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Abstract

This thesis develops a methodology for the segmentation of anatomical structures within
“sparse” MR images. Sparse images were acquired in large numbers prior to the emergence
of high-resolution MRI and they form the basis of many long term imaging studies.

The term sparse refers to the fact that the volumetric image has very poor spatial resolution in
the direction perpendicular to the slice plane. This leads to a significant degradation in image
quality and effectively destroys the spatial continuity of the imaged object. Consequently,
generic segmentation schemes — particularly those based on voxel classification — will yield
poor results unless they have been augmented in some manner.

Our Segmentation approach is based on a deformable simplex mesh surface, which iteratively
interpolates extracted boundary point data. Prior information is mobilised at two levels.
Boundary points are found using a matching algorithm based on a database of pre-specified
piecewise constant models. These models represent possible idealised intensity profiles for
the object boundary. In addition to the boundary model, there is a shape template. The
template is generated from a training set of pre-segmented structures, which means that only
shapes similar to those in the training set will be recovered. The segmentation proceeds
in two phases. The first recovers the normal shape component, determined by the training
set, whilst the second deforms smoothly from this constrained solution to produce a more
veridical boundary representation.

The segmentation scheme is applied to a number of sparse brain images. Qualitative vali-
dation — accomplished by registering the surface extracted from the sparse data to a high
resolution scan acquired at the same time-point — indicates that a good approximation to
the underlying boundary is obtainable from such images.
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Chapter 1

Introduction

The introduction of magnetic resonance imaging (MRI) marked a significant milestone in
the development of diagnostic radiology. The excellent soft tissue discrimination afforded by
MRI allows for the detection of subtle pathologies which are often invisible or poorly resolved
under other imaging modalities. It is also non-invasive! and has no demonstrable side effects.
These characteristics have ensured that MRI has rapidly emerged as the modality of choice

for the investigation of a range of neurological disorders.

An analysis of brain structure necessitates some sort of segmentation of the data. For our
purposes, segmentation refers to the extraction and description of (specified) anatomical
structures within the imaged volume. Unfortunately the tremendous variability of anatom-
ical structures, coupled with poor resolution and inescapable imaging artifacts, renders this
task extremely difficult in all but the simplest of cases. These limitations are of particu-
lar importance to us, since our MR data is sparse. In this context, the term sparse refers
to the fact that the spatial resolution of the volumetric image is much coarser along one
axis than the other two. A detailed description of the image sequences we employed will
be given in Section 2.2. Although current MR technology allows for the acquisition of high
resolution image sequences, we cannot simply disregard existing sparse data sequences. Such
data sets constitute an important part of valuable long term studies, spanning the last 6-10
years, and reliable techniques must be developed to assist radiologists in processing them.
The investigation of brain asymmetry in schizophrenics is one such area, and served as the
primary motivation for this work. Although this thesis does not address the issue of brain
asymmetry directly (though a clinical study), the issues involved in brain segmentation are
well illustrated by work in this area, and we shall therefore refer extensively to the relevant

literature.

The objective of this work is the development of robust algorithms to segment anatomical

structures from sparse MRI sequences. We seek a methodology which will allow us to in-

'If no contrast agents are used.



corporate our knowledge of the domain: the successful exploitation of such information may

well mean the difference between success or failure.

1.1 Background

The brain is a complex structure with very specific segmentation requirements. The tech-
niques developed here will be tested on sparse brain MR images, since the segmentation of
such data provides a challenging application and is a precursor to any subsequent analysis
of brain asymmetry. To help appreciate the issues involved, we provide a brief overview of
brain anatomy and review a number of segmentation techniques used by other researchers in

this area.

1.1.1 The Structure of the Brain

The Brain is composed of white and grey (cortical) matter : the latter consists of neurons, the
fundamental processing units of the brain, whilst the former provides the connections which
link these cells together. Grey matter envelopes white and is arranged so as to maximise
its surface area in the cramped confines of the skull. The resulting cortical folding, which is
characteristic of the largest (uppermost) part of the brain, the cerebrum, gives rise to sulci
and gyri. Sulci are winding fissures which work their way across the cerebral surface. These
sulci, in turn, delineate the gyr: — ridges of cortical matter which give the cerebrum its
characteristic lumpy look — Figure 1.1. The cerebellum, which is attached to the underside
of the cerebrum, is a less sophisticated structure, being both smaller and possessing a less
convoluted surface geometry. Its primary function is the regulation and maintenance of

autonomous processes — those which are considered “instinctive”.

The cerebrum is decomposed into a series of lobes: frontal, temporal, parietal and occipital
— Figure 1.1. Their delineation is somewhat imprecise, since the boundaries are assumed to
lie along certain major sulci and these are frequently displaced across patients. The temporal
lobe is bounded by the sylvian fissure, a prominent sulcus which is often used to define

anatomically stable landmarks.

There is a natural bilaterality to the brain, which is most clearly demonstrated by the bifur-
cation of the cerebrum into the left and right cerebral hemispheres. The inter-hemispheric
fissure, or mid-saggital plane (MSP), provides an approximate plane of symmetry, but one
which is only defined over part of the brain: the hemispheres fuse together in an interconnect
known as the corpus callosum. The cerebellum is similarly divided. The interior of the brain
contains additional structures. The largest of these is the ventricular system (Figure 1.2), a

network of interconnected chambers which interpenetrates each hemisphere. This structure



The figure originally located here has been removed from this electronic version of the thesis for
copyright reasons.

Figure 1.1: Two Views of the Brain The first row shows a top-down axial view, in
which the two cerebral hemispheres are clearly delineated by the mid-saggital plane. The
second row shows a saggital view — note that the cerebellum is included. The asymmetry
between the left and right hemispheres is readily apparent. The principal brain lobes are
also indicated (The volume rendered images were supplied by the Biomorph Project).



Figure 1.2: The Ventricular System The ventricular system is a group of connected

chambers which interpenetrates each hemisphere. A) lateral view — left and right correspond
to the back and front of the brain, resp. B) front view — left and right correspond to the
right and left sides, resp., of the brain.

generates the cerebro-spinal fluid (CSF) which nourishes and protects the brain.

One may associate parts of the cortex with specific brain function — this is the purpose of
functional neuro-imaging. However, since the aim of our work is to quantify structure rather

than function, we shall omit further discussion of this topic.

It is worth pointing out that a standardised nomenclature exists for specifying views of brain
anatomy. The three canonical views are along the axis of the body (azial), from side to side
(saggital) and from front to back or vice versa (coronal). These terms are frequently used in

the context of brain MRI and will appear regularly in subsequent chapters.

1.1.2 Brain Asymmetry and Schizophrenia

Recent research has suggested that schizophrenia is accompanied by structural changes within
the brain. In particular, there is evidence of abnormal cerebral symmetry (about the central
fissure). The brain usually possesses a natural asymmetry i.e. the left and right hemispheres
are not mirror images of each other. It is thought that the developmental processes responsible
for evolving brain asymmetry are interrupted in adolescence, leading to a more symmetric
distribution of cerebral structure [17, 27]. Unfortunately, these studies have also shown that
this effect can be quite subtle and may consequently elude detection if the spatial resolution

of the scans is poor.



The MSP forms the standard reference frame for cerebral laterality measures (such as the
relative widths of the brain perpendicular to a given point on the plane). When one refers to
the symmetry of the brain, one is implicitly assuming a Left-Right (LR) measure of this type
— Figure 1.3. Observe that the image presented here has had left and right interchanged:
the view point is located beneath the brain. This reflection is a natural consequence of the

acquisition protocol and should be borne in mind when examining MRI images. Although

Figure 1.3: Laterality Measures The mid-saggital line is overlaid on this transverse T1-
weighted MR image. Observe that left and right are interchanged — this indicates that the
scan was acquired from the bottom to the top of the brain. The laterality measure é’;—g is
often used to quantify asymmetry w.r.t. this line.

a cursory investigation might suggest otherwise, the cerebrum actually possesses a distinct
asymmetry with respect to the MSP: the brain of a healthy subject displays a significantly
larger left hemisphere than right in the posterior part of the brain. As one moves in an anterior
direction, this relationship decreases and then undergoes a reversal — see Figure 1.1. This
effect is sometimes called torsion, since it is believed that there may be a developmental

“torque” which produces this skewed tissue distribution.

1.1.3 Clinical Studies of Brain Asymmetry

A number of reports have suggested that this natural asymmetry is significantly reduced in
the brains of schizophrenics. Evidence of this phenomenon may be found at several levels
within the brain, from gross lateral changes in the temporal lobe to subtler deformations in

structures such as the hippocampus.

