slices of a leg when using CC and MI as similarity func-
tions. (a) The region of interest on the reference CT. The corresponding
sub-image in the reference native CT' (b) and the floating contrast en-
hanced CT (c¢). Difference image after registration with ENRA when
using CC (d) and MI (e)

MI and CC for local rigid registrations. Globally, the two registration
results were very similar, except a few image details that were locally
misregistered when using CC. These image details are the blood vessels,
such as the one marked with the white square on the floating image
in Fig. 6.2(a). Figure 6.2(b,c) show this region as it appears in both
the reference and the floating images. The contrast agent changed the
appearance of the blood vessels significantly between the two acquisitions
and therefore CC fails to correctly register those sub-images containing
such a non-linear intensity change. This problem only appears at higher
levels of the hierarchy, when the blood vessels cover a significant surface
of a sub-image. In the same time, MI can find the correct registration
position, due to robust statistical features in the presence of structures.
Fig. 6.2(d,e) show in detail the final registration results when using CC
and MI, respectively.

The previous results were illustrating that MI can perform better than
CC in case of complex intensity relationship between the images to be
registered. Therefore, we further describe the performance of the ENRA
when using MI as the similarity measure to perform local rigid regis-
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Figure 6.3: Difference images after rigid (a) and non-rigid (b) regis-
tration of the 2D mono-modal images. The remaining dark dots in the
difference image are caused by the presence of the contrast agent in the
blood vessels of the floating image

trations. Figure 6.3(a) shows the difference image between the initial
CTs (Fig. 6.1), as they were extracted from the rigidly pre-registered
volumes. In this initial difference image, large misalighments due to
different contraction status of the muscles are clearly visible. However,
these deformations were successfully compensated by the ENRA as can
be seen in the final difference image depicted in Fig. 6.3(b).

In this experiment the entire non-rigid registration procedure has been
stopped after the 7t" hierarchical level, where the floating image was
partitioned into sub-images of at least 8 x 8 pixels. Figure 6.4 shows the
evolution of ENRA by interpolating the individual sparse deformation
grid after each level of the hierarchy and then reconstructing the floating
CT. The difference images are calculated after each of the 2° up to the
last (7*h) hierarchical level.

In order to better visualize the evolution of the adaptive hierarchical
splitting strategy using Moran’s information consistency test, Fig. 6.5
depicts the partitioning grid of the floating image schematically projected
onto the aforementioned set of difference images. Figure 6.5(a) depicts
the 274 hierarchical level, consisting of four partitioned sub-images. The
following images show the evolution of the partitioning grid, up to the
7th hierarchical level, which concluded the entire procedure. This figure
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(d) (e) (f)

Figure 6.4: Difference images of the intermediate results obtained after
the 2™ (a) up to the 7 (f) hierarchical level

clearly shows how the image splitting omits those sub-images failing
Moran’s test, and therefore each level of the hierarchy contains sub-
images of variable size.

For this mono-modal experiment, we compared the performance of ENRA
to the original method proposed in [Likar and Pernus 2001]. The original
algorithm was stopped after the 5" hierarchical level, because spurious
local misregistrations were appearing, without being detected by their
proposed triple consistency test as described in Sec. 4.1. Their algorithm
not only performed less accurately, but was also 5 times slower as our
method. On a Sun Blade 2000 machine, our algorithm needed 10 min-
utes to complete all the 7 hierarchical levels compared to 52 minutes for
only 5 hierarchial levels used by the original method. This big difference
is only partially explained by the obviously increased number of sub-
images to register at each level of the hierarchy. Another reason lies in
the similarity consistency test which enforces the re-optimization of an
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Figure 6.5: Evolution of the adaptive hierarchical splitting along the
non-rigid registration procedure of 2D C'T transversal slices of the leg.
The partitioning grid was schematically projected onto the difference
images between the reference and the partially registered floating C'T
image after each of the hierarchical levels, from the 2°% (a) up to the

7th (f)
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increased number of structureless sub-images, whose similarity measures
are inconsistent and show spurious maxima.

