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Colorectal cancer is the second most common form of cancer in the western world
and kills over 400,000 people each year worldwide. Early and accurate diagnosis is
critical in order to assess the risks and determine the best course of treatment.

This thesis introduces a number of image analysis methods that can be used in
such patient management decisions. The first stage is to remove the distortion caused
by field inhomogeneities from the images. Having done this, a range of segmentation
techniques are introduced, to automatically find the colorectum and mesorectum.
They can then be visualised in three dimensions. A search for the lymph nodes
is also implemented, and finds small regions within the mesorectum, then classifies
them. A likelihood is assigned to each region that looks like a node, as to whether it
is in fact likely to be cancerous.

Another major factor in patient management decisions is the changes that have
occurred during chemo/radiotherapy, prior to surgery. We have developed a non-
rigid registration method that can be used to compare these sets of images in a
quantitative, accurate and useful way. We tested a variety of state-of-the-art, ‘generic’
non-rigid registration algorithms and found that they almost always fail to register
the image sets, due to the large scale deformations that have occurred over the course
of treatment. This thesis describes two key ways in which these algorithms can be
improved by incorporating anatomical knowledge, and physiological knowledge.

Firstly, we set out a method of finding and representing the anatomical features
in the images that are always present, such as the bones, the bladder and the colorec-
tum. These representations are then used to constrain the general algorithms. This
increases the robustness, such that the algorithms ran successfully on all datasets
tested, that is, they provided a clinically useful registration result.

Secondly, we incorporate knowledge of the physiology, or how we expect the
anatomy to change due to treatment. We can represent these changes using the
Jacobian of the deformation, which describes the local size and type of change. This
is used to regularise the registration, and can be incorporated simultaneously with
the iterations of the registration. The final result is an accurate and robust regis-
tration result that is clinically useful for finding corresponding features on pre- and
post-treatment datasets
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Chapter 1

Introduction

Medical Image Processing and Analysis is an essential stage in aiding the diagnosis
and treatment planning (patient management) of cancer. This thesis applies and
further develops some of the leading computer vision techniques in order to detect
and diagnose colorectal cancer, and to help clinicians assess the success of treatment,
both chemo/radiotherapy and surgery.

This includes automatically finding regions of anatomical and clinical interest,
such as the colorectum and mesorectum, where the primary colorectal tumour is
located. We also describe how we can automatically detect the lymph nodes, and
discriminate them from blood vessels, which often appear almost identical in two-
dimensional images. The assessment of lymph nodes is of primary importance in
the management of colorectal cancer because they often contain cancer cells. If such
lymph nodes are close to the surgical resection margin, there is a much greater risk
that the tumour will remain, recur and/or metastasise. We outline how we can use
computer vision and imaging techniques to provide an estimate of the diagnosis of
these nodes.

We also develop a system for the quantitative comparison of pre- and post-neo-
adjuvant chemo/radiotherapy MRI scans. This too is important, as it enables clini-
cians to assess the changes due to treatment, before they proceed to surgery. From a
computer vision standpoint, the key challenge is that the changes are large scale and

non-rigid, both due to treatment, and also due to the fact that the images are typically
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taken six months apart. The patient posture is unlikely to be exactly the same, nor
is the extent, for example, of bladder distension. Hence this is a difficult comparison
and alignment problem. We incorporate anatomical and physiological knowledge in
order to solve this alignment and provide a robust and accurate registration.

It is obviously important that the methods we employ throughout this thesis are
accurate, but robustness is also a key factor to consider for medical imaging. A
clinician will not use a piece of software that gives a gross error in its calculation of
alignment for example. We therefore require and obtain 100% robustness in our final

registration algorithms.

1.1 The Medical Problem

Cancer is already the second most common cause of death in the Western world,
indeed it is expected that it will soon overtake cardiovascular diseases as the most
common cause [61]. It is a major problem facing the UK, with approximately 16,000
people dying from the disease each year. More specifically, colorectal cancer is the
second most common form of cancer death in the UK, accounting for over 10% of all
cancer deaths [77]. The problem extends beyond the UK, with two thirds of a million
people newly diagnosed with colorectal cancer each year worldwide. Each year there
are approximately 400,000 colorectal cancer related deaths worldwide. It affects men
(11%) and women (12%) approximately equally [25]. Even more grim is the fact
that the patient survival rate at 5 years is only 50%, largely because of metastatic
spread, primarily to the liver and pelvis. This reinforces the point made earlier about
assessing lymph node status. Currently, surgery is the only curative therapy: current
surgical practice is traumatic, and local excision surgery has been slow to take off.
Chemotherapy is currently used in 65% of cases, reinforcing the need for quantitative
comparison between pre- and post-chemotherapy images.

It is critical that cancer is diagnosed early and accurately in order to assess the
risks and determine the best course of treatment. The staging of cancers (that is

the process of determining the size and spread) informs clinical decisions about how
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to proceed with treatment. It gives an indication of the patient’s chance of survival
as well as the appropriate forms of management of the cancer. Magnetic Resonance
Imaging (MRI) is widely used to determine the local extent of colorectal cancer, after
a cancer has been diagnosed. Prior to performing the MRI scan, the presence of a

cancer in the colorectal region is verified using one or more of the following methods:

1. Endoscopy,
2. Barium Enema, and

3. Computed Tomography (CT) scan.

The MR scan is then performed in order to stage the cancer, to ascertain how
far the tumour has spread locally and to identify any metastases (spreading to distal
sites). However, current techniques need to be improved because nodal metastases
in particular are often under or over reported. This means that the best course
of treatment is not always clear. In order to appreciate fully the issues faced by
clinicians when staging colorectal cancer, we have, throughout the course of this
thesis, participated in the weekly multi-disciplinary colorectal cancer meetings, to
observe the current practice in the Oxford hospitals (John Radcliffe, Churchill). We
also consulted the key clinicians, in particular the radiologists, on a regular basis.
Details of the current procedures are given below and further details can be found in

(77].

1.1.1 How a Colorectal tumour is staged

A brief introduction to the anatomy of the region of interest can be seen in the Figs
1.1 and 1.2. They show the colorectum, which is where the primary tumour is located.
It is surrounded by the mesorectum, which consists primarily of a layer of fat, the
boundary of which is the mesorectal fascia. Also visible in the images are the hips,
the spine, the coccyx, and the bladder. An explanation of the image orientations used

to form these images can be found in the Appendix.






1.1 The Medical Problem 3

Table 1.1: TNM staging of rectal cancer.

Stage Definition

T1 Tumour invades submucosa

T2 Tumour invades circular or longitudinal muscle layers

T3 Tumour invades through muscularis propria subserosa or into
non-peritonealised perirectal tissues

T4 Tumour directly invades other organs or structures or perforates visceral
peritoneum

NO No regional lymph node metastasis

N1 Metastases in one to three perirectal lymph nodes

N2 Metastases in four or more perirectal lymph nodes

MO No distant metastases

M1 Distant metastases present

Lymph nodes and blood vessels are usually found in the mesorectum, which is the
area of fat surrounding the rectum. For patient management, the key questions are
(1) how big is the tumour, and how far has it extended into the surrounding fat?;
(2) are there any involved (that is, containing cancer cells) lymph nodes?; and (3)
has the primary tumour in the colorectum metastasised? Conventionally, the tumour

stage is determined using three major criteria:

1. T - Primary tumour.
2. N - Regional Lymph Nodes.

3. M - Metastases.

These stages are summarised in Table 1.1.

The primary tumour in rectal cancer can be staged using the MR image, as is
shown in Fig. 1.3. The TNM values can then be used to specify the overall stage of
the cancer as shown in Table 1.2.

Lymph nodes have to be analysed closely in order to determine whether or not
they are cancerous. However, to date, there are no standards for guiding assessment:
different criteria for the assessment of nodal involvement are utilised by different ra-

diologists. It is known, for example, that size is a very poor discriminator. It is also
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from the colorectal area into other organs of the body such as the liver. (The liver
is routinely imaged using CT). Evidently, the staging of colorectal cancer needs to
be rigorous and precise; but there do not currently exist systems that are able to
do this. When post-therapy scans are taken, it is critical to be able to determine
whether or not chemo/radiotherapy has been successful, and whether or not to con-
tinue treatment with the aim of down-staging the tumour further. If treatment has
not been successful, then the tumour may well have grown, instead of decreasing in
size, and the tumour may need to be re-staged. Post-therapy scans are a relatively
new idea. They are done so that the surgeon can be informed of the current stage
of the cancer before starting the operation. It cannot be assumed that down-staging
(by chemo/radiotherapy) will always work. In fact in 50% of cases there is little
effect. Much work on staging colorectal cancers has been done by the collaborating
radiologists at the Royal Marsden and Oxford hospitals, Dr. Gina Brown et al. [14],
[33], [16], and Dr. Fergus Gleeson [34].

1.1.2 Current MRI practice in the Oxford Hospitals

After a tumour has been detected, the patient is normally referred to have an MR
scan. This enables the extent and size of the tumour (described previously) to be
determined from the images. The usual method of performing this staging is as
follows. There are four main sets of images that are taken, and these are all T2-

weighted.

1. Initial thick section ‘localiser’ images are taken, with five images in each of the
axial, coronal and sagittal planes (TE = 1.6ms, TR = 58ms, a = 90 deg, slice
thickness = bmm). Each slice is 256 x 256 pixels, and the pixel size is 1.875mm
x 1.875mm. These images ensure that the correct area of the body is being
imaged and to enable the radiographer to select from where the more detailed

images should be taken.

2. Thin section coronal images are taken in the area of the tumour and this is

used in staging the tumour (TE = 95.5ms, TR = 3000ms, o = 90 deg, slice
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thickness = 3.5mm). Each slice is 512 x 512 pixels, and the pixel size is 0.43mm

x 0.43mm.

. Thick section sagittal images are also taken (TE = 86ms, TR = 7500ms, a = 90

deg, slice thickness = 5mm). Each slice is 512 x 512 pixels, and the pixel size is
0.47mm x 0.47mm. This is an optional, though frequently used, precautionary
measure and is not vital in staging the cancer. Sometimes a smoothing function
is used on the sagittal images. This evens out the density and applies a noise

reduction algorithm to make the images appear clearer.

. Thin section off-plane axial small field of view images are always taken (TE

= 120ms, TR = 6500ms, a = 90 deg, slice thickness = 3mm). Each slice is
512 x 512 pixels, and the pixel size is 0.39mm x 0.39mm. They are off-plane
since the rectum is at an angle and hence to best stage the cancer the images
are taken perpendicular to it, as shown in Appendix A. These images are used

predominantly to determine the size and stage of the cancer.

Any other images that are taken are extra and usually just the standard 4 sets are

taken. However some centres choose to take thick axial section T'1-weighted images

that go higher up in the body. These help when looking for nodal disease that may

have spread further up the body.

An example of the images obtained using the current practice is shown in Fig.

1.4, along with the report by the radiologist, indicating the extent of the cancer. The

radiologists’ reports are purely based on the MR images and they view these images

either using a printed slide or directly on the computer screen. The report is shown

below:
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Figure 1.5: A typical patient journey.

quantitative. Another example is by automatically detecting and diagnosing the
lymph nodes which radiologists find difficult to discriminate from blood vessels. This

data can also be viewed in three dimensions.

1.1.3 The Patient Journey

Once the presence of a colorectal tumour has been confirmed and the scans anal-
ysed, the patient is discussed at a multidisciplinary team (MDT) meeting. In the
John Radcliffe Hospital this is done as a weekly meeting, where the MR, CT and
occasionally PET images are compared with the pathological data and other relevant
information about the patients. This meeting is attended by radiologists, surgeons,
oncologists, histopathologists and senior nursing staff. A representation of the set of
typical patient journeys can be seen in Fig. 1.5

When a patient is first presented at this meeting a decision will be taken as what

course of treatment the patient will proceed with. The most common options are:
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1. Surgery - If the tumour is very small and localised, then the patient will often
proceed straight to surgery. In such cases the patient is usually reasonably fit
and the tumour is deemed unlikely to have metastasised. This surgery may be
followed by a short course of chemo or radiotherapy, to remove any remaining

tumour.