The techniques used to investigate this process are many and varied. For example, in [17],
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Figure 1.4: The Laterality Index as a means of representing LR asymmetry in the brain.
The y-axis measures the laterality index as one moves from the anterior to the posterior of
the patient’s brain (the numerical values on the x-axis provide ordering information only).
Note the great size of the error associated with the results.

the “Radius of Gyration” — essentially a radial variance measure about a point set mean —
is used to derive a measure of asymmetry within coronal MRI scans. This metric is applied to
the estimated grey/white-matter boundary curves within each slice and the resulting values
are used to construct laterality indices. The indices for each slice are then averaged to produce
a measure for the entire brain. The authors report a definite lateralised change in asymmetry
which seems to be present only in males. However, the suitability of the Radius of Gyration
as a metric is questionable. The grey-white matter interface is a complex boundary which
may give rise to fragmented curves within individual slices. It is difficult to see how such
a simple slice-based measure could encompass this fragmentation or provide a meaningful

description of interface complexity.

Rather than adopting such a convoluted scheme, one may choose to directly evaluate asym-
metry within each slice [31]. Although conceptually simple, this approach provides the most
intuitive interpretation of lateral asymmetry. Unfortunately, slice-based methodologies are
particularly vulnerable to patient-machine alignment artifacts (in-plane foreshortening ef-

fects) which can introduce spurious results — Appendix E examines this issue in more detail.

In contrast to the above methods, the work of Bilder et.al. [6] is based on the statistical
analysis of regional volumetric differences. The regions are delimited manually, using estab-
lished neuro-anatomical landmarks. Hemispheric sub-volumes are then used to construct a
laterality index as a function of axial displacement — Figure 1.4. The results indicate little
difference in total or regional hemispheric volumes between patients and controls, but reveal
the existence of abnormal lateral hemispheric asymmetries. It can be seen from Figure 1.4
that the error associated with laterality indices (corrected for patient head tilt) is very large,
limiting the usefulness of the data. This is probably due to errors in the definition of sub-
regions — it is often difficult to identify corresponding regions across patients, particularly

when low resolution MRI data is used.

Rather than examining laterality measures, one can opt for a less specific analysis. In [75]



the authors segment the brain into several tissue classes using a semi-automatic thresholding
procedure. They compute global grey and white matter volumes from this segmentation as
well as specific cortical volumes for selected sub-regions. Since there is a well known cor-
relation between grey-matter reduction and age, the data is normalised to account for this
effect. Their findings suggest that there are strongly localised grey-matter abnormalities in
schizophrenics. In particular, there was a decrease in grey matter in almost all the cortical
regions amongst schizophrenic patients. Once again, however, these results must be inter-
preted with some caution. The data used for these measurements is truncated and sparse
which means that corresponding landmarks cannot always be reliably established. An alter-
native study of localised grey-matter reduction, Shenton et al. [59] examined the volume of
grey-matter in the temporal lobe and concluded that this volume was reduced in schizophren-
ics. However, they also show that the frontal lobe does not exhibit such a reduction, which

contradicts the findings of the previous authors.

Although the studies referred to above have all dealt with manifestations of asymmetry,

alternative indices of pathology have been investigated.

A study undertaken by Bullmore [16] attempts to quantify the fractal dimension of the grey-
white matter interface, with a view to comparing this value for normals and patients. The
analysis is slice-based and the fractal dimension is only able to quantify mean structure,
which is of limited usefulness. An entirely different approach is taken by Kikinis [45]: the
sulcal patterning of the cerebrum is analysed for pathological indicators. The study used 3D
volumetric image processing techniques to produce standardised views of the sulcal patterning
which were then subjected to qualitative and quantitative analysis. These analyses revealed
a distinctive alignment to the sulci of schizophrenic brains, suggesting a neuro-developmental

aspect to the disease.

While evidence of anomalous asymmetry can be found in other structures (such as the ven-
tricular system [75]), the discrepancy between the left and right cerebral hemispheres seems

to be most frequently cited [6, 31, 75] as representative of this phenomenon.

1.2 A Framework for the Segmentation of Sparse MRI

The main contribution of this thesis is the development of a framework for the segmentation
of anatomical structures from sparse MRI. The volumetric images used in this work are
composed of a sequence of 2D images, spaced at 2mm intervals, each of which represents a slab
of material 5mm thick. The resulting lack of structural coherence across neighbouring slices,
suggests that attempts to extract the boundaries of interest using 3D voxel segmentation

methods will be unsuccessful. Such schemes operate at the voxel scale, which is unacceptably



Figure 1.5: Simplex Mesh (ventricular) Model Each vertex in this model is connected
to 3 others. This property is useful when constructing algorithms to process surface structure.

coarse in our case.

Given the constraints imposed by the sparsity of our data, we have opted for a model-
based segmentation, in which our model encodes the 3D structural variation present within
the brains of a normal population (the training set). This shape model or template has
an associated boundary model, which is the active component responsible for the detection
of likely object boundaries amidst background clutter. The template deforms towards the
detected boundaries, but its deformation is constrained by the shape variability present with

the training set.

The template has the following features, which are justified in Chapter 4:

Simplex Mesh The template is represented as a 3D simplex mesh, in which each vertex is
connected to three others. Figure 1.5 shows a simplex mesh model of the ventricular
system. The simplex mesh possesses a number of useful properties which will assist us

in constructing the template.

Discrete PCA The shape constraints are represented as a mean shape with associated
modes of variation — Figure 1.6. These are computed from the training set using a

Principal Components Analysis on the discrete mesh structure.
The boundary detection scheme contains the following elements:

Line-Based Searches The boundary detection process is based upon the analysis of 1D

intensity profiles extracted along 3D lines within the volumetric image.

Plane Constraint For the case of sparse MRI scans, we constrain these search lines to lie
within the image plane, since the MRI data is not defined between slices and we wish to

avoid the use of spurious interpolated intensity data. Figure 1.7 shows an image with



Figure 1.6: Model Constraints The model is defined by a mean shape with a specified
number of “modes of variation”. These modes allow the model to represent the variability
present within the training set. In this figure, the centre image is the mean shape. The left
and right images were generated by adding positive and negative multiples (resp. ) of the
first mode to this shape.

a series of 1D in-plane intensity profiles.

Figure 1.7: In-plane boundary detection The left image shows the edges detected
after a few iterations of the segmentation algorithm — the lines represent the data which is
examined while the small white crosses are the edge estimates. The right image shows the
profile associated with the high-lighted search line on the left. It is worth pointing out that
the boundary we seek need not have maximal response to a (step) edge detector — hence
the need for a model.

Model of PVE The Partial Volume Effect limits the accuracy of boundary localisation and
is particularly severe in sparse images. We have developed a scheme to predict the
true voxel intensity in the surface neighbourhood, and coupled this to the boundary

detection framework.

The constrained segmentation will recover a surface which is similar to those included in
the training set. In other words, atypical structure (which we consider to be pathology)
will not be segmented. Since the ultimate goal of this work is the quantification of such
anomalous structure, we have implemented a two-tier segmentation scheme. The first level
of this segmentation is constrained by our template. The second level is initialised with the
result of the first stage and the segmentation procedure is repeated. However, in this step,

the shape constraints are less restrictive and a more accurate surface can be recovered.



1.3 Thesis Structure

The thesis is presented as follows:

Chapter Two provides an overview of the MR image acquisition process and details the precise
nature of the data we wish to process. Next, a review of existing segmentation techniques
is undertaken, accompanied by a discussion of their respective shortcomings with respect to

our particular requirements.

Chapter Three introduces snake-based segmentation in the context of sparse data. The
standard 2D snake framework is extended to include a prior: information and a segmentation
based on propagating planar snakes is developed. The construction of 3D surfaces from
this 2D data and the extraction of the Mid-Saggital Plane — required for quantification
of asymmetry — are then investigated. The chapter concludes with a discussion of the
limitations imposed by sparsity and outlines the criteria which an alternative 3D scheme

should satisfy.

Chapter Four introduces the Simplex Mesh formalism. We discuss the deficiencies of the
basic mesh-segmentation approach, and show how it can be extended to suit our purposes.

The issues involved in the construction of a mesh shape template are then addressed.
Chapter Five develops the boundary detection scheme which will underpin the segmentation.

Chapter Sixz proposes a scheme to predict the intensity of voxels which are badly affected
by PVE. This framework follows naturally from the boundary modeling scheme developed in

the previous chapter, and provides the basis for more accurate boundary localisation.

Chapter Seven combines the work of previous chapters to arrive at the full segmentation
strategy. The two-tier segmentation scheme is evaluated over a number of examples, and a

detailed discussion of the results is presented.

Chapter Eight concludes the thesis. The methodology is reviewed and its shortcomings are

discussed, along with proposals for improvement.
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Chapter 2

Preliminaries

The construction of a robust segmentation scheme requires a thorough understanding of one’s
data. This observation is particularly relevant to magnetic resonance imaging, in which the
protocol determines the image resolution and contrast, and consequently the image features
which may be reliably extracted. This chapter provides the background required to under-

stand the issues associated with the segmentation of sparse MRI.

We begin by introducing the basic concepts behind MR imaging — Section 2.1. In Section 2.2,
we provide a more rigorous definition of “sparsity” and discuss the problems such data poses
for segmentation. A brief review of relevant segmentation schemes is then presented in

Section 2.3, and the chapter concluded in section 2.4.