Further experiments have been performed for non-rigidly register multi-
modal images. Figure 6.6 shows the performance of ENRA in comparison
to the original method for a 2D experiment of a CT/MR cross registra-
tion of the head. Similar to the previously presented experiment, the
2D sample images are corresponding slices extracted from the rigidly
pre-registered 3D initial volumes. Figure 6.6(a) depicts the reference
CT and Fig. 6.6(b) the floating MR slice. Both images have 512 x 512
pixels of the size 0.5 x 0.5 mm?. A comparison between Fig. 6.6(e) and
(f) clearly shows the favorable effect of using Moran’s test when the
local registration is dealing with structureless sub-images. In addition,
the Moran’s consistency test incorporated into the enhanced algorithm
allows us to go further with the hierarchical subdivision down to sub-
images of 16 x 16 pixels, while Likar and Pernus$ reported a minimum
sub-image size of 64 x 64 pixels. Further, depending on the number
of detected structureless sub-images, our proposed algorithm performed
five times faster than the original method (9 minutes for ENRA and 50
minutes for the original algorithm, on a Sun Blade 2000 machine).

The reason for choosing the CT as reference and the MR as floating
image lies in the fact that geometric distortions are minimal for a CT
scan while the MR will show susceptibility artifacts in the vicinity of
air filled cavities of the skull. Consequently the spatial accuracy of the
MR scan is expected to be worse. 'his limited accuracy is an additional
important reason that, beside the possible tissue deformations, a non-
rigid registration procedure is required for a CT/MR registration.

Figure 6.7 shows the result of the previous experiment as a colored over-
lay image. The red channel corresponds to the CT and the green to
the MR image. The non-rigid registration has been stopped at the 6"
hierarchical level, where the initial floating image was partitioned into
sub-images of at least 16 x 16 pixels. Figure 6.7(a) shows the overlay
after the rigid registration and Fig. 6.7(b) shows the final result of the
ENRA. A simple visual inspection shows the ability of our method to
compensate for large elastic deformations. For example, the algorithm
was successfully recovering the strong deformations of the left ear pro-
duced by the fixation device used during the CT acquisition. However,
the method worked less satisfactory for the right ear which still shows a
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Figure 6.6: Registration details of the sphenoid sinus in the left tem-
poral bone at the 6™ level of the hierarchy, where the floating image is
divided into 32 x 32 sub-images of 16 x 16 pixels. (a) The reference CT.
(b) The floating MR image. The examined region, ((c¢) on the C'T and
(d) on the MR) consists of 3 x 3 sub-images. (e) Depicts the final posi-
tion of each image patch after the local rigid registration, while (f) shows
the result after applying the local rigid registration only to those MR
patches which passed the Moran test. The consistency check clearly pre-
vented the two middle patches from being pulled towards structures in
the reference CT
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spatial misalignment. The investigation of this remaining misalignment
revealed that the problem was caused by an unfortunate combination
of two factors. On one hand, the fix positioning of the partitioned sub-
images was not compatible with the image structure in this region. On
the other hand, the regularization constraints were too restrictive for
reconstructing the actual deformation. Therefore, beside more relaxed
geometrical constraints for the deformation field, further improvement
allowing adaptive splitting conforming to the structural content of the
images will be necessary to improve the performance of the method.

6.2 Experiments in 3D

This section presents the performance of ENRA for registering mono-
and multi-modal 3D images. MI was used as the similarity measure for
all the experiments presented in this section, even though some of the
registration examples are mono-modal.

The parameter setting was basically the same as for the 2D experiments,
except for the definition of the contiguity matrix used by Moran’s test.
In order to use a contiguity matrix with balanced aspect ratio between
the three directions, the anisotropy of the acquisitions has to be cor-
rected. For images with voxel dimension E = (&, &y, &), the maxi-
mum interaction distance becomes therefore D = (3, 3, d,) voxels, where
d, = max(1, |3, /& |, |3&/€-]), with |-] being the usual rounding op-
erator.