2. Pre-surgery treatment - If the tumour is more advanced, the patient will undergo
a course of (hopefully) downstaging chemotherapy, radiotherapy, or both, prior
to having surgery. The aim is to ensure that the tumour shrinks such that it
i1s well within the margin that will be resected during surgery, and that any

mesorectal lymph nodes are cleared.

3. Palliative Care - If a patient has a tumour that cannot be fully treated they will
often have palliative care, which typically involves courses of chemotherapy or
radiotherapy to slow the progression of the cancer and to alleviate pain during

the remaining lifetime of the patient, which is expected to be short.

The majority of patients fall into the second category and have some level of down-
staging treatment prior to surgery. If this is the case they will then have another series
of MRI scans after treatment in order to assess the success of this treatment before
the patient proceeds to the theatre.

Before surgery the clinicians need to plan exactly which section they are removing,
the edge of which is refered to as the circumferential resection margin. In order to
plan this they need to know exactly how far away the tumour and any involved lymph
nodes are from this margin. The MERCURY project [72] was a recent study aimed
at assessing this resection margin based on the pre-surgery MRI, by comparing the
scans with the gold-standard histopathology post-surgery.

Neo-adjuvant chemotherapy and radiotherapy is successful, at least to a certain
extent, in 50% of cases; indeed, in 10% of cases there is no residual tumour. Successful
(albeit partially successful) response causes the T2-weighted MR signal to reduce in

intensity. Any involved lymph nodes are also reduced in size. There is a predictable
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density change that occurs in the mesorectal fat: it becomes much ‘streakier’ in
appearance in the post-therapy image, largely due to fibrous tissue. The volume of
mesorectal fat also decreases, though to varying degrees. The wall of the colorectum
often thickens and becomes adematous despite the overall reduction in size.

Finally, we note that even in the absence of cancer this area of the body is par-
ticularly prone to localised displacement, not least because of bowel and bladder
movement. For all of these reasons, the differences between the images pre- and post-
therapy are most often substantial, to the point where even skilled clinicians have
difficulty evaluating patient response to therapy. This motivates the need for image
registration to align the anatomy and tumour in the pre- and post-therapy datasets.
The expected changes are substantial, and the clinical descriptions are qualitative,
however they do refer to anatomical structures which can be identified.

Most of the diagnosis and comparison stages predominantly use the off-plane axial,
small field of view, T2 weighted (TE = 90-120ms, TR = 3500-6500ms, o = 90 deg,
slice thickness = 3mm) MR images, and these are the images used throughout this
thesis. The images were taken on a 1.5T GE machine at the Radiology Department
of the Churchill Hospital, Oxford. The datasets are 3 dimensional, consisting of 20-30

slices, of 512 x 512 pixels each. Each voxel is 0.4mm x 0.4mm x 3mm.

1.2 The Computer Vision Problem

Some of the computer vision problems faced to aid clinical application of these im-
ages are clear. Bias field correction for example is a well researched area and many
algorithms exist to correct for this effect. There are also many methods available for
segmentation and registration.

Many computer vision techniques are applied to medical images in such a way as
to find ‘generic’ algorithms. That is one algorithm is developed with the intention of
solving many medical imaging problems. However, we show that this approach does
not allow for the large variation in patients and disease. Every case is different and

we need to account for those differences in our analysis. We need to know what it is
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we are trying to find in the images, i.e. what the anatomy is likely to look like, and
where different features are in relation to one another. We also need a clear idea of
what we are trying to find, i.e. which parts of the images do we need to align in order
to quantify the changes due to chemo/radiotherapy. As such, knowledge needs to be
added to the generic algorithm.

Robustness is also a key aspect in this field. Failure to detect disease has obvious
consequences, but failure to detect lack of disease can result in patients, who are
often very frail, being put through unnecessary and potentially fatal treatment or
surgery. Also, a clinician is unlikely to use an algorithm or piece of software that
gives an obviously wrong result, so we need to develop methods that give sensible
results 100% of the time. A clinician’s confidence in such a tool needs to be built up
slowly, but can be totally eroded by a bad result. Therefore, we need to develop both
accurate and robust methods to analyse these images, and we do this by incorporating
anatomical and physiological knowledge.

The previous section outlined some of the clinical challenges we face. Some of
the constraints we may then need to apply to our algorithms, particularly in the

alignment phase are given below:

1. Tumours and lymph nodes are restricted to the colorectal and mesorectal re-

gions, which are the only regions of clinical interest.

2. Chemotherapy and radiotherapy may reduce not only the size of the tumour but
also the sizes of lymph nodes, in certain cases to the point where they become

undetectable.

3. In addition, oedema occurs in the colorectal and mesorectal regions, so that
they reduce in size, even in cases of partial response, and almost never increase

in size.

4. The appearance of mesorectal tissue changes predictably to become more streaky

(that is, it has a textured appearance that is primarily locally uni-directional).
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5. The wall of the colorectum often thickens and becomes adematous.

6. Large changes in shape and size of bladder and rectum are to be expected, even

for the same patient, and across the population.

Point 2 means that whereas we hope, for the patients sake, that the pre- and post-
chemotherapy images are not homologous, this is an assumption that is incorporated
into most ‘generic’ algorithms.

Note also that only patients who have presented with symptoms (for example,
painful bowel movements, swelling, or general discomfort in the lower back), whose
primary care physician has determined that they need specialist treatment, and who
have been CT scanned to confirm the presence of a colorectal cancer, are given an
MRI scan. On the basis of this scan, the decision whether to proceed straight to
surgery or to undergo a course of chemo/radiotherapy will be made. The imaged
population is a hugely biased sample and their images pre- and post-therapy are far
from normal.

As such the medical challenges are completely interleaved into the computer vision,

image processing tasks and we consider both throughout this thesis.

1.2.1 Image Analysis Methods for Lower Gastro-Intestinal
region

Little known work has been done to date in computer vision to aid the problems
associated with Colorectal cancer MR imaging. Work has been done in the radiology
field looking at the circumferential resection margins and the evaluation of lymph
nodes using both conventional MR techniques as well as contrast agents such as Gd-
DTPA or USPIO’s [52, 33, 16]. However no quantitative image analysis has been
performed on these images.

Segmentation and Registration methods for medical images are rarely applied to
this region of the body due to its mobility and huge variance in shape. There are
a couple of exceptions, for example Tsai et al. [86] applied a coupled shape model

for segmentation to the bladder and lower gastro-intestinal region, but this was only
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applied to a small number of healthy cases. Colorectal cancer sufferers often have huge
pathologies in the mesorectal region, and as such there are no 'normal’ or ’typical’
cases.

This problem was recognised by Christensen et al. [19] who attempted registra-
tion for the application of treatment planning using an anatomical template. This
technique worked well, but required manual segmentation of the images prior to the
registration. It required a skilled clinician to do this.

The majority of the computer vision work for colorectal cancers, to date, has
focussed around CT colonography [81, 82]. This is a method most used to detect
cancers in the first instance, as well as polyps that may potentially form malignancies.
CT colonography cannot be used to determine the extent and spread of a tumour or

identify the lymph nodes or circumferential resection margin used by surgeons.

1.3 Contribution

This thesis sets out a number of methods that can be used to detect anatomical
features within the images, and highlight regions of interest such as possible involved
lymph nodes. We also study how best to align images pre- and post-treatment (neo-
adjuvant chemo/radiotherapy), incorporating knowledge of the anatomical features
and how we expect them to change. Finally, we interleave the anatomy detection and
alignment to give an accurate and robust integrated registration algorithm.

Chapter 2 describes how MR images are formed, and the fundamental physics
behind the NMR (Nuclear Magnetic Resonance) technology. We discuss some of the
artefacts associated with MRI and go on to describe how we remove the bias field
from the axial colorectal cancer images.

Chapter 3 outlines some of the initial image processing techniques we can apply
to the colorectal MRI scans. We describe the segmentation of the colorectum using a
combination of active contours and a Kalman filter, and finally the segmentation of
the mesorectum using shape models.

Chapter 4 continues by describing the segmentation of the images using the
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method of anti-geometric diffusion to segment out small regions that are likely to
be lymph nodes. We describe how these regions are classified, in order to find an
estimate as to whether each region is a node, and if so, whether it is likely to be
involved, i.e. contain tumour.

We then look at the issue of registering the images pre- and post-treatment in
Chapter 5. We describe a selection of state-of-the-art, ‘generic’ affine and non-rigid
registration algorithms and how they behave when run on the colorectal MRI scans.
Since the results are not good, we discuss why this is the case and what can be done
to assist the performance of these algorithms. We conclude that application-specific
knowledge pertaining to the images needs to be incorporated.

Chapter 6 outlines a method to find a relational representation of the anatomy
within the images, using the knowledge we have about the shapes of the anatomical
features and their positions relative to one another. This results in an accurate set
of points on the images that correspond to features of anatomical interest within the
images.

We then describe how this knowledge is incorporated into the ‘generic’ algorithms
that were described in Chapter 5. Chapter 7 gives the results of the registration with
this added knowledge and shows that the robustness is much improved.

Chapter 8 goes one step further and suggests that physiological knowledge, as well
as anatomical shape knowledge, can be interleaved with the registration at each iter-
ation to improve the accuracy and robustness further. This physiological knowledge
is represented as a Jacobian regulariser. The results of this simultaneous algorithm
are presented.

Finally in Chapter 9 we summarise the main results and outline some suggestions

for future work.



Chapter 2
MRI Technology

This chapter will provide a brief introduction to the basic principles of MRI physics,
and will describe how images are formed. We then discuss some of the problems that
challenge MR imaging, particularly focussing on artefacts including the bias field. We
describe some of the proposed methods for reducing the bias field from MRI after the
images have been acquired. Finally, we implement a bias field removal algorithm for

the colorectal MR images.

2.1 Background

Magnetic Resonance Imaging (MRI) has been widely used in radiology since it was
first introduced into clinical practice in the 1970s. The technology is based on knowl-
edge about Nuclear Magnetic Resonance (NMR), that is the idea of exploiting the
magnetic properties of an atom’s nucleus. The hydrogen nucleus, ! H, is particularly
susceptible to this phenomenon [44], and it is found in the large quantities of water
in the human body. The idea of aligning protons within a powerful external magnetic
field and then perturbing this alignment using an electromagnetic field was discovered
in 1946 by Felix Bloch and Edward Mills Purcell, and forms the basis of NMR.
MRI, formerly referred to as magnetic resonance tomography (MRT) or nuclear
magnetic resonance (NMR), is a method used to visualise the internal anatomy of
living organisms. It is primarily used to demonstrate pathological or other physiolog-

ical or anatomical alterations of living tissues and is an increasingly commonly used

17
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form of medical imaging. It produces high resolution images, that can be obtained in
different planes. These images have good tissue contrast, and are produced without
subjecting the patients to ionising radiation. The basics of MRI can be interpreted

using both classical physics and quantum mechanics.

2.2 MRI Basics

When a patient goes for an MRI scan they are first placed into a large, often cylindrical
magnet, which has a typical field strength of 1.5T. We denote this as the By field.
This field causes all the spinning charged particles (for example Hydrogen nuclei)
within the patient’s body to align with the direction of this field. When a spinning
charged nuclei is placed into such a magnetic field it will also ‘wobble’ or precess
about the axis of the field, Fig. 2.1. The rate at which it precesses is given by the

Larmor equation:

Wo = fyBO) (21)

where wq is the angular precessional frequency, v is the gyromagnetic ratio and
By is the field strength. The gyromagnetic ratio v is a proportionality constant, fixed
for the nucleus we are dealing with. For Hydrogen protons, v(H) = 42.6MHz/Tesla.