2.1 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) is a non-invasive volumetric imaging technology. Al-
though there are other volumetric imaging modalities, for example positron emission to-
mography (PET) and computed tomography (CT), MRI (usually) does not require the in-
troduction of radio-isotopes into the patient’s blood stream, nor does it utilise high-energy
electro-magnetic radiation. MRI is characterised by exceptional discrimination of soft tis-
sues, which is of great importance for the investigation of tumours and other tissue-based

pathologies.

The technique is based on the phenomenon of nuclear magnetic resonance (NMR), which
has been utilised in chemical analysis since the latter part of the 1940s. The imaging ap-
plication was first proposed by Paul Lauterbur, then of the State University of New York,
in a 1973 Nature article. It was only a decade later, however, that the first MRI machines
were realised. Whilst these machines were primitive by current standards, they revolutionised

medical diagnosis, providing detailed views of the body’s innermost workings.
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Of course, MRI did not emerge as a fully evolved technology. There are many issues, partic-
ularly those pertaining to imaging artifacts, which are only now being addressed. Since the
bulk of our data was acquired some years ago, these problems need to be addressed before

an effective analysis can be developed.

2.1.1 Nuclear Magnetic Resonance

The nuclei of elements with odd atomic numbers possess an intrinsic non-zero “spin”. This
property is the quantum mechanical equivalent of classical angular momentum, which macro-
scopic rotating bodies possesses. Quantum mechanics predicts that each nucleus with non-
zero spin will possess a number of quantised spin states, the precise number depending on
the characteristics of the nucleus in question. In the case of Hydrogen, there are two such

states. For simplicity, we shall limit our discussion to this element.

Because nuclei have a net positive charge, each has an associated magnetic field and, con-
sequently, a prescribed magnetic moment, that is, each nucleus behaves as if it were a tiny
magnet rotating about some axis. In an environment with no coherent external magnetic
fields, the orientations of the magnetic moments will be random and the net magnetic field
arising from these magnetic moments will be approximately zero. The introduction of an

external magnetic field B has two important consequences:

1. It increases the separation between the low and high energy states of the nuclei which,
according to quantum mechanics, also increases the relative sizes of the populations
inhabiting each of these states — as the field strength grows, the lower energy state

becomes more densely populated.

2. It induces precession of the magnetic moments of each nucleus about the applied field,
Figure 2.1. The precession is at a frequency, w, specified by the Larmor Equation:
w = v |B|, where v is the gyro-magnetic ratio, which differs for each element. In the
case of Hydrogen, for example, it has the value 42.58 MHz/Tesla (the Tesla is a measure
of magnetic field strength).

The excess of nuclei with aligned magnetic moments in the low energy state manifests itself
as a macroscopic magnetisation vector, By, oriented along the external field ( Figure 2.1). By
further stimulating the sample with a radio-frequency (RF) pulse containing the same energy
as that separating the two spin states, we induce a resonance phenomenon which boosts a
proportion of the nuclei into the unstable high energy state, where they remain until the
stimulus is removed. To an external observer, the RF pulse, which is at or near the Larmor
(resonance) frequency, flips the magnetisation vector into the orthogonal (transverse) plane

(for a 90 degree pulse). Within the transverse plane the magnetisation vector is subject to the
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Figure 2.1: Effect of a Magnetic Field An external magnetic field causes the individual
nuclear magnetic moments to precess about it. Because of the discrepancy between the two
spin states, a net magnetisation is produced on the macroscopic level, oriented along the

field.

external field, and proceeds to rotate at the Larmor frequency. Since a changing magnetic
field induces a current in a length of wire, the strength of rotating magnetisation vector
may be measured by placing a receiver coil in close proximity to the sample. These various

elements are shown in Figure 2.2.

90 deg. RF Pulse Partial Relaxation

Bo Mo

t=t1, Mz=0, M T:MO t=t2

No Signal M

Figure 2.2: RF Resonance and Relaxation A 90° RF pulse at the resonance frequency
flips the magnetisation vector into the transverse plane, where it rotates at the Larmor
frequency. The transverse component, My, of the magnetisation vector My — which is
what our receiver coil detects — is maximal at this point, while the axial component Mz is
usually zero. Over time the nuclei revert to the lower energy state and Mz decays as the
magnetisation spirals back to equilibrium. Because of this “relaxation” a decaying alternating
current is detected by the receiver coil. This signal is known as the Free Induction Decay

(FID).

Over time, nuclei revert to the low energy state, causing a decay in the magnitude of the
transverse component of the magnetisation. If one looks at the signal detected in the coil, it

appears as a decaying sinusoid. This is known as the free induction decay (FID).

This relaxation is exponential and is characterized by two parameters T'1 and T'2. The first
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governs the growth of longitudinal (axial) magnetisation, Mz, while the second characterises

the decay of the transverse component, Mr. More formally,

Mz(t) = Mo+ (Mz(0)— Mp)e ™ (2.1)
Mr(t) = Mp(0)e & (2.2)

where M is the equilibrium value of magnetisation vector (prior to the pulse) and Mz(0)
and Mz(0) are the initial values after a 90 degree pulse. Observe that Mz(0) will not be zero

if the sample has not been permitted to relax completely prior to the next RF pulse.

The precise values of T'1 and T2 are affected by, amongst other things, the composition
and temperature of the sample, as well as the strength of the external field. These values
determine the contrast in an image. Furthermore, one may accentuate one or the other by
manipulation of the MR imaging parameters, resulting in so-called T'1 and T2 “weighted”

images. Contrast and imaging are discussed in the next section.

In practise the RF pulse will have a finite bandwidth, which means that a range of nuclei will
be stimulated. This produces a composite signal which is a superposition of individual FID’s.
The signal can be decomposed using a Fourier transform, enabling us to recover the individual
frequency components and their magnitudes. This is the basis for NMR Spectroscopy, which

is widely used in chemical analysis.

To overcome effects such as sample dephasing, in which the magnetisation vector begins to
decay as the underlying spin states lose coherence, modified acquisition techniques must be
introduced. In spin-echo NMR, the sample is subjected to another radio frequency pulse, of
equal but opposite polarity. This has the effect of reversing the phase of all of the components
which constitute the sample, while leaving the precessional direction unchanged. At a specific
time, the spin echo time (TE), all dephasing is reversed and a clear, sharp signal is obtained.
By utilising polarised magnetic gradient fields, one can induce a functionally identical gradient
echo in the sample. However, this approach is susceptible to field inhomogeneities and is

therefore only used in certain special applications, such as rapid imaging.

2.1.2 Image Formation

Clinical MRI is usually based on Hydrogen (proton) NMR, since this element is present in
almost all tissue types and has the added virtue of providing a strong NMR signal. Since
different tissues have differing amounts of water, each will generate a unique signature which
may then be interpreted as an intensity for image formation purposes. Collecting a single
complex signal from a 3D volume is only useful for imaging if we can assign spatial coordinates

to the individual frequency components i.e. determine where the signals originated from. Both
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Figure 2.3: K-space A) For the case of standard spin-echo imaging, each row of k-space
is filled from left to right by sampling the FID for a given phase step. For other imaging
techniques, different k-space trajectories may be used. B) The application of a (fast) Fourier
transform yields the image.

2D imaging and 3D imaging exist, although the former dominates: the time and processing

constraints associated with 3D imaging are still high.

In the case of 2D MRI, we treat the volume as a collection of 2D images, each of which
represents a slice through the object in the acquisition direction. The slice to be imaged is
selected using a linear magnetic field gradient, which is superimposed onto the main field.
This has the effect of changing the Larmor frequency across the sample so that it becomes a
linear function of displacement along the direction of the field. By applying an RF pulse of the
appropriate strength and polarity, we can elicit a signal from the desired slice (technological
constraints determine the minimum thickness this slice can be — under 1mm with current

MRI machines).

The full imaging process requires the introduction of two additional linear gradient fields
in orthogonal directions. The first provides frequency encoding: the gradient modifies the
Larmor frequency within the slice, allowing one to select a given line or column of material.
The second gradient is used for phase encoding, in which the phase of the spins vary as a
linear function of gradient strength. By using these two complementary encoding methods

we are able to encode the 2D position of a voxel within the slice.

In standard spin-echo imaging, we phase encode the y image direction and frequency encode
the z image direction. These ideas are formalised by the introduction of k-space. In this
description, the data matrix we seek to fill, commonly 256 x 256 samples, is treated as a
frequency domain representation: the y direction represents phase, while the = direction
represents frequency. See Figure 2.3. To create the image, we first select the appropriate

slice and then trigger the phase gradient to select a row within the slice. The frequency
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gradient is then applied and the signal sampled while the field is maintained. The sampled
FID is then copied into a row of the matrix and the phase gradient stepped in preparation
for the next RF excitation, which may be initialised after the system has relaxed back to it’s
equilibrium state. The time, TR, separating excitations is known as the repetition time and
plays a fundamental role in the manipulation of contrast. This value is usually in the range

200—3000 milliseconds.