One of the 3D experiments was performed on the previously mentioned
pair of angiographic CT scans of a leg. Figure 6.8(a,b) shows orthogonal
sections through the initial volumes. Both data set have 512 x 512 x 100
voxels of the size of 0.3144 x 0.3144 x 1 mm®. For this registration exper-
iment, the native C'T was considered as the reference and the contrast
enhanced one was the floating image. In order to accurately detect the
calcified plaques on the walls of the blood vessels, a precise registration
between these two volumes was required, such that the vessels from the
two data sets correspond. Even though the patient’s legs were immobi-
lized on the scanner table, the global rigid registration of the two C'T' vol-
umes shows significant misalignments that only a non-rigid registration
can compensate. Figure 6.8(c) illustrates the remaining misalignments
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(b)

Figure 6.7: Rigid (a) and elastic (b) registration results of a neuroradi-
ological CT and MR slices. The reference CT is shown in red while the
floating MR image is shown in green
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on orthogonal slices through the difference image after the global rigid
registration. These originate from deformations due to differences in leg
muscles stresses between the two acquisitions. By applying ENRA, the
corresponding elastic deformations have been successfully compensated.
Figure 6.8(d) shows the difference image between the native CT scan
and the final non-rigidly registered contrast enhanced data. The only
visible structures are dark regions, caused by the contrast agent which
changed the intensities of the blood vessels between the two volumes.
As discussed in the previous section, this mono-modal registration ex-
periment was performed using MI as the similarity measure in order to
correctly deal with the local intensity changes induced by the contrast
agent.

Additional registration experiments were performed with multi-modal
images using the neuroradiological CT/MR image pair mentioned be-
fore. A global registration was performed to compensate for the initial
big misalignment between the two scans. Figure 6.9 depicts orthogonal
sections through the globally rigidly registered images. The initial CT
scan is of 512 x 512 x 133 voxels of size 0.309 x 0.309 x 0.6 mm? and the
MR scan is of 512 x 512 x 111 voxels of size of 0.5x0.5x 1 mm?®. After the
rigid registration, in order to use the data set for further experiments,
the floating MR image was reconstructed on both the floating and the
reference image domains. Therefore, in the last case, the registered MR
image became of the same dimension as the reference CT.

The first multi-modal experiment shows the capability of ENRA to cor-
rectly perform the non-rigid registration in difficult situations were both
small image distortions and big elastic deformations are present in close
proximity within an image. The test CT and MR images are cropped
from the aforementioned rigidly pre-registered data set. The reference
CT has 512 x 512 x 46 voxels of 0.39 x 0.39 x 0.6 mm® dimension. The
floating MR image is of 512x 512 x 28 voxels of the size 0.5x0.5x 1.0 mm?®.
Figure 6.10 visualizes details of our non-rigid registration method in a
region where elastic deformation is needed to correct for both MR sus-
ceptibility artifacts (i.e. within the left sphenoid sinus) and tissue defor-
mation (i.e. the left ear). In order to better compare the results between
the global rigid registration and after applying the enhanced hierarchi-
cal process, Fig. 6.10(b,c) show the outline of the head and of the left
sphenoid sinus extracted from the MR volume overlaid on the CT. The
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() (d)

Figure 6.8: Rigid and non-rigid registration results for 3D CT scans
of a leg. (a) Orthogonal sections through the reference native CT and
(b) through the floating contrast enhanced CT. Difference image after
their global rigid (c) and hierarchical non-rigid (d) registration. The
white marks placed on the borders of the images denote the correspond-
ing cutting planes through the 3D volumes
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(b)

Figure 6.9: Orthogonal sections through (a) the reference CT' scan
and (b) the floating MR scan after rigid registration. The white marks
placed on the borders of the images denote the corresponding cutting
planes through the 3D volumes

remaining deviations of the two contours are caused by both the spatial
constraints imposed by the regularization of the deformation field and
the size of the smallest sub-image (16 x 16 x 8 voxels) which was still
successfully passing the Moran test.

The following experiment represents the registration of another region of
interest extracted from the aforementioned rigidly pre-registered images
(Fig. 6.9). The cropping was performed to exclude the lower part of the
head, which is not fully covered by the MR image. In this experiment,
the reference CT, shown in Fig. 6.11(a), contains 50 slices of 512 x 512
pixels. The floating MR image is illustrated by Fig. 6.11(b). By using
the same colore overlap scheme as described before, the performance of
our non-rigid registration algorithm can be seen on Fig. 6.11. The initial
overlay of the rigidly registered 3D images is shown on Fig. 6.11(c) while
the overlay of the final non-rigidly registered images is demonstrated by
Fig. 6.11(d).