The next stage is to transmit a radio frequency (RF) pulse into the patient, which
will generate a much weaker magnetic field, denoted as B;. Since the RF pulse is an
oscillating electromagnetic wave that is orthogonal to By, the resulting field will also
oscillate, rather like an AC voltage. Again, the charged spinning nuclei will precess
about this field at a rate of w; = yB;. Since B; < By, then w; < wq also. The overall
result is a spiral motion caused by the two precessions. This is called nutation.

If the B; field oscillates with a frequency ws, and if ws = wy then resonance will
occur. That is, energy will be added to the system. The result is that the protons will
‘flip’ and now precess about a different axis, Fig. 2.2, at the frequency w;. The angle
of the flip, 0, can be determined from the strength of the B; field and the duration,
7, that the field is applied for:
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Figure 2.1: Precession of a vector in a static magnetic field.

In order to gain information about the tissues in the patient, a series of measure-
ments need to be taken. These are based on the relaxation times, that is the time
taken for the the spins to relax back to their lowest energy state when the B, field
is removed. So, when the RF pulse is turned off, the charged nuclei will realign with
the By field and give up their excess energy, Fig. 2.2. The longitudinal relaxation
time, i.e. the parameter that characterises the time for the spin to be realigned to
the original By field, is given by T1. That is, the M, component of magnetisation

slowly recovers along the z axis to Mj, the original magnetisation, where

M, (t) = My(1 — e7H/Th), (2.3)

Similarly in the transverse direction, the relaxation time is given by T2, as the

M., component of the magnetisation decreases rapidly,

Mg, (t) = Moe™ /T2, (2.4)
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Figure 2.3: Decay and Recovery of B; and By fields giving T2 and T1 relaxation
times.

proton density (PD) weighted image can also be acquired using a short TE, and a

long TR.

2.3 Image Formation

In order to gain spatial information about the signals read out, magnetic field gradi-
ents are applied. There is usually one gradient in each of the x, y and z directions,
denoted by G, G, and G,. A gradient is a magnetic field that changes from point
to point, usually in a linear manner, for example in the 2z direction the magnetic field
at z is then given by B(z) = By + 2G..

The first gradient that is used is a slice select gradient, G,. This is a gradient in
the external magnetic field. The bandwidth of the RF signal is then chosen such that
resonance occurs in the slice of interest. As a slice is not infinitely thin, a bandwidth
of frequencies of RF pulses is applied in order to cause resonance in all the frequencies
within a thin slice, 3mm say. These frequencies are selected according to the Larmor

equation described in Equation 2.1.
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Figure 2.5: An example of a signal timing diagram for a spin echo sequence.

Having identified a single slice we then need to derive spatial information from
within that slice. We first select a column within the slice using a frequency-encoding
gradient, G;. The G, is turned on during the time when the RF pulse is applied and
then turned off after. The G, pulse is then turned on during the readout, i.e. after
the echo time TE. The columns can then be identified by the frequencies that are
read out.

Finally, to identify pixels on each column, a phase-encoding gradient is used, G,.
This is turned on straight after the RF pulse or just before the frequency-encoding
gradient and adds a phase shift to the signal. Hence, the protons in each pixel can
be identified by their distinct frequency and phase, which are unique and encode the
x and y-coordinates for that pixel.

An example signal timing diagram is shown in Fig. 2.5 and shows a typical spin
echo sequence. In this example a 90° gradient is used, followed by a refocussing 180°
gradient to ensure maximum signal, and the relative timings of the three gradients
can be seen in Fig. 2.5. More details of different sequences can be found in [44].

Each signal that is read out then fills a line in ‘k-space’, which is a digitised version


















2.5 Bias Field Correction 29

the same intensity and texture pattern on the image [3]. Hence, in an ‘ideal’ image the
intensity of each tissue class is constant, or perhaps has a Gaussian distribution with
a small standard deviation. However, in MR images, a slowly varying field known as
the bias field corrupts the image values.

The bias field is caused by imperfections in the RF transmitter/receiver (Tx/Rx)
system. This, in turn, causes lowpass filtering of the k-space produced by the B,
magnetic field, which can be represented as a convolution with some impulse response
function B(w). After inverse Fourier transformation, the result is a multiplicative
bias field b(z). Note that since B(@) is real, b(z) will be complex, so in practice the
modulus of this signal is taken, |b(x)|, and so the noise is approximately Rayleigh
distributed. That is, if the noise in the real and imaginary parts of b(x) is Gaussian.
The resulting effect is that the image is no longer piecewise constant and appears to
have an undesirable ‘highlight’. Often, for qualitative analysis, this does not cause
a problem (though it does adversely affect brightness and contrast depending on
the magnitude of the effect), but quantitatively it produces large errors, e.g. in

segmentation. Mathematically, the bias field can be described by:
s(z) = o(z) * b(z) + n(z), (2.5)

where s(z) is the signal that is reconstructed and is seen as the resultant image; o(x)
is the original or ‘ideal’ image that we are trying to extract; b(x) is the bias field
and n(z) is noise. Initially, the noise is assumed to be negligible, compared to the
effect of the bias field, and hence it is ignored in this part of the analysis. Taking
logarithms, the equation becomes an addition rather than a multiplication and is

therefore simpler to solve once the bias field has been estimated:
log s(z) = log o(x) + log b(x). (2.6)

Early techniques for estimating the bias field involved phantom imaging where a
known object is scanned and the bias field estimated from the resultant image [85].
However, the bias field is also influenced by the interaction of the field inhomogeneities

with the patient, and hence varies between patients. The best approaches therefore



2.5 Bias Field Correction 30

calculate a new bias field for each individual dataset. The validation of whether a
bias estimation and correction algorithm work can be both visual and quantitative.
If successful the correction should be clearly visible by just looking at the image and
seeing whether tissue areas are constant in intensity. The variation of intensity in the
image can also be measured to give a quantitative comparison, using the standard
deviations of those intensities across a particular tissue class. Two leading methods

for estimating the bias field are described below.

2.5.1 GGuillemaud and Brady method

Guillemaud and Brady [42] propose a statistical approach to estimate the bias field
and provide a modification to the method previously developed by Wells et al. [90].
This method is used for bias field estimation and segmentation and is based on the
Expectation Maximisation (EM) algorithm. This is an iterative method that inter-
leaves the bias estimation based on current values, and their associated probable
tissue classes, and is followed by an update of tissue class probabilities based on the
current bias field estimate. A set of classes is chosen to represent the tissue types I';
based on the logarithm of their intensities Y;. This is modelled by a Gaussian with

mean p; and variance ;.
p(Yi|l5) = Gy, (Yi = p5), (2.7)

where G, is a scalar Gaussian distribution with variance ; and Y is the logarithm of
the intensity of the i** voxel in the image volume. This leads to a likelihood equation

for each voxel:

p(Y;) = p(Yi|T;)p(T;). (2.8)

Wells et al. [90] modified this approach in order to use the EM algorithm. After

correction for the bias field 3; (and ignoring the noise),

p(YilTy, Bi) = Gy, (Yi — pj — By). (2.9)
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This in turn gives the equation,
p(Y|8) = [T _ p(¥ilTy)p(T;)] (2.10)
i T

The bias field is modelled by an n-dimensional zero-mean Gaussian prior probability

density p(8) = Gy,(8). Bayes’ rule is applied to give:

p(Y|8)p(5)
p(Y)

to obtain the posterior probability of the bias field. Now let W;; denote the probability

p(BlY) = (2.11)

that the bias-corrected voxel i belongs to the class j. Consider the mean residual

R = (Ry,Ry,......, R,)T, where for voxel i,

Ri=) Wiy (Yi — 1), (2.12)
Ty
Denote the mean inverse covariance between voxels:
:1 _ Z sz’(/}J_l fOI‘ 1= k (213)
“ 0 otherwise
Therefore,
p(Yi|T;, Bi)p(T;)
W, = , (2.14
A S TAIVNAT Y )
B = HR, (2.15)

where, H = [~! + ¢5']7". Let F be a lowpass filter, then the bias field at the **

voxel is updated by:

= o (2.16)

with 1= (1,1,...... DT

The EM algorithm is then applied. The expectation step calculates W;; and the
maximisation step then calculates §; using the equations above. Once an estimate
for the bias has been found, it is removed using the logarithms, as described in Eqn.
2.6.

It was found that Wells’ method worked well for classes whose intensity distri-

bution is Gaussian with low variance; but that it was unstable when variance is
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large. Large variance is typical of Cerebrospinal Fluid (CSF) and pathological tissue
(other). The modification that Guillemaud and Brady suggested was to introduce
a new tissue class I'jsher With a non-Gaussian probability distribution. This class
absorbs all the measurements that are outside the significance region of the other
modelled categories. Now p(Y;|3;) = ZI‘,’(gaussian) p(Y:|T;)p(T';) + Ap(Lother) Where A
is a constant.

The approach used to get the bias estimate is very similar, but now

Ri= Y Wy (Y- uy), (2.17)

Fi _Fother

i.e. the bias is only estimated with respect to the Gaussian classes. The same
EM algorithm is used. The paper shows results for simulated data, as well as brain
scans and breast MRI. Good results are shown for brain MRI, but the bias effect is
much less in that case because of optimised RF coils. The breast images show a 53%
change in variance correction and this is a clearly visible effect in the images. The
modification means that the algorithm is more robust and versatile than the original
Wells et al. algorithm.

In order to remove noise from the images, (see equation 2.5), the method of
Anisotropic Diffusion is used. This is described in detail by Perona and Malik [68]
and then applied specifically to MRI data by Gerig et al. [40]. This method provides
noise reduction and contrast enhancement, while preserving the edges. Guillemaud
and Brady observed that it is equally effective to apply this filtering after the bias
has been removed as it has negligible effect on the bias removal itself. It therefore
proves to be effective as a post-processing filter for this particular method.

The limitations of the Guillemaud and Brady method are that the algorithm can
converge to incorrect local maxima, and it is especially sensitive to the choice of
classes. They propose a minimum entropy approach for choosing the class values
using a histogram, but the algorithm is still sensitive to the starting values.

The major advantages of the method are its increased robustness, and requiring a

less specific model. This is especially useful when looking at abnormalities in images.
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where k() is the tissue class found at location z. There are a discrete, finite number
of tissue classes found in the MR images of the colorectal region that can be identified.
The PABIC algorithm finds the bias estimate directly from the image data. It does
this by assuming that each pixel belongs to a certain image class k with an intensity
tx- It then calculates an energy associated with each pixel according to whether or
not it appears to fit into a class k. This energy function eo(ci), where d is the difference

between the signal data and the model, and this has a minimum at the class mean

px. For each class k a ‘valley’-function is defined:
eo(d) = H valley(d — p). (2.20)
k
The total energy for each pixel is defined as:

€tot = Z eo(d;) = Z H valley(ci — Bk)- (2.21)
k

1

The total energy for the whole image is then:
erot.img(®) = Y | [{valley(5(x) — b(x,p) — )} (2:22)

An optimisation technique is then used to find the combination of Legendre poly-
nomials that give the minimum energy. The strategy that is used is the (14+1) Evo-
lution Strategy. It works by randomly selecting a new position in parameter space
controlled by a probability function. The algorithm is described in more detail in
Section 2.5.3.

The algorithm was first tested on simulated data and a mean squared distance
measure (MSD) was used to validate the algorithm. All the corrections were success-
ful. It was then applied to real two dimensional images of the brain with a moderate
bias field and breast images with up to 40% bias field. The algorithm was seen to be
successful and the corrected images were visually improved.