The process of stepping through the phase gradient would have to be repeated 256 times
with the above matrix size. Furthermore, to boost SNR, the number of excitations (NEX)
per matrix row may be greater than one, typically two or three. The total time required is

given by
T = NOL x NEX x Tg, (2.3)

where NOL represents the number of lines (phase steps) in the matrix. It is also possible
to acquire several rows within one repetition time by using a modified spin-echo pulse se-
quence. This allows one to produces several (differently weighted) images simultaneously, or
to produce a single image more rapidly. In this case the time required is

~ NOL

T— 2" NEX x T 2.4
NR * X IR (24)

where NR is the number of echoes generated within T'g.

Once the k-space matrix is assembled, we may apply a discrete Fourier transform to arrive
at a spatial representation. The image is prepared by assigning grey-scale intensities to each

voxel that are proportional to the NMR signal originating from that spatial region.

In Figure 2.4 we show a typical image from an older MRI sequence. The image matrix
size is 256 X 2b6 pixels. In this case non-contiguous slices were imaged. The slice width
was 3mm, while the gaps between the slices were 2.5mm. The field of view (FOV) — the
physical width/height covered by the image — was 24 x 24cm, giving a material voxel size

of 1 x 1 x 3mm?.

The MRI acquisition procedure described above is painfully slow, with imaging times ranging
from 4 to 20 minutes for a single spin-echo image! Fortunately, newer techniques which are
based on alternative pulse sequences, have drastically reduced the time needed to acquire
data. Several of these are derived from modified gradient-echo schemes, such as RARE and
FLASH [54]. The fastest method to date is echo-planar imaging [35], which is not based on
the spin-echo technique. However, this sequence produces a lower SNR, which may limit its

usefulness in detailed anatomical studies.
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Figure 2.4: An MRI Image An image acquired under an older MRI protocol: the thickness
of the slice is 3mm and each image in the sequence is separated by a 2.5mm gap. The FOV
is 24 x 24cm.

2.1.3 MRI Slice Resolution

During image formation, a gradient magnetic field is used to select the volume of material
from which the MR signal is to be acquired. The signal itself is generated by the application
of an RF pulse at the appropriate Larmor frequency. Since the pulse has finite duration, its
Fourier domain representation will have an associated frequency bandwidth. Consequently,
the gradient field will not select an idealised slice in 3D, but a slab of material, the thickness
and location of which are determined by the field strength and RF bandwidth. Furthermore,
since the RF pulse is usually a Gaussian or truncated sinc function, the frequency response
will not be uniform over the frequency range. Rather, the response will decay rapidly as
one nears the limits of the frequency range. This manifests as a blurring of the selected
volume boundary, since signal information will be captured from adjacent material. To
reduce the overlap between neighbouring slices, consecutive image slabs may be acquired
with an intervening gap. In this case, the gap is made wide enough to ensure that the no
signal contribution arises from adjacent slices. The sparse images used in this thesis are

examples of such acquisitions.

2.1.4 MRI Contrast

By adjusting TR, the duration of the RF pulses and the strength of the magnetic fields,
the relative contrast of tissues within the imaged volume may be modified. Such contrast
modifications can provide a significant aid to diagnosis. One can also use contrast agents, such
as Gadolinium DTPA, to enhance specific pathology such as tumours. However, by judicious
manipulation of imaging parameters, one can often form a conclusive diagnosis without the

need for invasive indicators.

There are several standard image contrast protocols, each named for the aspect of the NMR
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. PD T1 T2
Intensity long TR, short TE | short TR, short TE | long TR, long TE
High Fat CSF
Grey, White Matter Bone Marrow
Fat Grey, White Matter | Grey, White Matter
CSF Fat
CSF
Cortical Bone Cortical Bone Cortical Bone
Low Flowing Blood Flowing Blood Flowing Blood

Table 2.1: MRI Contrast-Weighting Schemes This table shows the relative brightness
of various tissue types for given MRI contrast weighting schemes. For spin-echo imaging, the
repetition time (TR) and the echo time (TE) are the parameters which select the particular
image weighting; the relative sizes of these parameters are indicated in the first row of the
table.

signal they most emphasize. For example, in a TI-weighted (spin-echo) image, the RF pulse
repetition time is too fast to allow significant relaxation of the magnetisation vector. As
a consequence, tissues with long T1 relaxation times will lose contrast relative to those
with shorter times, since the magnetisation will be tilted back into the transverse plane
before having recovered its full strength. Two other popular weighting schemes are T2, the
complement of T1, and Proton Density (PD), which gives an indication of the Hydrogen
density across the image. See Table 2.1 for details (reproduced from [54]).

The spin-echo signal intensity is given by

—(Tr=Tg) —=Tg

SI=Kp(l—e™ TT eT2) (2.5)

where K represents the influence of various environmental parameters and p is the proton
density. This equation describes the effect of RF pulse timing on the image contrast, and

hence whether the signal is T1 or T2-weighted.

There is no easy way to determine visually the particular weighting given to an image, since
there is a degree of overlap between each protocol. Certain heuristics may, however, allow
one to make an educated guess. For example, a T2-weighted scan will have a high signal
(bright intensity) for water-based substances, such as CSF, while CSF will appear dark on
a T1-weighted scan. Proton-density scans are less easily differentiated. In the interests of

clarity, we shall explicitly state the weighting scheme whenever we present MRI data.

2.1.5 MRI Artifacts

The MR imaging process is susceptible to a number of artifacts which can complicate image

interpretation.

Inhomogeneities in the MR receiver coil and the magnetic field can result in a low frequency
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The figure originally located here has
been removed from this electronic
version of the thesis for copyright
reasons.

Figure 2.5: Bias Field This image exhibits a bias field artifact, which is caused by inho-
mogeneities in the MR receiver coil. The contrast in this image has been manipulated to
accentuate the artifact. (Image courtesy of W. M. Wells, Harvard Medical School)

multiplicative signal, the bias field, corrupting the image. An extreme example of this effect

is shown in Figure 2.5.

There are also more destructive artifacts, particularly those associated with motion. Patients
are seldom still: each twitch is translated into ghostly blurring or worse [35, 54]. Examples
of such images are shown in Figure 2.6. Furthermore, the NMR characteristics of a region
may be affected by blood flow and local field inhomogeneities, complicating intensity based

analysis further.

B

Figure 2.6: Imaging Artifacts A) PD-weighted MRI scan with severe motion “ghosting”.
B) Horizontal bands of noise reveal the presence of rapidly flowing arterial blood in this
T1-weighted image.

If the object being imaged is under-sampled (when the FID is sampled too coarsely) one
may observe aliasing effects in the reconstructed data: structures beyond the field of view
are erroneously mapped or “folded back” into the image. This artifact can be eliminated
during image acquisition by oversampling or increasing the time over which the MR signal is

collected.
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There are a multitude of other artifacts, but the ones discussed above represent those most
commonly encountered in the data used for this thesis. A more detailed discussion can be

found in Rinck [54].

2.2 Characterisation of Sparse MRI Data

The MRI data we wish to segment was acquired under a long term study of anomalous brain
structure in schizophrenics. Data from such extended clinical studies is rare, and special
segmentation techniques are required to cope with many of the older scans in the series —
the bulk of the data was imaged using old spin-echo protocols which have poor resolution
perpendicular to the slice plane. Although there are a number of existing techniques for the
segmentation of high resolution data, these methods would not work well on such coarse data,
hence the need for alternative sparse segmentation techniques. In this section we describe

our data in more detail, as well as describing the problems it poses for segmentation.

2.2.1 Sparse MR Images

The term “sparse MR” was coined to describe the class of MR images which have a high
sampling rate within each image slice, but a comparatively low sampling rate in the direction
perpendicular to the image plane. Since the image is formed by sampling the FID within the
Fourier domain, the dimensions of the k-space matrix directly determine the scale (spatial
frequency) of the structures which can be discerned when the image formation DFT is applied.
The k-space matrix represents a uniform sampling of the Field Of View in the z and y
directions. For example, a 128 x 128 matrix will yield a poorer (more blurred) image than
a 256 x 256 matrix for a fixed size FOV. In sparse images, the sampling rate is sufficiently
high to enable structure on the scale of about lmm to be represented within each image.
However, due to the effective sampling distance between each slice, the structure is degraded
in a very specific way, described in Section 2.2.3 below, as one moves through the stack of
images. Furthermore, with the large inter-slice sampling distance used in this work, there
is no possibility of detecting similar fine-scale structure in the perpendicular direction, even

when the in-plane degradation is minimal.

2.2.2 Sparse MR Image Database

The sparse images used in this work are 17 or 20 slice spin-echo images. The image slices
are bmm thick and separated by a gap of 2mm, with a typical FOV of 24 x 24cm. The
image matrix size is 256 X 256, and the number of excitations (NEX) is variable. All the

standard contrast-weighting schemes (T1, PD, T2) are present, but the particular choice was
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left to the discretion of the radiologist. In certain cases, interleaved PD and T2 images were
acquired. The magnet strength used 1.5T. Both axial and coronal scans are present, with
the former being more numerous. Subjects were imaged at a number of consecutive time-
points. The period of the study spanned several years, and high resolution (coronal) scans
were introduced near the end of this period. Such temporal MR sequences provide a record

of the progression of the disease.