6.3 Results validation

Before an image registration algorithm can be used in practice for a
clinical procedure, a thorough evaluation has to be performed to assess
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Figure 6.10: Result of a CT/MR cross-registration. (a) Transversal
and coronal sections through the region of interest in the initial floating
MR volume. (b,c) Corresponding sections in the reference C'T' volume,
overlaid with the contours of the head and of the sphenoid sinus after
a global rigid (b) and after the full hierarchical (c) registration. The
dashed lines mark the position of the cutting planes

its performance. Firstly, a technical validation phase has to estimate
the algorithm’s robustness and the accuracy of its results. Secondly, the
physicians have to clinically validate the new algorithm, by evaluating
its usefulness and contribution to improving clinical diagnosis and plan-
ning procedures. However, the validation of a registration algorithm is
very often a problematic issue, because the ground truth for the spatial
correspondences is unknown.

The robustness of a registration algorithm can be characterized by its
behavior when external factors affect the input images. The algorithm
should handle artificial perturbations induced either in the form of a
known amount of misregistration, noise or simulated artifacts in the
images. In addition, a robust algorithm should be able to handle data
acquired with a wide range of different imaging modalities of different
subjects.
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Figure 6.11: Orthogonal sections through (a) the reference C'T and
(b) the floating MR image. Orthogonal sections through the colored
overlayed images after (c) rigid and (d) non-rigid registration. The CT
is colored in red and the MR image in green. Note: The white and yellow
lines on the borders of the images mark the corresponding cutting planes
through the initial 3D volumes



118 6. RESULTS AND VALIDATION

The assessment of the accuracy of the registration results is a widely
debated issue. Often, the lack of ground truth of the actual spatial
misalignment between the images to be registered makes an accurate
evaluation of the registration results impossible!. The most widely used
method for validating the registration result is the visual inspection of
the registered images. However, this method is subjective, strongly de-
pendent on the perception and interpretation of the researcher or physi-
cian. Clearly, if the images look wrong then the result is most probably
wrong. However, if the images look right, the result might still be wrong
because very small and localized misregistrations are usually difficult to
see. Therefore, to eliminate the subjectiveness of the visual inspection, a
mathematical framework to numerically evaluate the correctness of the
registration result is required. Many research groups have developed dif-
ferent validation methods to assess the registration accuracy. The most
important approaches are based on phantom images, physical markers,
segmentation and labeling of different regions or comparison with calcu-
lated tissue deformations provided e.g. by the finite element method.

In order to validate our registration algorithm we rely on phantom im-
ages. The validation setup consists of an artificial registration scenario
to recover a predefined deformation field. To circumvent the problem
of the missing ground truth, we chose a triplet of two CT and one MR
dataset of a cadaver. The two CT were scanned successively using differ-
ent radiation energies and we assume them to be perfectly aligned. The
third dataset was acquired using a MR scanner and it was registered
with the CT data using the hierarchical algorithm. The pre-registered
CT/MR datasets have a size of 512 x 512 x 60 voxels of dimension
0.47 x 0.47 x 1.25 mm?, see Fig. 6.13(a,b). The scheme of the entire
validation setup is described in Fig. 6.12. A predefined deformation field

1J. Michael Fitzpatrick was initiating an international project which aims to eval-
uate the accuracy of non-invasive, retrospective, rigid, inter-modality image registra-
tion techniques for images of the human head, particularly with regard to CT/MR
and PET/MR registration. Entitled ” Evaluation of Retrospective Image Registra-
tion” [West et al. 1997], this project was accessible by research groups from all over
the world and offered a database of test images for which the correct rigid registra-
tion parameters were known, and considered as gold standard. The researchers could
download the test images and send back their registration parameters obtained with
their own method. Then, a testing protocol for blind evaluation of the results’ accu-
racy was performed by comparing to the gold standard registrations. Unfortunately,
the project was closed before we could use its facilities.
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Dy was applied on one of the two C'T dataset. For this, the initial volume
(CTy) was split in 4 equally sized blocks of size 256 x 256 x 60 voxels.
Two of these blocks were rigidly rotated as shown in Fig. 6.13(¢) and
then the deformed volume was reconstructed using TPS and partial vol-
ume interpolation. The deformed volume CTF° was then considered as
the reference image for the following validation experiments. The second
CT volume (CT5) and the MR image were then successively registered
to C’TlD ° using the following two approaches:

1. MI as the similarity function during the entire hierarchical regis-
tration procedure (Sec 5.1);

2. The intensity mapping algorithm described in Sec. 3.4 and switch-
ing MI to CC at the 4" hierarchical level (Sec 5.2).

The recovered deformation fields were then compared to the known ar-
tificial deformation field Dy.

Table 6.1 summarizes the average (mean), the standard deviation (std)
and the maximum deviation (maz) of the registration error between
C’TlD ® and CT,. The registration error was calculated for the entire
volume and for a region of interest marked with a white square in
Fig. 6.13(a). The region of interest is of size 64 x 64 x 40 voxels. As
the gain of switching from MI to CC only applies to a small number
of sub-images, the average registration error over the entire volume re-
mains basically in the same range for the two strategies. However, for
the selected region of interest, where MI generally tends to fail, the reg-
istration error improved considerably when switching from MI to CC.
The algorithm using both MI and CC shows a more stable result than
in the case of using only MI. However, it can be seen that the out of
plane error is smaller in the case of using only MI. This can be explained
by the influence of the interpolation artifacts, which in case of partial
volume interpolation appear as local maxima in the similarity measure
when the voxels perfectly overlap. However, the registration error is in
both cases considerably smaller than a voxel dimension, justifying our
assumption that the two initial CT dataset are aligned.

Similarly, Table 6.2 summarizes the multi-modal registration errors be-
tween the C’TlD ° and the pre-registered MR image. The increased value
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Figure 6.12: The scheme of the validation setup. The initial CTi,
C'Ty and MR images are pre-registered. A known deformation field Dy
is applied onto C'Ty. 'The resulting C’TlD ° is considered as reference
image for the subsequent registration experiments: C’TlD ® « CTh and
C’TlD ° « MR. The resulting deformation fields are then compared to
the initial, known deformation field Dy

512

Figure 6.13: (a) CT and (b) MR sample slice of the spine volume
used for the validation tests (c) schematic visualization of the artificial
deformation field Dy
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| CTP — CTy |
| Global Results [ MI [mm] | MI+CC [mm] |
| Level | Direction || mean + std | maz || mean £ std | max |

in plane (zy) 0.14+0.12 | 1.36 || 0.18+0.15 | 1.56
4 out of plane (2) || 0.04+£0.11 | 1.56 || 0.16 £0.21 | 1.56
overall (zyz) 0.15+0.15 | 1.65 || 027+0.23 | 1.96
in plane (zy) 0.12+0.10 | 1.22 || 0.13+0.13 | 1.88
5 out of plane (2) || 0.03£0.10 | 1.56 || 0.11£0.15 | 1.88
overall (zyz) 0.13+0.13 | 1.64 || 0.18+0.19 | 2.20
in plane (zy) 0.12+0.10 | 1.22 || 0.124+0.12 | 1.53
6 out of plane (2) || 0.03£0.10 | 1.56 || 0.09+£0.13 | 1.56
overall (zyz) 0.13+0.14 | 1.65 || 0.17+0.16 | 1.64
Local Results ||
in plane (zy) 0.05+0.04 | 0.38 || 0.10+0.06 | 0.33
4 out of plane (2) || 0.01£0.01 | 0.14 || 0.05+£0.04 | 0.25
overall (zyz) 006004 | 041 || 0.11+0.07 | 0.39
in plane (zy) 0.13+£0.08 | 0.39 || 0.06+0.05 | 0.34
5 out of plane (z) [ 0.01+0.01 | 0.10 || 0.03+0.05 | 0.46
overall (zyz) 0.13+£0.08 | 041 || 0.08+0.06 | 0.46
in plane (zy) 0.12+0.06 | 0.35 || 0.06 +0.04 | 0.38
6 out of plane (2) || 0.01£0.01 | 0.08 || 0.03£0.04 | 0.44
overall (zyz) 0.12+0.06 | 0.35 || 0.08+0.05 | 0.52