Although an effective method for removing bias, this method is limited by the
computation time. The Evolution Strategy takes a long time to compute, and if

a good first estimate of the parameters is not used, then the method can prove
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unsuccessful. Also, the larger the order of Legendre polynomials used, the longer
the computation time. This method is less sensitive to class parameters than that
of Guillemaud and Brady, and a coarse estimate of classes still leads to successful
estimation of the bias field. There are many other papers on the subject of bias
removal, but most concentrate on brain images only [30], [76], or breast images only
[41]. A further method was also proposed by Ahmed et al. [1]. The papers by
Guillemaud and Brady, and Styner et al. have the advantage of using a general
model that can potentially be applied to all MRI scans, containing different types of

tissues and abnormalities.

2.5.3 Implementation

The method proposed by Styner et al. [80] was chosen to remove the bias field in the
colorectal images. This is because it is less sensitive to the choice of a specific set of
classes in the images. There is a diversity of anatomy visible in colorectal images, so it
would be time consuming to estimate these classes individually. It will be seen later,
Fig. 2.15, that the bias field is well modelled by 2nd order Legendre polynomials.
The first stage in implementing this method is to remove some of the intensity
noise from the images such that we can ignore it before taking logarithms. This
was done by anisotropically diffusing the images [68]. Noise removal made the bias
estimation more accurate. Note that diffusing the image removes much of the texture.
Such texture information is actually useful in determining different types of tissue and
abnormalities. Hence once the bias field has been estimated using the diffused image,
the bias field was then removed from the original (i.e. not diffused) image.
Anisotropic diffusion is a filtering process that improves the overall quality of the

image [40], [68]. It has 3 three important properties:
1. It preserves the image boundaries and detailed structures.
2. It removes noise in homogeneous regions.

3. It enhances definition by sharpening any discontinuities.
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Figure 2.12: Bias Removal.

The latter is important because, in practice, the convergence of the bias field process
is driven by the edges. The filtering method is modelled as a diffusive process,

9 (1(z,1)) = V(e(@, OVI(z,1), (2.23)

where I(Z,t) is the image intensity. The diffusion strength is controlled by ¢(z, 1),
where Z are the spatial coordinates, such that c¢(z,t) = f(|VI(z,t)]). We used
c(Z,t) = (_(%M)z) , where k is a constant. We found the value of kK = 20 to
work well for the images we tested. The ‘flow’ is defined as ¢ * (VI) = c*x VI. In

order to filter a two dimensional image, a discrete implementation is used:

%u@, 1)) = V7 [e(, t) % VI(z,1)]
8. 0 . 0, - 0 2.24
= b—x[c(x,t) * -a—xf(x,t)] + a—y[c($>t) * b_yl(x’ t)] ( )

= ¢east - ¢west + ¢north - ¢south7

where e.g. Gean = gislc(@ + A2,9,0) % (I(z + Az,9,t) — I(z,9,))]. The image is
then updated:

)
I(t+ At) = I(t) + At x = 1(2) (2.25)

= I(t) + At * (¢east - ¢west + (bnorth - ¢south)-

The flow can be visualised in the Fig. 2.13
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Figure 2.13: Flow of anisotropic diffusion.

Approximately 20 iterations of anisotropic diffusion, with x = 20, were performed
on the MR images. Once the images had been anisotropically diffused, the Styner
algorithm could be applied. The (1+1) Evolution Strategy optimisation algorithm is

given by:
r, ~ N(0,) computes a random vector 1, at each iteration (2.26)
Xpp1 = X+ Avr (2.27)
AT + (g — 1)EF) if f(Xer1) < f(Xopt)
t+1 = T,/ : (2.28)
Ai(I + (cs — 1)?2?:)otherW1se
X,pt Otherwise.

X;—o 1s used as an initial guess and f() is an energy function. The values of ¢, and
cs are weights , and x, and Ay are given as input at the start of the algorithm. The

/4

values ¢, = 1.05, ¢ = ¢4 14 were used, as proposed by Styner et al. [80].

2.5.4 Results and Discussion

The effect of anisotropic diffusion can be seen by zooming in on a small section of the

image as shown in Fig. 2.14. The texture is removed and the edges are much better
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Table 2.1: Comparison of standard deviation/mean, averaged over all tissue classes.

Standard deviation/mean before bias Standard deviation/mean after bias
removal removal
0.2449 0.0977

The level of accuracy required is such that the image can be segmented. The
accuracy was analysed by looking at the standard deviations of the image with respect
to the mean values, averaged over all tissue classes. The results of this can be found
in Table 2.1, and it can be seen that the (standard deviation/mean) is much lower
for bias removed images.

The images used in diagnosing colorectal cancer usually take the form of a volume
dataset. Styner had extended the method sucessfully to three dimensions, however
this requires many more parameters, and much increased computation time. We
noted, however, that the bias estimate is very similar on all the images running
through the volume. Hence the bias field found for the first image can be used as
the initial estimate for the second image and so on. That is, the two dimensional
method is run on each slice consecutively. Alternatively, information from a phantom
study could be used as a first volumetric estimate, but this would still take a long
time to compute. Our implementation ensures that the computation time is kept to
a minimum. It takes approximately 3 minutes running in Matlab, on an Intel XEON
CPU 2GHz, 1.5GB RAM. Note that all algorithms throughout this thesis were run
on this same machine. It was also noted that if the same bias field was used for all the
images in the volume, the visual difference was negligible. This means that the bias
can be calculated for the first image and then that bias removed on all the successive
images. This is possible because the slices are thin (3mm) and do not vary a lot in
content between slices. The results of a set of images after their bias field has been
removed can be in Fig. 2.17.

Finally the algorithm that was implemented was tested briefly on breast images.
It was seen to remove bias successfully on these types of images as well, and the

images were visually improved, Fig. 2.18.









2.5 Bias Field Correction 43

of the images, and hence increasing the order of the polynomials for a small effect is
unnecessary. Further investigations will be carried out using a phantom to provide the
first estimate for bias removal in these images. Clinically, the bias-removed images
have better contrast and more consistent brightness, which aids decision making.
From a computer vision point of view, this allows segmentation to be performed

along with further post-processing methods.



Chapter 3

Anatomy Segmentation

Segmenting the key regions of the anatomy is an important first step in analysing
the images. Extracting object boundaries in medical imaging is an important but
challenging task because the signal to noise ratio is low. This boundary extraction
enables the proximity of cancers to various anatomical structures to be found as well
as enabling abnormal shapes and sizes of objects to be identified. Segmentation is
the process of finding such object boundaries automatically. It is labour intensive to
extract the boundaries manually, so there have been many attempts to come up with
efficient and automatic methods. The method used is highly dependent on the nature
of the object being segmented, and how much prior information is available.

For the application of staging and analysing colorectal cancers, the objects that
ideally need to be segmented are the colorectum (where the primary cancer is usually
situated), and the mesorectum (where any involved lymph nodes are most likely to be
found). The mesorectal fascia is often taken as the circumferential resection margin,
CRM, (the edge of the region that is resected in surgery), and the location of this
edge gives a likely indication of the success of surgery. That is, if the tumour or any
involved nodes are located near to this margin then the probability of recurrence is
much higher. The MERCURY project [72] is a collaborative project that has been
set up to investigate these margins more closely and compare the MR images with
the resected specimens to see how well the CRMs can be estimated from the MRI.

MRI data for staging colorectal cancer uses a three dimensional dataset (i.e. a

44
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volume); but it is usually viewed as individual two dimensional slices through that
volume. However, it can be very useful to have a three dimensional representation of
that data in order to see areas of particular interest (such as lymph nodes) in relation

to the rest of the anatomy.

3.1 Active Contours

One object of particular interest is the colorectum, and this needs be segmented out
of the images and viewed in three dimensions. There are many segmentation methods
available in image processing, serving different purposes, and useful on different types
of images. Active contours (or snakes) are used for this application since the boundary
of the rectum is clear and well defined, as it is surrounded by the fatty mesorectal
fascia. Since the colorectum is essentially a long tube, a tracking algorithm can be
used to locate it through a series of images. Alternatively, methods such as level sets

[65], [17], or graph cuts [12] could also be used.

3.1.1 Theory

The idea of deformable contour models, originally proposed by Kass, Witkin and
Terzopoulos [48], overcomes many of the problems of manual slice editing such as
noise, small gaps and other irregularities in the object boundaries. Snakes are used
extensively in medical images and have been studied in detail by Cohen [22]. Cohen
et al. improved upon the original snakes by introducing an ‘inflation’ or balloon force
[23]. A snake is a dynamic contour that changes over time, such that it minimises
the total energy of the contour. If v(s,t) represents points on a dynamic curve at a

discrete time ¢, then at time ¢ + 1, v(s,t + 1) is given by:

u(s,t+1) =arg min (E(u(s,1))+ |b(v(s,2)]), (3.1)

where v is the set of all possible curve points v(s, t), E(v(s, t)) is an energy function

and b(v(s,t)) is a balloon force. A dynamic curve is a two parameter function v :
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[0,1] x [0,00) — Q, where Q is a two dimensional image domain. It parameterises

image coordinates (z,y) by parameter s and time ¢ € [0, 00) such that,

v(s,t) = (z(s, 1), y(s,1))7. (3.2)

The energy FE(v(s,t)) = Eint(v(s)) + Eert(v(s)) is defined by:

1. The internal energy Ein:(v(s)) = alv'(s)|2 + B|v"(s)|?> where a, 8 € R*, V/(s) =

31;;:) and ’U”(S) _ 0261;(23)

2. The external energy Fe:(v(s)) = —y|VI(v(s))|? where v € R*, I(v(s)) denotes

the intensity at v(s), and |.| denotes the Euclidean norm.
The balloon force b(v(s,t)) is defined by:

[VI(u(s))[?
(max, |V1(u(s))])? n(v(s)), (3.3)

where 6 € R, n(v(s)) is the unit normal vector at v(s). A further modification

b(uv(s, 1)) = 6(1 -

to the dynamic contours was proposed by Meegama and Rajapakse [63] whereby
a NURBS (Non-Uniform Rational B-Spline) snake is used. This includes an extra
weighting parameter to control the flexibility of the curve at each control point and
is good for objects that have regions of high curvature.

The Meegama and Rajapakse approach [63] consists of a parametric curve that can
be defined as a linear combination of control points, for example v(s) = Z?z—ol fi(8)p;
where p; are the control points and f;(s) are a set of polynomial functions. f;(s) can

be defined such that the points form a B-spline curve:

fi(s) = Nix(s) (3.4)
. 1se [S,’,S,'_H)
Niols) = {0 otherwise (3:5)

N i(s) = (s — ) Nix_1(s) + (Si+k+1 = 8)Nig1k-1(5) (3.6)

Si+k — Si Sitk+1 — Sit1
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Hence the curve is now:

() = Y Niss)pi (38)

For a NURBS snake

n~hwt(t) Ny (s)pt
bt wt(t)Nik(s)

1

or, v(s,t) = .7 Ri(s)p;(t) where Ri(s) = z;‘gj‘(%%)'}éi > Where w! are the

weights of each control point at time t. The internal and external energies and

v(s,t) = (3.9)

balloon forces are then given by:

Ein(v(s)) = alp” R'(s)|* + Blp" R"(s)], (3.10)
Eert(v(s)) = = VI(p" R(s))I?, (3.11)

on 51 VIGTREE
b(v(s) = 81~ g T e RS, (3.12)

A NURBS snake is a dynamic NURBS curve v(s,t) whose energy is minimised
with respect to points on the curve such that the curve points at time ¢ + 1 are given
by:

v(s,t+ 1) = arg lr)r(lsi,g(Emt(v(s, t)) + Eext(v(s, 1)) + b(v(s, t)). (3.13)

NURBS uses a weight-based control method. Let v(s; w;) be the set of curves obtained
by changing the weight w; at a control point p;. Also, let v(s;w; = 0) be the set of

curves where w; is zero. Then:

v(s;w;) = v(s;w; = 0) + 7(p; — v(s;w; = 0)), (3.14)

N; k{S)w;j
where 7 = n_i’lé o
j=0 Gk (8)w;
G

77_2’||n(s 5T where € R controls the amount of attraction of the curve towards the

. New weights are then updated according to w!*! = w! +

control point, and ||k(s, t)|| is the maximum curvature of the closed NURBS curve.
The algorithm is implemented using dynamic programming to evolve the control

points, and a diagram of this algorithm can be seen in Fig. 3.1.
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Figure 3.1: NURBS algorithm.