The age distribution of the subjects ranged from 20—60 with the bulk of the subjects lying
within the lower half of this range. The sex ratio was approximately even, but favoured

males. Handedness was predominantly left.

2.2.3 Segmentation Issues

There are a number of issues which are of particular relevance to the segmentation of sparse

data:

Partial Volume Effects Due to the large size of the voxels, sparse data is particularly
susceptible to the partial volume effect (PVE): the averaging of signal intensities that
occurs when a voxel is occupied by more than one tissue type. As a consequence, it
may be difficult to discriminate one voxel from another and boundary information may
be lost. For the elongated voxels (1 x 1 x 5bmm?) arising from the sparse protocol, the
PVE is maximal in the parts of the brain where the tissue boundary surface normal
is parallel to the direction of the longest voxel axis (near the brain poles for axial
scans). In this part of the brain, voxels near tissue boundaries are more likely to

contain multiple tissue types (because of voxel elongation). In these regions, the signal

Top Polar Slice
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Figure 2.7: Partial Volume Effects The PVE found in sparse data are particularly severe
near the poles of the brain. In this region the tissue surface normal is approximately aligned
with the direction of the longest voxel axis. In the vicinity of a tissue boundary this results
in a higher proportion of voxels containing more than one tissue type.

intensity is smeared over a spatial region and structural information is obscured —

Figure 2.7. Since segmentation involves the detection of differing tissue types, and
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these are indicated by different signal intensities, the PVE must be tackled before we

can proceed.

Data Truncation Sparse scans are frequently éruncated. This simply means that parts of
the brain are not imaged. The combination of thick slices and a non-zero slice gap
ensure that some peripheral structure will always be missed. As a consequence, the
top and bottommost slices contain structures which terminate abruptly, as shown in

Figure 2.8. If we wish to reconstruct an approximation to the brain surface, in order to

Figure 2.8: Data Truncation In this image, a resampled saggital cross-section has been
generated from a truncated sparse T2 axial scan. If we wish to compute meaningful compar-
ative (volumetric) measures across subject, we must have a mechanism to interpolate missing
data.

quantify volumes, for example, we need a meaningful way of interpolating this missing
data. Unfortunately, the issue is complicated by the arbitrariness of this truncation:
patients’ heads may be displaced relative to one another within the machine, giving rise

to a significant variation in the location of the truncation.

Image Artifacts Although the sparse protocol dates from a time when MRI technology
was less sophisticated, the data we have seems relatively free of serious artifacts. While
there is some evidence of ghosting and blood-flow effects, as well as occasional aliasing,
the majority of the images are fairly clean. Although the bias-field artifact is not
readily apparent, one can apply bias-correction to ensure the best possible input for the
segmentation algorithms. It should be noted, however, that our segmentation, which is
based on the detection of boundaries, is less susceptible to bias-field anomalies than a
scheme which seeks a voxel classification. This is because the bias field is multiplicative,
and will not shift tissue boundaries. Naturally, there are pathological cases in which the
edge might be obliterated, but there is no evidence of such scans within the database
used in this thesis. We do not consider PVE to be an imaging artifact. The MR scanner

is recording precisely what it was intended to: the tissue content of a voxel. Of course,
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a mechanism must still be found to cope with PVE, and we shall suggest such a scheme

later in this thesis.

Image Type The particular contrast scheme (T1, T2, PD) and the acquisition direction
(axial, coronal, saggital) will both have an effect on the algorithms needed to segment
the data. The effect of contrast is obvious: the tissue boundary model is directly de-
pendent on the image intensities. The role of the acquisition direction is less clear. The
cerebral surface in sparse axial scans appears significantly smoother when compared to
the corresponding coronal view: in the latter case the sulci are clearly visible, revealing
highly convoluted boundary structure. Given the sparsity of the data, the tracking
of individual sulci is not feasible, as there is little continuity from slice to slice. In
the case of axial and (to an extent) saggital scans, we may utilise a “cling-wrap” type
surface which will ignore small declivities. Application of a similar scheme to coro-
nal scans could lead to a surface representation which contains features such as cusps,

inter-penetrations.

We now examine a number of existing schemes which have been utilised for the task of

segmentation.

2.3 Overview of Segmentation Methods

There are a number of generic algorithms for tackling the problem of volumetric image seg-
mentation, the complexity and robustness of which vary considerably. At the lower end of the
complexity scale are what we have termed vozel-classification schemes which utilise simple
intensity models to segment the data. An example of such a scheme would be voxel-intensity
thresholding. To improve the robustness of the segmentation scheme, one requires models
of greater sophistication. In certain cases, intensity-based schemes may result in gross mis-
segmentations, such as the disconnected regions for a solid object, unless the algorithm is
augmented by some sort of shape model. We shall call such schemes shape model based, to
emphasize their added functionality. It should be noted that this classification is intended
to provide a context for our own segmentation scheme and may differ from the “taxonomy”

presented by others. More detailed discussions of relevant work will be presented as required.

2.3.1 Voxel-Classification Schemes

In many volumetric MRI studies, the image is segmented using a wvozel-classification scheme,
in which each voxel is allocated to one of a specified number of tissue classes. Once this
classification has been accomplished, an estimate of tissue volume may be obtained by simply

counting the appropriate voxels and multiplying by the voxel dimensions.
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The figure originally located here has been removed from this electronic version of the thesis for
copyright reasons.

Figure 2.9: Voxel Segmentation Surface renderings of voxel segmentations for several
different MR resolutions. Observe that the classification has retained the cerebellum and
brain stem: these structures cannot be easily excluded on the basis of intensity information
alone. A) High-resolution (0.8 x 0.8 x 1.5mm?®) postmortem brain. The gyrification of the
brain surface is clearly visible. B) Low resolution (0.9x0.9x 5.5mm?3) axial scan, with no inter-
slice gap. Note the truncation at the top of the brain, and the roughness of the iso-surface
(which has already been smoothed). There is also evidence of incorrectly segmented structure
near the eye. C) Low resolution with an additional gap (2mm). The slice-wise coherence of
the sulci is very badly affected (Images courtesy of Guido Gerig, ETH, Switzerland).

Any scheme based on intensity thresholding alone falls within this category. In many in-
stances, a spatially varying intensity threshold is required for acceptable results. For exam-
ple, in [72], voxels corresponding to the cerebral vessel tree were extracted from Magnetic
Resonance Angiography (MRA) data using a scheme based on multi-resolution adaptive
thresholding. In work undertaken by Zijdenbos [74], the intra-cranial contour (IC) is ex-
tracted on a slice-by-slice basis using a method which computes a spatially varying intensity
threshold. Application of the threshold produces a binary image which may be processed by
simple morphological operations to yield the IC. Unfortunately this method only works on
transverse MR images. Furthermore, the radial sampling used to extract the IC make very
specific assumptions about the nature of the binary image and the properties of the boundary

to be extracted. Such limitations are unacceptable in a general MR segmentation framework.

Region growing techniques (see, for example, [56]), in which neighbouring voxels are accumu-
lated based on their relative intensities, are also a form of voxel classification. An example of
such a scheme is provided by the “intelligent paint brush” [48, 49] developed for the segmen-
tation of MR images. A “watershed algorithm” is used to create a hierarchical region-based
representation of the image. When the user selects a ROI within the image, the hierarchy
is traversed by a selection algorithm and the regions which most closely match the desired
ROI grey levels are determined and a boundary computed. Although such a scheme is useful
in the context of general interactive image analysis, there is no high level facility to enforce
boundary shape constraints, and the method — as demonstrated — is only suitable for the

semi-automated processing of 2D images.

An interesting approach to voxel-based segmentation, which attempts to compensate for
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the bias field artifact, was introduced by Wells and Grimson [70], and later extended by
Guillemaud and Brady [39] and Brechbuhler et al [14]. This method uses an Expectation-
Maximisation algorithm to iteratively generate a bias-corrected voxel classification for a given
number of tissue classes. Unfortunately, it is not always clear a priori how many tissue classes
are required, or how to deal with tissue classes for which the intensity distributions overlap

to a significant degree.

When multi-modal image data is available (such as PD and T2), one may use data from each
protocol to produce a more robust classification [46, 42]. This approach assumes that the
images are registered, which need not be the case: patient movement cannot be ruled out

over the scanning period.

The “hierarchical segmentation” introduced by Griffin et al [37] uses intensity homogeneity
and “edge strength” to build a region-based image decomposition. Unlike the other schemes
outlined above, this scheme allows one to enforce rudimentary constraints on the segmentation
process. The constraints are posed in terms of pixel membership of overlapping regions, and
are to be supplied by some “higher-level” logic. For medical image segmentation, at least,
such a constraint methodology is of limited usefulness. We require structural constraints
which are not easily codified on a pixel level, and the means by which such constraints are

generated must, of necessity, be specified too.