Table 6.1: Evolution along the hierarchy of the CT/CT registration
error calculated for the entire volume as well as for the local region
marked with a white square in Fig. 6.13(a)
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of the registration error compared to the previous mono-modal CT/CT
case can be expected. Firstly, one has to consider that these results
include the registration errors of the pre-registration (C'1}/MR). Sec-
ondly, multi-modal registration cases are normally more difficult and less
accurate than mono-modal registrations. This reduced accuracy is often
induced by the lack of correspondence between the imaged structures.
Additionally, the registration accuracy is reduced by interpolation ar-
tifacts while compensating for the differences in the spatial resolution
of the images. However, the results look promising, as the registration
error is within voxel dimension.

Another advantage of the hybrid algorithm that switches the similarity
measure from MI to CC is a considerable increase of the computational
efficiency. Using a 3GHz Intel Pentium PC for the previous mono-modal
registration example, the algorithm execution time was 3h49’ when using
only MI and 3h03’ when switching to CC. For the multi-modal registra-
tion example, the execution time was 7h22’ in case of using MI and 4h30’
when switching to CC. The difference in the execution time between the
two versions of the algorithm comes from two factors: (1) the calculation
of CC is faster than of MI and (2) more sub-images need to be reopti-
mized when MI is used as a similarity measure. At the same time, more
reoptimizations were required for the multi-modal example compared to
the mono-modal one, explaining the difference in execution time between
the two registration experiments.
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CTP - MR

Global Results

MI [mm]

MI4CC [mm]

Level | Direction || mean £ std | max || mean =+ std | max |
in plane (zy) 043+0.39 | 468 || 0.54+0.50 | 6.93
4 out of plane (2) || 0.39£0.58 | 6.08 || 0.35+£0.44 | 4.01
overall (zyz) 0.63+0.66 | 7.59 || 0.71 +£0.60 | 6.93
in plane (zy) 048+ 040 | 4.70 || 0.46 +£0.47 | 5.16
5 out of plane (2) || 0.41+0.55 | 7.31 || 0.38+0.43 | 4.37
overall (zyz) 0.70+0.62 | 864 || 0.65+0.58 | 5.23
in plane (zy) 051+041 | 444 || 047+0.46 | 4.95
6 out of plane (2) || 0.42+£056 | 7.18 || 0.39+£0.44 | 4.14
overall (zyz) 0.73+0.62 | 835 || 0.67+0.58 | 4.98
ocal Results |
in plane (zy) 0.18+0.10 | 1.01 || 0.17+0.09 | 0.95
4 out of plane (2) || 0.29+£0.27 | 1.86 || 0.13+£0.10 | 0.61
overall (zyz) 036026 | 212 || 0.244+0.10 | 0.96
in plane (zy) 0.23+0.10 | 095 || 0.17+0.09 | 0.94
5 out of plane (z) [ 0.30+0.25 | 1.65 || 0.294+0.21 | 1.76
overall (zyz) 041+023 | 1.89 || 036 +£0.19 | 1.76
in plane (zy) 0361022 | 1.94 || 0234+0.17 | 2.00
6 out of plane (2) || 0.27+£0.27 | 1.45 || 0.23£0.20 | 1.20
overall (zyz) 049+0.29 | 2.02 || 0.36 +0.23 | 2.06

Table 6.2: Evolution along the hierarchy of the C'T/MR registration
error calculated for the entire volume as well as for the local region
marked with a white square in Fig. 6.13(a,b)






Conclusions and Outlook

Modern clinical care increasingly depends on efficient algorithms of high
accuracy for the fusion of temporal and multi-modal image datasets.
These fused images are indispensable for pre-operative planning and
intra-operative navigation. In this dissertation we developed a new al-
gorithm for automatic non-rigid registration of multi-modal images.