Experiments were performed by Meegama and Rajapakse using this algorithm on
a range of different types of images: synthetic images, MR headscans, solar images,
and aerial images. The NURBS approach was compared to other previously used
snake methods (e.g. B-splines) and was found to give the best estimate. The snake
accurately followed the boundaries even in regions of very high curvature. This is due
to the extra weighting parameter that it includes, and there is therefore no need to
duplicate or move relevant control points. The paper only demonstrates the method
in two dimensions, but indicates that it can be easily extended to three dimensions.
The major disadvantage is that it relies on clear and complete boundary edges, and
hence is liable to fail where the edge is less obvious. It also doesn’t include any prior
information about the shape.

A review of the use of deformable models in medical image analysis was written
by Mclnerney and Terzopoulos [62]. They indicated some of the main points to be

considered when choosing a deformable model to use:
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1. Automation vs. Control: There are some semiautomatic techniques but it is

often useful to have a certain amount of user input.

2. Generality vs. Specificity: There are a number of ‘tailored’ models available for

specific uses that are modified from the simpler general model.

3. Compactness vs. Geometric coverage vs. Topological flexibility: This indicates

how much of the detailed ‘features’ are detected by the contour.

4. Curve vs. Surface vs. Solid models: This is very dependent on the shape and

application of the object being segmented.

5. Accuracy and Quantitative power: The contour should be able to measure and

control the parameter descriptiveness.

6. Robustness: The contour should be insensitive to the initial conditions and

noisy data.

The method we develop here only requires user input to initialise the model. It
is a general model that is relatively topologically inflexible, because the colorectum
generally has a smooth edge. Since we begin by implementing the model in two
dimensions, we use a curve. The distinctiveness of the edge means that the algorithm

will be accurate and robust for this application.

3.1.2 Implementation

A snake algorithm, but with a few of the adornments suggested by numerous authors
[63], has been used for segmenting the colorectum, since it is reasonably clear in
the images (especially once the bias field has been removed). The purpose of the
three dimensional representation of the colorectum at this stage is so that it can
be visualised and relative positions can be observed. For our application, it is not
necessary to be able to see every bump and crease for which the vastly superior spatial
resolution of CT is necessary. Much more complex segmentations and reconstructions

can be achieved on CT images, if required, [81], [82].
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Since the object being represented is (locally) tube-like, it would be a waste of
time to compute the snake on each slice. It is more economical, and numerically
better conditioned, to track the object across slices using a Kalman filter. The overall

method is given below:

1. A point was selected on the first image to indicate the approximate centre of
the colon. This is currently done by hand and is not required to be accurate.
The aim of this is to identify which object in the image is in fact the colorectum.
This stage of the algorithm can be performed easily by a clinician or trained

observer.

2. From the selected point, a snake was used to inflate to the outline of the rectum
in the first image. The method is very precise in defining the edge of the
object. This stage is performed on an anisotropically diffused, bias corrected
image. It makes the edges even more defined as well as removing noise and field

inhomogeneities.

3. Instead of using a snake on each consecutive image, the fact that the centre of the
colorectum follows a three dimensional space curve was used. Snakes, though
accurate, are relatively slow to calculate, so a Kalman filter was instead used
to track the colorectum through the series of images. This provides sufficient
accuracy to define the colorectum in three dimensional space and can be used

on any dataset quickly and easily.

The Kalman Filter

The elastic model for shapes in motion that is most frequently used is the Kalman filter
[89]. The idea of using Kalman filters in robotics to track an object through a series
of images (either in time or space) has been used by Blake, Curwen and Zisserman
[5], who track the bounding contours of objects. Tracking is an autonomous process
and is a consequence of natural assumptions about geometry and uncertainty. The

Kalman filter uses a predict/correct approach that can be seen in the Fig. 3.2.
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Time update (predict)
(1) Predict next state (1) Compute Kalman gain

X, = (X o14,1,0) K, = Pk—H:(HkPk-H: + VkRkV;T)-l
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Figure 3.2: Kalman Filter Algorithm.

The moving feature is clearly the contour v(s,t) = (X(s,t),Y(s,t)), defined by
the control points, (X, (t), Y,(t)), for n = 1,..., M, which we denote in terms of state
vectors, X = (X1,...,Xm)T and Y = (Y4,...,Y;n)T. The aim is to use the Kalman
filter to develop an estimate for the contour state (X (s,t),Y(s,t)). We have assumed
the measurement and estimation noise to be negligible (i.e. a perfect model) in the
actual implementation.

The predict step is based on the assumption that a spline connects the corre-
sponding control points in the consecutive images, and it is then updated using the
measurement, which is by reference to a visual feature, (X;(s,t),Ys(s,t)). This fea-
ture is found by looking for the maximum gradient (i.e. edge) in the vicinity of
(X (s,1), Y(s, t)), by searching along the line normal to the curve in that particular
image.

The Kalman filter can then be described by:

X 2 -
% <X> - (f)‘) + K(X; - X), (3.15)

where K(t) is the Kalman gain matrix, defined in terms of the measurement

process P(t) = E[(X — X)(X — X)7] of the current estimate:
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Motion effects do not appear to be problematic in the datasets provided to us
by the Churchill Hospital, and the colorectum stays fixed with little movement for
the duration of the scan. There are no apparent artefacts due to respiratory motion.
If motion were to become a problem, then registration algorithms would need to be
applied as well.

One advantage of the snakes method is that it tracks the outside of the tumour
assuming this is part of the colorectum. This is due to the relatively similar intensities
of the tumour and colorectum. Although this is not entirely accurate, anatomically
speaking, it is useful when it come to segmenting the mesorectum and searching for
lymph nodes, as it will exclude the tumour region from the search.

If we were required to segment the tumour as a separate section of the image then
a method that incorporated texture information would be required. The texture of
a region gives a lot of information about what type of tissue it is, so incorporating
this into a tracking algorithm would be helpful. Cootes and Taylor use this idea
to incorporate texture information into their active appearance models [24]. This
would be particularly helpful when looking at the primary cancer, as, although its
boundary is not always clear, it does have a different texture to both the colorectum
and the mesorectal fascia. Fig. 3.8 shows a tumour in the colorectum, which is hand
segmented in the second image. It can be seen how indistinct the primary tumour
is. It can sometimes require some previous knowledge from the endoscopy or barium

enema in order for the clinicians to know where to look for the tumour.

3.1.4 Summary

The three dimensional representation, if only as a visualisation technique, was deemed
to be very useful by both by the radiologists and the surgeon who are involved in the
project. The accuracy of this representation is sufficient to enable them to visualise
the colorectum, tumour and nodes in three dimensional space. It is particularly useful
to be able to see the nodes in relation to the rest of the anatomy and these can be

placed on the three dimensional image as shown in Fig. 3.9. The method used is fast,
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and these are prime candidates to be cancerous if they are proximal to the primary
tumour. Shape models can be used to find the shape of the mesorectal fascia in the
colorectal images. The mesorectal fascia has a distinctive shape but its boundary is
not always clear.

There is a lot of medical literature on the subject. Martling et al. [60] for example,
highlight the issue of using MRI to look at the mesorectum, which investigates the
prognostic value of pre-operative MRI of the pelvis. They state that if the circumfer-
ential resection margin (mesorectal fascia) is involved (i.e. cancer has spread to this
margin either by extension of the main tumour, or involved cancerous lymph nodes)
then the patient is at a higher risk of recurrence. Whether the cancer has spread this
far is usually indicated by the pathological findings after a resection, but Martling
states that pre-operative radiotherapy is in fact more effective than post-operative
treatment, hence there is a need to know this information before surgery. Finally,
Martling concludes that current pre-operative MRI techniques can indicate the extent
of tumour growth with a reasonable accuracy (75% were correct compared with his-
tology). This indicates how useful it would be to be able to segment the mesorectum

and accurately locate the lymph nodes within it.

3.2.1 Theory

Statistical shape models are a different method for aiding the process of segmenting
objects of interest from medical images. The objects of interest usually have a charac-
teristic shape and location relative to other objects in the vicinity. Although the same
clinical structures in different patients do vary they still have the same key features
and location and hence can be identified manually. This process can be automated
using active shape models. The ‘typical’ shape variation is learnt and then fit to new
variations of the same object. There are a number of different methods of finding

shape:

1. Point distribution, active shape, active appearance models (Cootes and Taylor

24]).
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2. Fourier snakes (Szekely [83]).
3. Active contours (described above).
4. Parametrically deformable models (Staib and Duncan [78],[79]).

The Cootes and Taylor method involves fitting a statistical shape model to the
training data. The training data is aligned using the Procrustes algorithm, which
is explained in depth in [24]. Principal component analysis (PCA) is also used to
investigate the shape variation across the training set. The shape model can then
be applied to unseen data, by initially aligning the model with the image (position,
orientation and scale). A search algorithm is used to find the best-fit points in the
region of each point. This is done by looking at the local structure of the image, and
then finding a best fit of the model. One disadvantage of this method is that it is
point based. It looks at the local structure, and may pick out a local jagged edge,
when in actual fact the overall smooth edge is desired (e.g. in the case of segmenting
the mesorectal fascia described here).

Fourier surface models, introduced by Szekely et al. [83], are described by spherical
harmonics. These surface models are elastically deformable and their flexibility is
described by a set of parameters that can be varied to find the best fit on new image
data. The eigenmodes of the parameters are used to define the shape variation across
a number of shapes so that their flexibility can be modelled.

Staib and Duncan [79] use a torus model to define their shape model in three
dimensions by decomposing the surface into sinusoidal basis functions. The surface
finding is then performed as an optimisation using a gradient descent method. The
object being modelled is assumed to have a smooth boundary that is continuously
deformable, and hence a uniform representation of the entire shape is needed. Prior
information is needed to form a flexible bias towards more likely shapes. Staib and
Duncan choose to use a Fourier representation to express their surface that they are
finding. This expresses any object as a weighted sum of known functions, as described

for the active contours above. To express a function X(t), in the interval (a,b), in
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terms of the basis ¢i(t), X(t) = > o, Prdr Where p = f;X (t)pr(t)dt. Fourier
representations are the most suitable because they are concise and not limited to a
particular class of objects. A surface in three dimensions can be described by two

surface parameters (u,v):

x(u,v) = (z(u,v),y(u,v), z(u, v)). (3.17)

Therefore, a basis function of two variables is needed:
¢ ={1, cos(m.u), sin(m.u), cos(l.v), sin(l.v), cos(m.u) cos(l.v),
sin(m.u) cos(l.v), cos(m.u) sin(l.v), sin(m.u) sin(l.v), ..... (3.18)
(m,l=1,2,....)}.