An 1iso-surface, constructed from the bounding voxels of a given class segmentation, may
be used to estimate other useful geometric quantities, such as surface area and curvature.
Measures computed from this surface representation are fundamentally limited by the voxel

size.
In its most basic form, MRI voxel-classification assumes:

1. Continuity The data are assumed to be contiguous i.e. each voxel is connected along

each face to neighbouring voxels, except along the boundary of the imaged volume, and

2. Voxel Class Membership Each voxel may be classified as belonging to a single tissue

class.

For sparse MRI the assumption of continuity is violated since the volumetric images are
sampled so coarsely in the acquisition direction. Furthermore, “corrective” voxel interpolation
exacerbates the segmentation problem, since we both increase the effective voxel size and
lose intensity information. A little thought will reveal that the second assumption, voxel
class membership, is also violated: sparse data voxels frequently contain significant tissue
contributions from several classes, resulting in an averaged signal. The impact of PVE on the
sparse segmentation problem can be profound. A probabilistic voxel classification method, in

this framework, can do no better than to choose the most likely tissue candidate and classify
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the voxel accordingly, disregarding the contributions from other classes in the process. Within
the sparse framework, any iso-surface approximation based on a voxel level segmentation is
likely to provide a poor estimation of the underlying surface geometry. Voxel segmentations
for high resolution and sparse images are shown in Figure 2.9. Observe that the segmentations
include both the cerebellum and the brain stem, since these are also composed of cortical
matter. The structure of the sulci is badly compromised when the MR data includes an

inter-slice gap.

An alternative approach, which deviates from the basic paradigm outlined above, is to utilise
a probabilistic hyperstack [68]. This multi-scale representation sub-divides voxels to a spec-
ified level and attempts to predict which higher level structures each sub-voxel belongs to.
While this is an interesting idea, the poor resolution of sparse data would make prediction of

structural relationships at a sub-voxel scale implausible.

In practice, one needs some sort of underlying model for all but the most trivial segmentations.
This model may, for example, represent the spatial variation of intensity across an object or
serve to delimit permissible variation of a shape. A fundamental limitation of most voxel-
based schemes is the lack of structural constraints: given that voxel mis-classification is such

a strong possibility, we need a mechanism to reject spurious segmentations.

2.3.2 Constraining Shape

The image data we wish to segment may contain missing data or significant image degra-
dation. In these cases we may improve the robustness of the segmentation by employing a
deformable model which embodies a priori topological and/or geometric constraints. This
model is usually a surface (or contour) with an associated algorithm for extracting shapes of

interest.

Arguably the most popular type of deformable models are active contours or snakes [44].
These are energy minimising curves (or surfaces in 3D) which evolve towards features of
interest in an image (or volume). In [44], the features of interest were edges, and the energy
which governed the evolution of the curves was a combination of an internal energy, which
constrained curve flexure, and a image-wide gradient energy, which was maximal in the
vicinity of edges. By choosing an appropriately defined energy term, one can select alternative
features of interest, such as textures [43]. Modifications to the basic snake methodology
abound. For example, to tackle the problem of missing data, an expansion term may be
introduced [21, 22], which adds an expansive force in the normal direction along the curve.
These ideas may be generalised to 3D, although the computational overheads increase and
the additional degree of freedom can complicate or even frustrate implementation. In the

case of 3D segmentation, the introduction of a priori knowledge may significantly ease these
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problems. For example, in [63] the authors use a snake surface with an embedded axial
symmetry constraint to segment structures with cylindrical topology. Unfortunately the

brain has a complicated geometry which is not easily modeled.

There are many permutations of the above schemes. For example, Blake et al [8] developed
a model which uses a snake formalism complemented by a shape template constraint: only
shapes related to the template by an affine transformation are permitted. While the affine
constraint is appropriate for the particular context within which the system was proposed,
it would be too restrictive for use in our work, since brain variability has a significant non-
linear component. This method also has certain other interesting features. For example, the
global “image potential”, which moves the snake towards features of interest, is replaced by
local feature searches and a modified update scheme developed. This reduces computational

overheads and allows one tighter control over local snake evolution.

Parametric surfaces such as superquadrics and their generalisation, hyperquadrics [20, 64, 41],
have been widely used as a means of enforcing simple shape constraints on the surface model.
Unfortunately, the complexity of the shapes these models can represent tend to be rather
limited. An interesting approach which provides increased shape discrimination is the use of
free-form deformations [3] after a rough segmentation has been achieved with a parametric
surface (a superquadric in this case). However, the number of additional parameters required
to accurately represent a shape grows rapidly as data becomes more complex, limiting its

usefulness for the segmentation of convoluted structures.

The deformable templates introduced in [47] employ parametric curves/surfaces to represent
the shapes of interest. The model fitting is accomplished by a global energy minimisation
over the set of shape parameters. This approach is not suitable for the complex geometry of
the brain: obtaining a parametric representation of such a complex object is a rather difficult
task. Furthermore, such a representation, assuming it could be generated, would require a

large number of parameters resulting in a search space of extremely high dimension.

The deformable Fourier Surfaces introduced by Staib and Duncan [61] provide an interest-
ing blend of segmentation and analysis functionality. A discrete mesh of simple topology is
decomposed on a Fourier basis, and a vertex update scheme developed which allows a con-
strained mesh deformation in the direction of the data points. These ideas were taken further
in the work of Szekely et al [62], who applied this deformable surface to the segmentation and
analysis of structures within the brain (the corpus callosum and deep grey matter surfaces).
In their work the Fourier descriptors of the final surface representation were used for the
investigation of pathology — essentially they use a Euclidean metric to compare vectors of
descriptors from different patients. Unfortunately the Fourier representation requires that

a surface parameterisation be established. Although a method for obtaining a surface pa-
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rameterisation was suggested by Brechbuhler [13], only closed surfaces with no holes may be
processed. This means that the ventricular system, for example, cannot be decomposed onto
a Fourier basis using this method. We desire a scheme which can represent complex objects

with (potentially) many holes.

The lack of a general surface parameterisation scheme for arbitrary topologies means that
the techniques discussed above are fundamentally limited. A number of “non-parametric”
methods have been developed to address this issue. For example, the “implicit deformable
model” introduced by Whitaker [71] is based on a discrete surface model which evolves under
a series of differential equations. In a somewhat different vein, the topological snakes of
Mclnerney et al [51] are defined on a “simplicial grid” of fixed resolution. By decomposing
the polygonal snake curve onto the simplicial grid, the evolving snake contours can be made
to merge or split under the action of image forces. While such a simplicial grid may be
generalised to 3D, as the authors have shown, there is no easy mechanism to enforce shape
constraints: the curves or surfaces will evolve to fit the most likely edge candidates (those
selected by the image potential). If there is a high level of images noise, or edge degradation,

a poor segmentation is likely.

The most common non-parametric schemes involve the direct evolution of a vertex set repre-
senting points on an underlying surface for which no parameterisation (implicit or otherwise)
is assumed. There are a number of schemes based on surface triangulations under which
the mesh vertices evolve in a snake-like fashion towards feature points in the volume. The
vertices are usually assumed to be connected by a series of perfect springs, and the appro-
priate Newtonian force model is invoked (see, for example, [67]). A closely related approach
developed by Nastar and Ayache [53] adds “volumetric springs” (vertex connections through
the volume) to increse stability and better model the object properties. They also utilise
a modal analysis (a multi-scale basis decomposition, similar to Fourier decomposition) to
obtain a compact set of shape descriptors which may be used for subsequent analysis. While
this approach is very general, there is no mechanism to enforce shape constraints (a shape
model), and because of the non-locality of the volumetric springs, local perturbations may

affect distant parts of the mesh.

The most serious shortcoming of the segmentation schemes discussed above is the lack of
an explicit shape constraint. This constraint (or model) should encode shape geometry and
topology for surfaces with complex structures, whilst being sufficiently general to represent

the variability present within the shape class.

An elegant approach encompassing shape model construction and segmentation is the active
shape model (ASM) introduced by Cootes et al [24, 23, 25, 26]. By examining a set of

normalised training shapes one can build a point distribution model (PDM) which encodes
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the shape class variability. The model is a discrete representation in which every point has
an associated mean and variance that constrain its displacement. The PDM is the result of
performing a principal components analysis on the set of corresponding points. This yields
the dominant “shape modes” which span a reduced linear subspace within which learned
shapes may be represented with only a few parameters (basis or modal coefficients). This
modal representation provides a simple framework to compare shapes within the class, via

their modal coeflicients.

A more recent technique uses a simplez mesh [30], a discrete surface model composed of
vertices with 3-connectivity, to represent the shape model. This model deforms under the
action of image and internal forces. If data is not available the affected region tends to relax
towards the shape defined by the template. There is also a well defined set of local mesh
transformations which enable one to dynamically modify the topology and node-density of
the template. The 3-connectivity property ensures that one can derive simple and symmetric
algorithms to process the mesh structure. Like some of the other mesh-based segmentation
schemes presented above, the simplex mesh is governed by a Newtonian force model. However,
the internal forces acting on the model are local and can be forced to respect an overall shape

constraint [52].