The introduction of MI as a measure of similarity revolutionized image
registration, as it extended the applicability of intensity based methods
to multi-modal registrations. The considerable research conducted dur-
ing the last decade on the properties of MI revealed, however, several
limitations in connection with interpolation artifacts and its statistical
consistency. Our investigation disclosed two additional problems which
have not been addressed in the literature before but nevertheless can
seriously deteriorate registration accuracy. One the one hand, MI shows
a peculiar behavior for image patches having no clear structural content,
and on the other hand MI proved to be statistically inconsistent when
is estimated for a limited number of image samples. As we relied on
a previously proposed approach using hierarchical image splitting strat-
egy to decompose the global non-rigid registration into numerous local
rigid registrations of sub-images of decreasing size, these effects become
increasingly serious along the hierarchical splitting. The image subdivi-
sion process inherently reduces the available number of image samples
within the sub-images and at the same time increases the probability
of structureless sub-images to appear. This thesis presents several new
methods we developed to overcome these limitations. Integrated into a
new, enhanced, non-rigid registration algorithm, the proposed solutions
try to identify the problematic structureless regions and, on the other
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hand, try to replace MI with a more robust similarity measure for small
sub-images.

The first improvement we proposed was the adaptive subdivision scheme,
where local decision is taken whether registration and further subdivi-
sion are needed. Inspired by point pattern analysis, we used Moran’s
I spatial autocorrelation coefficient to quantify the structural content
within an image region. Based on this measure we developed a test for
the structural consistency of an image patch. The Moran test eliminates
all those image regions that lack structural content from any further local
registrations and subdivisions as these are very likely to lead to incorrect
results. This has not only led to a considerable increase of the reliabil-
ity and accuracy of the entire registration, but also enabled to match
smaller details by reaching higher levels of the hierarchical splitting.
Moreover, depending on the structural content of the images, it consid-
erably decreased the computational load of the registration compared to
the original approach proposed by Likar and Pernus. In addition, this
strategy does not necessitate complex heuristics for the deformation field
regularization procedure, but can rely on simple geometrical tests.

The second improvement we proposed was to switch to a more robust
similarity measure when the statistical consistency of MI reaches its
limit due to the restricted number of available image samples. As CC
proved to be more robust for such cases, our research was directed to-
wards an intensity mapping allowing to transfer multi-modal registration
to a mono-modal problem, which can be handled by cross correlation.
The newly proposed method uses the joint intensity histogram of the
coarsely registered images to estimate an intensity mapping that trans-
forms the images from different modalities into a common intermediate
pseudo-modality. This method was used at later hierarchical levels of the
proposed non-rigid registration algorithm. This strategy offers several
distinct advantages. By using MI at the first levels of the hierarchy we
retain the multi-modal capability of the registration algorithm. At the
same time, by coarsely registering the images, we increase the reliability
of the estimated intensity mapping functions. At the same time, the
robustness of the registration is increased by avoiding the spurious local
misregistrations induced by MI at later stages of the hierarchy.

There are several directions for further research to improve the robust-
ness of the non-rigid registration algorithm for multi-modal images. One
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possible extension addresses the adaptive image splitting strategy. Cur-
rently, the positioning of the splitting boundaries is purely driven by
the image lattice, completely ignoring the image content. Adjustment of
splitting boundaries according to the anatomical structures would, how-
ever, not only reduce the computational load but also improve image
registration quality.

Other issues that should be further investigated are related to the esti-
mation of the deformation field. Firstly, constraints could be imposed
on the registration parameter correction by determining the reliability
of the local registrations along the different directions using the gradient
of the similarity measure. Secondly, prior knowledge about the physi-
cal properties of the tissue (e.g. stiffness) could be integrated into the
matching process if available. This would require a preprocessing phase
for the segmentation of the different tissues. As an example, bony struc-
tures could impose rigid transformation constraints to the deformation
field.

Finally, the computational speed of the algorithm can further be im-
proved by using a distributed computing strategy. Since at every level of
the hierarchy there are multiple local registrations which are completely
independent, the hierarchical algorithm can be easily parallelized. This
would considerably decrease calculation time.
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