Each function is then represented by:

X(u, 'U) = /\m,l [am,l cos mu cos lv + bm,l sin mu cos lv + (3 19)

+ ¢m, cos musin lv + dp, sin musin lv],

where
1 form=0,l=0

Ang=42 form>0,l=00rm=0,0l>0 (3.20)
4 form>0,1>0

There are then three sets of parameters corresponding to the three coordinate

functions
Pz = {ama bz, Cx, d:c}a (3.21)
py = {ay, by, ¢y, dy}, (3.22)
and
Dz = {aZ7bZ)CZ7dZ}' (323)

These parameters can be used to describe open surfaces, tubes, and closed surfaces
from the torus representation. An objective function is then used to find the boundary

of a new occurrence of the surface. This is done using a boundary measure, b, such as
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the gradient function of the three dimensional image. An energy function is defined

based on the previous data (training sets) and the boundary measure. It is given by:

M(b,p) =1nPr(p 202//[b z(p, u,v),y(p,u,v), 2(p, u,v))|dA, (3.24)

where dA = @ X —|d9d¢ The method of conjugate gradient descent is then
used to optimise this energy function [79].

This method uses the idea of incorporating the current knowledge of the dataset,
from the data being segmented, along with prior knowledge of similar datasets of
similar anatomy. The method is also less sensitive to broken boundaries, compared
with using snakes. The paper displays good results for segmenting medical image
data, specifically in the case of cardiac MRI. The main disadvantage however is that

to make the method as effective as possible, a large training set is required.

3.2.2 Implementation

The mesorectal fascia can be seen in Fig. 3.10, segmented manually using the commer-
cial software RevealMVS™ provided to the project by Siemens Molecular Imaging
(formerly Mirada Solutions Ltd.).

The size and shape of the mesorectal fascia varies widely between patients, hence
is difficult to define. Shape models use datasets in order to learn the probable shape
of the image. They then provide a first estimate of the shape and use this along with
new image data to find an accurate estimate. Shape models therefore need a training
set of one or more sets of images and then unseen data on which to try the algorithm.

The method for finding the mesorectal fascia can be broken down into three steps.
These are: finding a coordinate frame of reference for the dataset in which to place

the shape model; defining the model itself; and finally optimizing the parameters.

Coordinate frame of reference

Since the colorectum can be modelled in a straightforward way by extracting infor-

mation directly from the image, so too can other distinct features in the image. The












3.2 Shape Models 65

and P"(x) are the associated Legendre polynomials:

m m 2m2dm (_1m) 2\m/2
Pa) = (-1 (1~ )™ Pi(a) = (1 - o)

. 1
since P(z) = z47(2® — 1)\,

The coefficients are calculated using a least squares method:
C = (BrB)™'BTX, (3.31)

where C' = (§,¢;", 2, .07, X = (19,11, s Ly, 1) a0d b jm) = Y™(6;, &5).

These equations can be used to find the coefficients of a Fourier surface when a
number of points on the surface are already known. To find a model based on the
colorectal cancer data a ‘leave-one-out’ strategy was used in order to train the model.
That is, a model was derived from all but one of the datasets, and then tested on the
dataset that was left out. The algorithm was run ten times. Each time it was trained
on 9 datasets, and then tested on the tenth.

The model was produced by fitting a Fourier surface to the points on each training
set, having normalised them based on position (from the first estimate calculated using
the hip and coccyx positions), and scale (calculated from the radius of the inscribed
circle of this first estimate). The mean of the parameters is then found in order to
describe the model shape based on all the training sets.

This model can be translated and scaled onto the dataset being tested to give a
‘first guess’ of the surface. This is based on the proposal by Szekely et al. [83], that
uses prior shape information from new image using geometry of the anatomy. An

optimisation method can then be used to improve the surface description by altering

the coefficient values.

Optimisation: Conjugate Gradient Method

A gradient descent optimisation method was implemented as proposed by Staib and

Duncan. This method minimises the objective function from Eqn. 3.24, such that
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OM  O0lnPr(p // [|ba:y 8_)()(@_}_
op,  Op, 202 ' 0 04 (3.32)
N alb(a:,y, )| 0z(p, 0, ) 8x 8x” d0ds '
Ox op, 1)) ’

and similarly for y and z. The parameters p in this case are the coefficients of the
spherical harmonics.
The gradient descent method works using the following the steps where f(z) is

the objective function M. Consecutive steps following the conjugate directions are

found i.e. d;Hd; = 0,Vi # j, where H is the Hessian.

1. Choose x,, which is the first guess of the coefficients found using the patient-

centric coordinate system. Compute:

H(x,) (Hessian), and

did,
~ THx)d,

2. Determine x; ., = x; + axdy, V f(%441) and H(x,,,).

3. Evaluate:
2
VX))
Bi = [ Vi) ] )
dk+1 = _Vf(§k+1) + ﬂkdk,

gfﬂ-l Vf(Xgi1) .
dk+1H(Xk+1)Qk+1

Qk+1 =
4. Repeat from step 2 until convergence.

This method converges linearly: ||x,,; — x*|| = 8llx, — x*||.



3.2 Shape Models 67

Final Algorithm

The implementation of both the simple and complex methods took the following form:
Points on the mesorectal fascia were selected and these made the basis of the training
shape. A completely new, unseen data set was then used, and the mesorectal fascia

position was predicted in the following way:

1. The geometric centre of new images was found using the hips and coccyx in the

same way as described above. The radius of the inscribed circle was also found.
2. The shape model was calculated using the normalised training data.

3. The shape model was then fit to the new dataset, using the new radius (scale
factor) and centre point, and also by varying the parameters (as described

previously) to find the optimum.

3.2.3 Results and Discussion

The result from the initial simple method using just two parameters was almost
identical to the first estimate, indicating that the first circular estimate is in fact very
accurate. However, using just two parameters does not take into account the whole
three dimensional shape of the mesorectum, and is therefore only useful as a rough
estimate. This estimate however is quite robust.

In order to more accurately segment the outline of the mesorectum, the complex
shape model was required, with more varying parameters, using Fourier surfaces. A
Fourier surface fitted to one of the sets of data can be seen in Fig. 3.13. It can be
seen that the Fourier surface (2nd order) gives a smooth and accurate estimate of the
shape in 3 dimensions.

Ten datasets were tested using the ‘leave-one-out’ strategy. The pre-treatment
scans were used. A Fourier surface was fitted to each dataset, and the mean of
the parameters was calculated to give the shape model. This shape model can be
seen in Fig. 3.14. This model can then be seen having been scaled and translated

onto the test dataset in Fig. 3.15 to give the first estimate of the mesorectal fascia.
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of the same order as that of comparing outlines by two different radiologists. Hence
this first estimate of the position of the mesorectum gives a robust outline such that
we now know where to look for the lymph nodes in the image. Lymph node detection

is described in detail in the next chapter.



Chapter 4

Node Detection and Analysis

The diagnosis of lymph nodes for colorectal cancer is crucial in making patient man-
agement decisions. The number of involved lymph nodes affects the staging, and
hence the prognosis of the patient, and the location of the nodes is also important
to know: if there are lymph nodes close to the circumferential resection margin then
the likelihood of recurrence of the disease after surgery is greatly increased. Hence,
the number and locations of lymph nodes affects the decision as to whether to give
the patient downstaging chemo-radiotherapy prior to surgery.

Lymph nodes can be very small and difficult to detect on MRI scans. They
can also be confused with blood vessels that can be of a similar size and shape in
two dimensional slice images. The aim is to differentiate between the nodes and
the blood vessels, and this will be done by utilising the entire three dimensional
MRI dataset. In principle, when viewed in three dimensions, the lymph nodes are
approximately spherical, whereas the blood vessels are tube-like structures, hence
should be easily distinguished. However, in practice, this is rather more difficult due
to the non-isotropic sampling of the MRI data. The lymph nodes are usually situated
relatively close to the colorectum, and are within the mesorectal fascia (the area of
fat surrounding the rectum). Since the boundaries of the colorectum and mesorectal
fascia have already been determined by segmentation, the search region for the nodes
is defined. A region of interest model is therefore incorporated into the search for the

lymph nodes, as well as a probabilistic model based on the clarity of nodes in the

7
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to work on many types of images as a segmentation method [58]. The method is
described in this chapter, and applied for general segmentation of colorectal cancer
images. A refinement is then described for detecting lymph nodes and finally, these

lymph nodes are analysed according to radiological criteria.

4.1 Anti-Geometric Diffusion for Image Segmen-
tation

A fast and noise robust segmentation of medical images can be acquired using anti-
geometric diffusion. If followed by a merging algorithm, it can be used to find areas
of constant intensity within an image, as well as to find particular features of interest.

The method is described in detail in this section

4.1.1 Anti-Geometric Diffusion and the Heat Flow Equation

Anisotropic diffusion is a common method for smoothing along image boundaries
and was used as a pre-processing step for the bias-field removal in colorectal MR
images, described in Chapter 2. It is particularly useful for de-noising images, but less
effective for segmentation. However, by diffusing the image in the opposite manner,
that is normal to the edges, then regions on opposite sides of the edges can be easily
discriminated.

Edge directions are related to tangents of the iso-intensity contours on an image,
Fig. 4.2. The direction normal to the iso-contour is defined by 7, and £ is the tangential
direction. These directions can be written in terms of the first derivatives of the image

I, and I:

Lz, 1)
n= W, (4.1)
¢= Ulvls) (4.2)

VIZ+TT

Since n and £ are orthogonal,
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S

n

Figure 4.2: Normal and tangential directions of iso-intensity contour.

I
% = V.(VI) = I + I, (4.3)

which is the linear heat equation for (¢, 7, t).

If we omit the normal component and diffuse only in the tangential direction,
then we have the geometric heat flow, as described previously. However, if we omit
the tangential component and diffuse in the normal direction, then we have the anti-

geometric heat flow, which is given by:

ol 21, + 21,11, + Iy2[yy

5 IZ 15 (4.4)
This can be extended for three dimensional volumes:
ol VI VI
— = (=) V(=) 4.5
o~ er Y e (45)

where V21 is the Hessian.
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4.1.2 Classification

In order to use this diffusion to perform a segmentation, we can classify the pixels
during the diffusion process. In the first few iterations of the diffusion only those pixels
near the object boundaries change significantly, yielding a confident classification as
locally light or dark, depending on their diffusion behaviour. As diffusion continues,
pixels further away can be classified. The more the image is diffused, the more likely
that smaller features are lost, and hence the diffusion allows for a fine-to-coarse scale
classification.

A short diffusion finds the well defined edges of most interest quickly, but leaves
many pixels unclassified. The diffusion is run in this manner and then all the pixels

are classified into three groups:

1. Pixels that increase significantly in intensity.
2. Pixels that decrease significantly in intensity.

3. Pixels that do not change significantly.

Each class of pixels is considered equally, and pixels are grouped into regions of
adjacent, similarly classed pixels. Each of these connected regions R; is given a unique
class label i. This results in an oversegmentation, and hence the next stage for the

segmentation is to merge similar regions.

4.1.3 Region Merging

Each region R; has a mean intensity p;, and from this we can measure the segmenta-
tion error, E = Y, E;, where E; = 3 (I — p;)?. The error will normally increase if
we merge two regions R; and R; to give R;; = R; U R;, and replace the means by p;;.
The change in error is AE;; = E;; — E; — Ej, where E;; = Rij(l — pij)?. Therefore
a sensible criterion for merging R; and R; yields the smallest increase in AFE;;.

This merging can be repeated as many times as required or until there is a signif-

icant jump in AE;;. A stopping criteria is required to suggest a number of iterations,
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and an irregular border. Using all of these criteria together would therefore reduce
the number of false positives. Of course, it is also important not to diagnose false
negatives, so we have developed a criterion that gives us an estimate of the probability
of involved nodes, whilst still noting the positions of all the lymph nodes we find, even
if they are thought not to be involved.