The simplex mesh framework provides a very general infrastructure for shape representation
which includes local surface updates and a complex shape model. However, it does not address
the issue of shape model variability or the detection of boundary data in a degraded image
(such as sparse MRI). The ASM addresses the issue of shape variability through a training
process, but does not specify any particular mesh representation, and likewise assumes that
boundary detection is (near) trivial. The ASM also assumes that only shapes within (or very
similar to) the training set are valid. This is not necessarily the case if pathological structures
are to be segmented. By combing the different shape model capabilities of both schemes, and
addressing the issues involved in boundary detection within sparse images, we believe that a
fairly general, robust sparse segmentation scheme can be developed. The active shape model

and simplex mesh will be examined in considerably more detail in Chapter 4.

2.4 Conclusion

Magnetic resonance imaging permits a wide choice of acquisition protocols. These protocols
determine scan attributes such as contrast and resolution and have a profound impact on
the strategies one can utilise to segment them. In the case of sparse data the combination of
truncation artifacts, slice gaps and large voxel size confound generic segmentation schemes.
However, a synthesis of existing schemes augmented by domain specific knowledge can allow

us to overcome these limitations. The key aspect of this new methodology is the develop-

29



ment of robust shape models that can provide a meaningful extrapolation of missing object
boundary data. The modelling process must be flexible enough to represent the extensive
variability present in biological structures, whilst maintaining a level of detail which is ap-
propriate to the sparseness of the data. We now turn our attention to the development of

such a framework, starting with the evaluation of a 2D snake-based segmentation strategy.
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Chapter 3

Snakes

An MR image is composed of a stack of 2D images, each of which represents a cross-section
through the object of interest as one steps along the imaging axis. If the distance separating
these images is sufficiently large it no longer makes sense to view the scan as a volumetric
entity: it is a composite of 2D cross-sections. Since the segmentation of a 2D image is often
computationally cheaper and more tractable than that of a volumetric image, this alternative
interpretation is appealing. Of course, these images are not entirely independent, and it would

be foolish to ignore this a prior: knowledge.

Inspection of high resolution MR data reveals that 1) scanned objects produce closed in-
tersection curves in the imaging plane and 2) these contours are geometrically similar over
adjacent slices, in the sense that their gross shape and location exhibit only small changes.
This structural coherence still exists, although somewhat tenuously, in the case of sparse
MR images. Our segmentation strategy should capture both these elements. If we were
able to reliably determine boundary pixels, we could connect them to produce the curve we
desire. Unfortunately, image noise and artifacts such as PVE make such a scheme infeasible.
Furthermore, such pixel/voxel based schemes are not amenable to the introduction of shape
constraints which limits their usefulness. However, if we utilise a so-called snake contour
model we may simultaneously address the issue of boundary detection and representation:
the snake contour will gravitate towards features of interest in the image (the boundary, in
this case). Additionally, the snake possesses intrinsic regularising properties which enable it

to provide a smooth approximation to the boundary in the presence of image noise.

Given these considerations we decided to implement a snake segmentation scheme, aug-
mented to include our adjacency constraint. This constraint is implicitly utilised through
a curve propagation strategy, under which snakes representing the boundaries of interest in
a given image are used to initialise the search in the following image. The slice contours
extracted using this approach may be used to generate a 3D surface representation suitable

for calculating symmetry metrics.
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This chapter describes the implementation and evaluation of such a scheme.

3.1 The Snake Framework

A snake is an elastic model for shape which can be coupled to image features. Snakes were
originally developed [44] as “active contours” which move under a combination of “internal
elastic forces” and “external forces” arising from image features, such as edges. A number
of modified snake schemes have since been devised which are not only more efficient but also

have more sophisticated methods of incorporating a priori information [8, 11, 47, 64].

In the original formulation, the snake was interpreted as the solution to a global (variational)
minimisation problem. This approach requires the definition of an “image potential” to act
as an attractor for the snake. Such a scheme provides only rudimentary shape constraints,
through implicit continuity conditions. An alternative scheme which addresses both compu-
tational complexity and the addition of a shape model was proposed in [8]. In this framework
the snake is explicitly represented as an approzimating B-spline (cf. Appendix A.1) which

has the following features:

Template A shape model or template may be incorporated into the update process. This
model constrains snake deformation in a prescribed way; in the original work only affine

deformations of the template were permitted.

Local Computations Rather than using a “potential” image to represent features of in-
terest, a local feature search is introduced. For the detection of edges, a line of pixels
normal to the spline curve is extracted at specified points along its length. More specif-
ically, the polynomial “spans” which constitute the snake are uniformly sampled and
these points used as the origins for the profile extraction. A 1D edge search is then
performed within each intensity profile and the location of any edge candidates within
these lines are noted. If a sufficient number of edge candidates are deemed “good”
over a given span, that portion of the snake is considered to be locked onto the data
and these points will participate in the update process. The update is implemented by
re-fitting the spline curve to the set of locked points, subject to the model constraints.
As a consequence of this locality, the update process reduces to a sparse matrix system

which may be solved rapidly.

Closed form expressions The use of such approximating spline snakes allows the use of
analytic expressions, for example based on Green’s theorem, for computing geometric
quantities such as length, curvature and area — Appendix A.2. These quantities can be
obtained efficiently and directly from expressions involving only the control points [19].

Although these expressions are also available for interpolating snakes, they are not as
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readily obtained or as easy to manipulate.

For our purposes such a scheme is preferable to the canonical snake approach, since the explicit

curve representation provides a natural framework for the inclusion of a prior: constraints.

3.1.1 Modified Framework

Although we wish to include explicit shape constraints in our snake, the template approach
suggested in [8] was not appropriate for our needs. In the original context, a single shape was
to be segmented in each image, and each shape instance was essentially related to the reference
shape by an affine transformation. In our work, the snakes are required to represent the
intersection of a 3D shape with a series of planes. Since the sampling is coarse, the resultant
intersection curve(s) may change substantially between slices; this change may be topological
i.e. the curves may merge or split as we step through the image stack. Consequently, the
construction of a 2D shape model was deemed infeasible — it would have to encompass
both geometric and topological variability whilst remaining invariant to patient alignment.
Instead, we opted for a small set of constraints which encode low-level knowledge of our

problem.
More specifically, we replaced the template with the following;:

Matched Boundary Searches Different biological structures have different edge charac-
teristics, and the edge search is tuned to these characteristics. For example, a val-
ley /ridge detector is used to isolate the inter-hemispheric fissure, whilst a contrast
sensitive step detector is used to isolate the external cerebral boundary. Furthermore,
the features that the snake searches for are allowed to vary along the curve, permitting a
priort information about boundary structure to be incorporated into the segmentation

process. The boundary constraints are propagated with the snake and remain static.

Interactive Modification At any stage in the update process a user can manipulate the
snake, moving it around and adding or deleting control points if necessary. This level
of control is necessary for medical segmentation, since no scheme is guaranteed to give

perfect results.

Prediction of Snake Evolution The snake is represented by its control points. These
trace a trajectory through space as we step through the sequence of slices. We can
use a linear prediction scheme to help us guess where the snake is going to go on
successive slices — this gives us a way of reasonably propagating the snake so that it
has a good chance of “locking on” to the boundary in the next slice. Unfortunately,
the number of control points may change as the snake evolves (we may need to add

some to improve flexibility for example). Rather than predicting the motion of each
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control point, we predict the motion of the centroid of the control points as well as the
relative expansion of the snakes (as determined by the ratio of their areas). This is an
unsophisticated global measure, but if we wish to decouple the prediction step from the

actual representation such a compromise seems inevitable.

3.2 Segmentation

The modified snake framework outlined above served as the basis for a segmentation and
measurement system which is currently in clinical use. The various components of this

system are described below.

3.2.1 Initialisation Issues

The snake is initialised on the first slice of interest and allowed to propagate across slices,
with possible intervention by the user. There are several issues which need to be addressed

before the process can be initialised.

Control point density The continuity conditions imposed on the B-spline snake implicitly
constrain its shape. When laying down the curve, we must be sure to place sufficient control
points to allow the snake the flexibility it requires to represent the boundaries of interest. If we
have too many control points we essentially lose all regularisation (each control point adds two
degrees of freedom), so some sort of balance must be struck. In the scheme we have developed,
the operator delineated the initial boundary and control points were spaced regularly along
its length. The default spacing could be manipulated if required. Alternatively, the snake
could be defined by directly placing control points on the image and moving them about.

This approach was preferred by the clinicians who used the software.

Sample line density The number of sampling lines per span was determined empirically
and was static once selected. The number was set to be three or four. The control point
density also affects the efficacy of the edge searches: if we have too many edge searches in a
region where the control point density is high, then we increase computational time in return

for little improvement.

Snake labelling For the boundary-specific edge searches to be used, the operator must
highlight sections of the curve and indicate which boundary type they correspond to. This

must be done for each intersecting contour, but is only required when a new snake is created.
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Figure 3.1: Snake Feature Search A) A closed cubic B-spline snake, showing the one
dimensional search lines. The snake is “locked” onto the top of the grey region, but not
on the part to the lower right where the grey region is currently outside the search range.
After a small number of iterations the unlocked part of the snake is pulled onto the feature
boundary by the rest of the snake. B) After 11 iterations the snake has reached equilibrium
and area can be measured.

Snake number and Topology The number of snakes required depends on the number
of intersecting contours the object makes with the image plane. This number will in general
vary from slice to slice. Because of the sparse nature of the data, there is no clear way of
predicting such transitions based on slice data alone. Consequently, the user is required to

delete or add snakes when such events occur.

3.2.2 1D Feature Detection

Image features are located by searching along lines emanating from the current position of
the snake — Figure 3.1. These search lines are normal to the curve and spaced at regular
intervals along its length. The search occurs at a specified scale, which is defined by a search
length on each line, and selects the point of maximum contrast on each line. If there is no
contrast above a specified threshold, the search line is marked as un-locked, and may not
contribute to the update of the snake parameters (see Section 3.2.3). Both the position and
signed contrast of the edge point are recorded. Retention of the sign is useful for feature
disambiguation: we may safely reject edge candidates with the wrong contrast sign, even if
they have a high contrast value. The contrast threshold used was empirically determined and
has remained the same throughout our experiments. Although the number of search lines
per span can be made variable, we found that three per span was adequate for our purposes.
The set of these point positions, measured over the entire snake, is used to update the snake’s

parameters.
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3.2.3 Position Update

The snake is deformed so that it fits as closely as possible to the set of detected feature points.
It is possible that some span searches may not have detected any edge points (i.e. they have
not established a lock). Even when this occurs, they can still move, since the locked portions

of the snake drag them as they shift to fit the new contour.

Algebraically, we wish to find new positions for the control points so that the distance between
the spline (at the sample point) and measured feature is minimised. This is achieved by

minimising the following cost function over the control point positions:

min€ = |[vx - [X]| (3.1)

where vy = (21,1, ,&1p," ", N1, " ,mN,p)T, is the vector of = target data. More pre-
cisely, z; 1 is the z coordinate data for the kth sample on the jth span. For convenience, we
assume that each span is sampled p times; in the experiments reported below, p = 3. The
data for the spans (p items each) are listed in turn, giving a total of pN data. The control

point vector is arranged similarly: X = (X1,---, X;)T.

The matrix I is ((‘yf)T, cee ('y]"f,)T, (‘yf)T)T with (see Equation A.3):

17 S1,° 0, (sl)d
'ylf = B.S;. (3.2)

L,spy--,y (sp)d

where the parameter s is evaluated at uniformly spaced intervals along the span and the
matrix S is a selection matrix of size d X[, which selects the control points for the appropriate

coordinate on the kth span.

A similar expression is minimized to determine Y.

Dealing with partial lock If no lock is established for a particular search, then we have
two options. We may ignore that failed search entirely i.e. use a reduced matrix with no
entry for that sample, or we may choose to constrain the cost function somewhat by ensuring
that the old sample is still considered. In the latter case, we just retain the old value i.e., the
target value is set to the old sample value. The effect of this is to add stability to the solution
of the minimization at the cost of slowing or possibly stalling the motion of the unlocked
part of the snake. Currently, both modes of operation are implemented. In practice, the
constrained mode is often a better choice, since it tends to converge (albeit more slowly, on
occasion — see below) to the contour, whereas the unconstrained mode permits the definition

of an ill-conditioned linear system (when the number of control points or samples is small).
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The cost function £ in Equation 3.1 can be minimized using a pseudo-inverse:
X=T"T)"'T"v, (3.3)

In this case, minimization of the expression for Y involves application of the same matrix, so

it need not be recomputed.

However, such a “one jump” solution may not be optimal, since part of the snake may not
have locked onto a target. It is often better to iterate towards the feature (the snake pulls
other regions of itself closer to the edge, allowing them to establish lock) — see Figure 3.1.

Such a scheme may be formalised by the following recursion relation:
X = X™ 4 w(AX)™ (3.4)

where 0 < w < 1 and (AX)™ = X, — X™. The predicted solution, X, is obtained by
evaluating Equation 3.3 with the updated target edge data. The parameter w determines the

rate at which the snake converges towards the solution. We used a value in the range 0.5 to

1.

Rather than solving the equation directly (which requires computation of a large inverse),
we employed Gauss-Seidel iteration to approximate the solution to (I''T')X = I'" v. Since

T'TT is sparse (block circulant), the matrix operations may be implemented very cheaply.

3.2.4 Correspondence Over Slices

In moving from one slice to another, a natural initial position for the snake is the converged
position from the previous layer. However, the overall size and location of the contour of
interest may change significantly between layers, and our search scale may be too small
encompass this displacement. There is then an increased likelihood that the snake will lock
onto a spurious boundary. By predicting the position of the snake on the next slice one can

provide a reasonable initialisation which reduces the chance of a false lock.

We used a linear recursive filter [2] to update two parameters which controlled the subsequent
positioning of the snake on the next slice. These parameters were the centroid (Z,y) of
the contour and the relative scaling between layers (measured by the area ratio) about the
centroid. The predicted curve position on the next slice was obtained by scaling the snake
about the current centroid and then translating it to the predicted centroid location. Once
the snake had established lock, the updated parameters were fed back into the update and
a new prediction made for the next slice. Initial model parameters were not learned — they
will vary significantly depending on the slice from which the segmentation was initialised.
Instead, user intervention was required to guide the initial segmentation. Once a sufficient

number of slices had been segmented, the prediction was activated and one iteration of the
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segmentation algorithm was run every time the user stepped to the next slice. If the prediction
was sufficiently good, no further intervention was required by the user, since the snake would

immediately lock onto the relevant boundary.

3.2.5 Results

Figure 3.2 shows the the final snake positions after a single snake was initialised and allowed
to propagate across the set of slices. The measured centroid and scaling as the snake tracks
through the sequence, attracted to the right hemisphere, is shown in Figure 3.3. These
measurements are for a sequence where no prediction is used, and the final position of the

snake is checked and corrected interactively.

Figure 3.4(a) shows the measured mean distance of the target contour measured from the
initial position of the snake inherited from the previous layer. The starting position is slice 10.
Because the brain is roughly hemispherical, the initial distances are small at the “equatorial”
sections, and increase at the highly curved upper region. The measured centroid and scaling
functions are used to set the initial parameters of a linear recursive filter. With the predictive
filter the measured mean distance is substantially reduced (Figure 3.4(b)). A small search
scale can be used and matching between layers is automatic. (Note: the scale on the second

figure was halved to show more detail on the graph).

3.3 Surface Construction and Mid-Saggital Plane Estimation

Although the segmentation provides a representation of the 3D object, this representation
needs to undergo additional processing before we may properly use it. As we have stated
elsewhere, the patient’s brain need not be aligned with the imaging axes of the MR machine.
In order to produce laterality estimates which are free from foreshortening effects we must

compute our measures relative to the 3D MSP. This involves two steps:
1. MSP estimation
2. Surface construction.

Further discussion of these tasks may be found in [50, 40].

3.3.1 MSP Estimation

The MSP is most readily identified over the upper part of the cerebrum, where it is defined
as the centre of the (inter-hemispheric) fissure separating the hemispheres (before they fuse
lower down). Although the hemispheric divide is not properly planar over its entire extent,

a plane serves as a good approximation.
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Slice 0 Slice 1 Slice 4

Slice 7 Slice 9 Slice 10

Figure 3.2: Snake segmentation A snake was initialised on slice 10 and allowed to
propagate across the upper part of the brain. The final positions of the curves required some
minor editing, particularly near the top of the brain where PVE obscures edges.
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Figure 3.3: Predicted quantities A) Measured snake centroid and B) relative expansion
between slices as a function of slice number for the right hemisphere sequence of Figure 3.2.
The expansion is about the centroid of the snake. X is horizontal measured from the image
left, and Y vertical measured down from the image top. As expected, as the sectioned
hemisphere enlarges (increasing slice number), there is a consistent drift of the centroid to
the right, and the relative expansion between layers decreases.
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Figure 3.4: Motion prediction The mean distance between the initial position of the
snake in each layer and the target contour (the right hemisphere), as a function of slice
number for the sequence of Figure 3.2. A) No motion prediction — the initial position of
the snake is the converged position of the previous layer. B) With prediction - distances are
substantially reduced and consequently a small search scale (7 pixels) can be used.

An open-ended snake curve, defined by a small number of control points, is drawn along the
fissure and allowed to propagate across adjacent slices. The snake is designed to locok for the
feature corresponds to the hemispheric divide. Visually, this feature corresponds to a region
which is darker or brighter than tissue to either side i.e. a valley or ridge in the intensity

profile perpendicular to the plane.

The scan-weighti