This classification is carried out using a series of different criteria, based on what

we have learned from the collaborating clinicians about lymph nodes:

1. Size - Lymph nodes are small.

2. Intensity - Lymph nodes have a predominantly low intensity on T2-weighted
MRI.

3. Heterogeneity - Involved lymph nodes often have a heterogeneous signal, that

is visible as bright spots within the node.

4. Boundaries - Involved lymph nodes usually have irregular and indistinct bound-

aries.

5. Connectivity - Lymph nodes are usually only visible on a maximum of 3 slices,

whereas blood vessels trace through a larger number of slices.

6. Shape - Lymph nodes are spherical.

4.2.2 Training and Likelihood graphs

Radiology reports from 10 datasets, pre- and post-chemo/radiotherapy were taken
and the criteria for diagnosing the nodes were analysed. These reports contain both
the conclusions that the radiologists arrived at in their diagnoses and their reasoning.
A series of probability graphs, based on Gaussian distributions were drawn from this
information so that we could numerically estimate the likelihood that any given region

was in fact an involved lymph node.
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Figure 4.7: Probability that a node is involved given its size.

Clinicians’ analysis of likely nodes is much more qualitative than quantitative,
hence obtaining statistical measures of the likelihood of involvement of lymph nodes
is not straightforward. A typical analysis of lymph nodes in an image is as follows:

“There is a 5 mm mesorectal lymph node laterally on the left and other smaller
posteriorly placed mesorectal nodes. At this size they are indeterminate.”

The first criterion we analysed was the size. Lee et al. [55] and Brown et al. {15]
both acknowledge that large lymph nodes can be a sign of malignancy and over 60%
of involved nodes are 4mm diameter or greater, that is they are made up of 70 pixels
or more.

Using the size of lymph node data from Brown et al. [15], we plotted the distri-
bution of size of malignant lymph nodes and found that it fit a normal distribution,
using the Jarque-Bera test [45] from the Matlab Statistics toolbox. Directly from
this we allocated a Gaussian probability graph relating the size of lymph nodes to
the likelihood of malignancy, and this can be seen in Fig. 4.7.

However, having noted that size does not by itself provide a sufficient criterion,
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Figure 4.8: Probability that a node is involved given its mean intensity.

we then looked at the mean intensity of the node. Lymph nodes appear with low
intensity on MRI and are distinctive against the high intensity fat where they are
located. Using mean intensity as a criterion helps to root out any small regions that
are perhaps due to the tumour itself, or just texture within the fat. We investigated
the mean intensities of each of the regions picked out from the radiology reports as
being lymph nodes. The shape of the histogram followed that of a normal cumulative
distribution, and this can be seen in Fig. 4.8.

We looked very closely at the heterogeneity of the lymph nodes, since cancerous
nodes often have bright spots within them due to the chemical composition of the
tumour compared to that of normal lymph nodes, [52]. The boundaries of involved
lymph nodes are often irregular and not distinct in shape, so this adds to the hetero-
geneity of the region, and as such the edge pixels are often different intensities to the
rest of the region. These effects can be seen in Fig. 4.9. We can look at the overall
heterogeneity of the signal by taking the standard deviations of the mean intensity
within the node and the likelihood due to this criteria is shown in Fig. 4.10.

The connectivity of regions across a series of slices was analysed, as it is easy to
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4.2.3 Node Analysis

The size and intensity criteria are used initially to filter out larger and high intensity
regions, so only regions that are of a low intensity and have a size of 2 - 12mm are
considered.

The data structure for each region is then used to derive a probability that any
given node is involved. As described above, the data structure contains information
on the region’s intensity and size. Eccentricity and position can be easily added to this
structure and from these we can also calculate the heterogeneity and the connectivity.

Given a probability based on each criterion, an overall probability that any given

region is an infected lymph node is then given by:

Pr(node) = Pr(node/I) * Pr(node/S) * Pr(node/H) x Pr(node/E) * Pr(node/C),
(4.8)

where Pr(node) is the probability that any given region is an involved node,
Pr(node/I) is the probability of a node given the intensity, Pr(node/S) is the prob-
ability of a node given the size, Pr(node/H) is the probability of a node given the
signal heterogeneity, Pr(node/E) is the probability of a node given the eccentricity,
and Pr(node/C) is the probability of a node given the connectivity across the axial

slices [6].

4.2.4 Visualisation

The overall probability is depicted for the small, low intensity regions using a red to
blue colourmap. That is, those regions that have a high probability of being involved
are coloured in red; and those that have a low probability are coloured in blue, Fig.
4.14. We indicate these probabilities on the MRI scans by circling the regions in their
respective colour. Two examples of this can be seen in Figs. 4.15 and 4.16.

One of the most commonly encountered problems in detecting lymph nodes is to
be able to differentiate them from blood vessels, that often look very similar on a

two dimensional scan. By just taking the connectivity criterion into account, we can


















Chapter 5

Registration

As part of the treatment of colorectal cancer, currently 65% of patients are given
courses of chemotherapy or radiotherapy. This is particularly likely to be the case if
the patient has suspected involved lymph nodes within the mesorectum. Chemother-
apy and radiotherapy serve the purpose of reducing the size of the tumour, as well as
shrinking any involved lymph nodes by killing the cancer cells within them. This, in
turn, serves the purpose of reducing the risk of metastatic disease. Since both nodal
involvement and tumour size often decrease, so does the assessment of tumour stage,
so that pre-resection chemotherapy is often referred to as down-staging chemotherapy.
Chemotherapy and radiotherapy always cause dramatic changes in the anatomy. The
body’s defence mechanism against tumours include swelling by aggregation of fluid in
the area surrounding the tumour (adenosis), and this is much reduced by the treat-
ment. It is very difficult, therefore, to match up the images pre- and post-treatment,
motivating the need for registration. After treatment, further patient management
decisions need to be made as to whether or not to proceed to surgery. Surgery would
be unnecessary if the tumour had all been killed, and since many of the patients are
elderly, surgery is not always a desirable option. High Intensity Focussed Ultrasound
(HIFU) is increasingly an option for treatment of cancers, especially in Oxford. This
involves the use of a machine that gives off high frequency sound waves. These waves
are focussed to deliver a strong beam to a specific part of a cancer, in order to kill the

cancer cells [29]. Many trials are currently underway into the use of this treatment
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5.1 Validation

Reviewing the success of non-rigid registration algorithms is not a straightforward
process, and many of the papers in the literature use differing methods. A review
of some of these methods is provided by Crum et al. [26]. Often, there is no right
or wrong answer, since the result depends greatly on exactly what we are registering
and the required outcome of the registration. For example, if we are registering two
healthy patients to each other we may require a perfect match across the entire image;
but if we are registering a diseased patient to a healthy one, we will want to be able to
see and quantify what the differences are. As such, we need to take into account what
it is we are registering before we can validate whether or not the algorithm ‘works’.

Some common validation measures are described below.

5.1.1 Statistical Measures

A number of statistical measures have been proposed which measure the correspon-
dence between the registered source image and the target image. These can be based
on intensity if the images being registered are both from the same modality [75], or
can use other measures such as local phase [64]. These statistical measures vary in
complexity, from using the maximum difference errors, or sum squared errors (SSD),
to more complex measures such as correlation coefficients (CC). The SSD is defined

as:

55D = ~\/S (U@ v, #,10) — 1(T(a,9,2),0)? (5.1)

while the CC is defined as:

o0 = 2 Uy, 2 to) — I(to))(I(T(x,y, 2), t1) — I(t1))
\/Z Iz y, 2 to) — ()2 S (I(T(x, v, 2),t) — I(ty))?

In this equation, I(fo) and I(t1) denote the average intensities of the image before

(5.2)

and after the treatment, respectively.
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Inverse consistency measure, and transitivity error [39] can also be used as statis-
tical measures of validation to ensure that the registration results are both plausible
and sensible.

These validation methods are useful when there is a definite correspondence be-
tween the two images, but are considerably less useful when we are looking at images
that may have changed significantly due to patient differences, differences in disease,

or, in our case, differences over time due to treatment.

5.1.2 Simulations and Phantoms

Simulations provide a very helpful way to begin to validate registration results. A
‘typical’ warp field is often applied to the dataset, such that the original or ‘ideal’
image result is known. This is then a ‘gold standard’ correct answer that can be used
to compare to. By comparing the calculated registration result to the ‘gold standard’,
the statistical methods can be used to provide an indication of performance.

Phantoms provide a similar method of validation in that the ‘gold standard’ is
known. A phantom is an object that is scanned and looks similar is some way to real
data. However, the structure of the phantom is obviously known, so this information
can be used as a comparison in order to assess the registration algorithm.

Although very useful, such methods are not sufficient, since the registration also
needs to be tested on real data for which the gold standard is not known. In some
cases, simulations and phantoms can be overly simplistic. For example, modeling
tumors or warps as circles that expand outwards in a consistent manner [66] is very
unlikely in real clinical data. Finding an appropriate model for building simulations
and phantom experiments is not trivial and the characteristics of the medical problem

need to be modelled in an intelligent and well thought out manner.

5.1.3 Fiducials

Fiducials are often used to provide markers by which the results of registration can

be monitored. Such fiducials can be physical implants which will show up clearly
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on the imaging modalities being used. Differences and errors in their locations after
registration can then be calculated.

However, in practice this is rarely possible, and so distinctive point features within
the images, or on the surface of the object being imaged are used. These are often
anatomically significant features and, as such, provide a good method of validation.
They also have the advantage of being specific to the individual being treated. How-
ever, such features do need to be chosen carefully as those features with a high entropy
(Section 5.3.1) are more likely to be successfully aligned by an algorithm, whereas
less prominent features may remain misaligned. Therefore, it would be easy to show
an algorithm performing well with this measure when in fact only a subset of very

distinctive points on the images are correctly registered.

5.1.4 Validation for pre- and post-treatment image align-
ment

Taking into account the factors discussed above, we must choose carefully how we are
to validate the registration of the pre- and post-treatment images, bearing in mind
the medical problem we are studying.

A statistical method such as SSD or CC will not be appropriate, as we expect, in-
deed hope, that there will be intensity and shape changes within the images. Textures
of some of the tissue types are also expected to change after treatment, in particular
the fat in the mesorectum is likely to become ‘streaky’ in appearance. We also expect
there to be shape changes in terms of the lymph nodes appearing, disappearing or
changing size due to treatment, and we do not want this fact to count against the
validation of success of the algorithm.

Matching features within the images was therefore seen as the best method by
which to validate the registration. Our shape model uses the most distinctive objects
in the images, hence it would not be a good test of accuracy to use the alignment
of these features. For these reasons we used the alignment of the lymph nodes as

a measure of accuracy. These are features that are very useful to the clinicians in
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rigid registration, the points (z,y, z) will map onto (2’,y’, z’) by the following trans-

formation:
' T Ti2 T3 Il x
/
Y Tol T22 T3 Uy Yy
Trivi = = 5.3
T‘Zgld(x7 Y, Z) Z’ T3] T3s T33 tz P ( )
1 0 0 0 1 1
where t,, t, and t, are translation vector components and 71, - - - 733 are orthog-
onal components.
Similarly for an affine transformation:
x' T a1 012 413 Ut z
Y (] (21 G2 Q3 t Y
Taffine(xa Y, Z) = ! = Tshear-Tscale-Trigid- e = a3; Qs 033 tz p
1 1 0O 0 0 1 1
(5.4)
where ¢, t, and t, are translation vector components and a3, -- az3 are affine

matrix components.

One method of finding these transformations is to use feature-based registration.
This is the method that appears to be most appropriate for registering the colorectal
images, since there are a number of features within the images that may be assumed
to remain in fixed positions despite the chemotherapy and radiotherapy. It is worth
noting at this point that even if rigid/affine registration proves insufficient, all non-
rigid registration algorithms (e.g. Rueckert’s B-spline algorithm [75]) usually start
with an affine registration to ensure that the ensuing non-rigid method begins in a
good starting position.

Feature-based registration requires two stages, feature extraction and feature
alignment. The rigid features within the images can be easily identified as point
features (more details in Chapter 6) and then point-based registration can be used
to align them. The algorithm used for this is the Procrustes algorithm [24], which
performs optimal fitting using least squares, defined as follows.

Given two sets of N corresponding points {z;} and {y;}, the transformation matrix
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that minimises the mean squared distance between the points is found from:

N
1
FRE® = > || Ri +t + will? (5.5)
—

where FRE is the fiducial registration error, R is the rotation matrix and ¢ is the
translation vector.

The algorithm then proceeds as follows:

1. Centre the points

(a) Compute the mean: z =+ SN 7, §=1+57

(b) Centre with respect to the mean: &; =x; — T, i = ¥ — ¥

2. Determine the rotation matrix R by calculating the singular value decomposi-

tion (SVD) of the correlation matrix H.

H= ZZ | EET
H = UAVT where UTU VVT I A= dlag()\l,/\g,)\g) )\1 > )\2 Z )\3.

R =VDUT, where D = diag(1,1,det(VUT)).

3. Determine the translation vector, ¢.

This will give the rigid transformation matrix:

kot (5.6)

0 0 01

Alternatively, the affine transformation matrix can be found by direct evaluation
of three landmark points (features), by direct substitution. However, the points that
are expected to move rigidly within the image are unlikely to be scaled or sheared,

and hence rigid registration will have the same overall effect.
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Three landmark points are the minimum required for the Procrustes algorithm.
However, it is worth validating these 3 points as parts of the anatomy that will
move rigidly. This is done by selecting more than the minimum number of landmark
points and then performing the RANSAC (Random Sample Consensus) algorithm,
developed by Fischler and Bolles [37]. This algorithm will eliminate any outliers and
give an estimate of the error margins in the landmark points. The algorithm works
as follows:

The minimum number of landmark points is n (n = 3 in this case) and there is a

dataset of m landmark points, where m > n.
1. Select n data items at random.

2. Calculate the parameters R and ¢ as described using the Procrustes algorithm

above.

3. Find how many of the other data points, K, fit into this transformation model

within a given tolerance.
4. If K is sufficiently large, accept fit and exit with success.
5. Repeat steps 1-4 L times, where L is related to probability of failure.
6. Fail at this point.

It is unlikely for this application that the RANSAC algorithm will fail, due to
the reasonably accurate placement of landmarks on a small number of rigidly moving
parts of the anatomy. Instead, it will find a good rigid fit within a certain tolerance
and eliminate any outliers in the landmark data points. It can also be used to loop
through all the successful iterations to find the best rigid transformation. From this,
it can be determined how good the best fit actually is, by calculating the number of

outliers for the given tolerance.
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Table 5.1: Node Misalignment (mm) using Affine Registration.
Pa- Misalignment of Lymph Nodes Misalignment of Lymph Nodes after

tient  before registration(Mean £ Std) affine registration(Mean + Std)
1 49.85 £+ 4.71 26.85 £ 7.00
2 89.80 £ 9.03 21.65 £ 9.00
3 25.90 £+ 5.23 15.00 + 3.17
4 13.70 £+ 4.42 16.31 + 4.41
) 38.01 £ 11.79 17.50 + 4.92
6 18.30 £ 5.27 17.66 £+ 4.03
7 69.00 £ 6.05 36.21 £+ 6.14
8 110.90 £+ 13.29 30.00 £ 3.65
9 25.93 £ 11.50 17.34 £ 4.55
10 20.37 £ 7.12 15.63 £ 6.00

landmarks and hence find the best rigid registration. The transformations were found,
and the number of outliers eliminated and the typical misalignment of the lymph
nodes was 21mm, with a mean standard deviation of 5.5mm across the ten datasets,
Table 5.1. The mean number of outliers was 3, and ranged from 0 to 7.

The affine registrations were all performed on the images using the Siemens Molec-
ular Imaging (formerly Mirada Solutions, Ltd) RevealMVS™ software. A typical
result of this can be seen in the Fig. 5.5. Although the rigid points, such as the hips
and coccyx now line up, the rest of the image does not. It can be clearly seen that the
deformation of the bladder, colorectum and mesorectum are too great to be aligned

by an affine transformation.

5.2.3 Summary

The results above show that, in general, the lymph nodes do not align well as a
result of affine registration. They can move as much as 2 cm with the mesorectal
fat on successfully affine registered images (indicated by having 25% (4/17) or less
outliers). Much of this movement is due to changes in the bowel and bladder, as
well as the shrinking of the tumour. This movement is non-rigid, hence its extent
cannot be predicted with sufficient accuracy. Radiotherapy, in particular, causes

many changes in the structure of the area it is focussed on. Finding the best possible
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rigid registration using RANSAC makes little difference to the movement of the nodes.
Although the landmarks align well, this does not cause the nodes to align in the same
way.

The rigidity of the ‘rigidly moving’ landmarks can also be questioned: The coccyx,
for example, can in fact move relative to the hips, depending on the positioning of
the patient lying in the scanner. In practice, the likelihood of this is minimal as the
posture of any given patient within the scanner will not vary that much. However in
cases where this does occur, the nodes obviously will not align well.

Since, despite affine registration, the nodes still do not align well, a non-rigid reg-
istration is required in order to align the nodes in a more effective way, so that the
radiologist can quickly and easily find corresponding lymph nodes in post-treatment
images. There are many methods that claim to perform non-rigid registration. How-
ever, it is important to ensure that as much anatomical knowledge as possible can be
integrated into the method to aid robustness, efficiency and accuracy. An affine regis-
tration using landmarks, though not sufficient itself, does perform a global alignment

of the images, which is a useful step to perform prior to non-rigid registration.

5.3 Non-Rigid Registration Methods

Rigid and affine registration methods have proved to be insufficient to register pre-
and post-chemotherapy and radiotherapy images. Although they may lead to (poor)
local minima [35], they do provide a reasonable global alignment that can be used
as a first step in non-rigid registration algorithms. A number of non-rigid methods
are now reviewed in order to see how effective they are on this dataset. The theory
behind each method is first summarised, then the results on the colorectal cancer

datasets are presented. A prior global affine alignment is assumed for each algorithm.

5.3.1 Theory

Non-rigid registration methods comprise four elements:

1. Image Descriptor: This is usually intensity, but need not be. For example,
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Mellor and Brady [64] have recently advocated the use of local phase as a
descriptor that is well suited to multi-modal image registration. Though Mellor
and Brady did not claim substantial advantages for using local phase for mono-
modal registration (the case here), its use does mean that intensity artifacts

have less effect on the registration, and this can reduce error in the algorithms.

2. Transformation Space: These are based on basis functions and can be rigid,

affine, elastic, fluid, etc.

3. Similarity Metric: This measures the similarity between the apparently corre-
sponding points in the two images. Several different similarity metrics have
been proposed, including cross-correlation, mean squared distance, mutual in-
formation, and the correlation ratio. Mutual Information has been the most
used similarity metric. It maxmises a probabilistic relationship between the
image intensities. The relationship is not explicitly defined but is determined
at least partly by the transformation model and optimisation strategy chosen in
conjunction with the data. It can therefore allow for changes in intensity across
pairs of multi-modal and contrast images [43]. In our case, the intensities change

primarily due to chemotherapy and radiotherapy.

It maxmises a probabilistic relationship between the image intensities. The
relationship is not explicitly defined but is determined at least partly by the
transformation model and optimisation strategy chosen in conjunction with the

data.

4. Optimization Method: This searches for the best transformation to minimize
the similarity metric; methods range from straightforward numerical descent

procedures to highly complex optimization procedures.

Given the intrinsic complexity of medical images and the often substantial non-
linear nature of non-rigid registration, it is not surprising that most algorithms iterate

to find the combination of these four elements that gives the best possible result in
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any given application. Some of the elements of non-rigid registration are described
in more detail below, along with some complete algorithms that seek to combine the

four elements to give an optimum registration result.

Image Descriptor: Phase-based methods

Mellor et al. [64] use local phase for a feature-based registration method. This method
is therefore much more robust to image artefacts, as it is independent of intensity.
The local phase and energy of the image are estimated using the monogenic signal,
which consists of local energy, local phase and orientation. It can be computed as
the output of three filters. The first is a rotationally symmetric, zero mean filter that
gives the bandpass image I, (the even component of the signal). The odd component
is the response of two anti-symmetric filters to the even part. These two filters are

described in the Fourier domain as:

u

Hi(u,v) = T (5.7)
Hy(u,v) = -~ (5.8)

b
Vu? + v?
where © and v are the Fourier domain coordinates. Local phase, ¢, local orientation,

0, and local energy, F, can then be calculated:

Iy

¢(z,y) = tan™ ( N CINEACE Ib)Q), (5.9)
0(z,y) = tan_l(Z; z 2) (5.10)
E(z,9) = /B + (h ® L) + (hs ® I)2. (5.11)

Any non-rigid registration method that maximises the mutual information can

then be used to maximise the phase mutual information.

Similarity Metric: Mutual Information

When registering two sets of images, intensity values are often not the best measures

to use as a basis for comparison. Often, multi-modal images, or images formed
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using contrast-agents are compared and these will have different intensity variations.
Mutual information, originally proposed by Viola and Wells [88], requires no prior
information about the changes between the two datasets, but is based on the idea
that there exists a functional relation between the intensities that is not known.
Therefore, this similarity measure can be useful in the case of colorectal images,
particularly when considering the mesorectal region, where the density changes due to
treatment will cause intensity changes. Registration can be performed by estimating

a transform based on the maximisation of the mutual information:

T = arg max MI(u(z),v(T(z))). (5.12)

Mutual information itself is defined in terms of entropy in the following way:

MI(u(z),v(T(z))) = H(u(z)) + H(v(T(2))) — H(u(z),v(T(2)))- (5.13)

H is the entropy of a random variable and is defined as H(z) = — [ p(z) Inp(z

while the joint entropy of two random variables, x and y, is

H(z,y) = — [ p(z,y) Inp(z,y)dzdy. This may be interpreted as a measure of un-
certainty, variability or complexity. Entropy cannot be found directly using the
above expression but it can be expressed as H(z) = E,(—Ilnp(z)). Then to esti-
mate the entropies, the Parzen windowing technique (for example) can be used such
that p(z) ~ 5 3 ,ca Gu(z — 2;), where Gy(z) = (27)" /2| ¥| 712 exp(— 12T U 1),
and N, is the number of trials. However, it should be noted here that Joshi et al. [46]
found that this is, in fact, not a good approximation to the real histogram, largely
because of the partial volume effect, discussed in Chapter 2.

Next, the statistical expectation is approximated with the sample average:

E(f(2) ~ 5= D f(=). (5.14)

An approximation for the entropy of a random variable can now be written as:
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Z ln — Z G(z (5.15)

z1€B zJ €A

In order to find the maximum of mutual information, the derivative of the entropy

is calculated with respect to the transformation parameters 7'

iy rg-1.4
at Z D Walzi, 2) (2 — 7)) ¥ 27 (%~ %), (5.16)
zzeB 2;€A
where W, (2, z;) = szii(g;('z )_Zk) is between 0 and 1.

The derivative of the mutual information is also required to find the maximum of

the M1, and this is defined as:

d d d

—1 = - — T 5.17
2 (@), v(T(2))) = - H((T(2)) — ZnH(u(@), v(T(2))) (5.17)

An estimate for this can be obtained as:

d
1 -1
dT NB Z Z [W ’U,,’UJ)\IJ — Wuv(wi,wj)lllw E-T(’U, - ’Uj), (518)
z,€EAz;€EB

where the weighting factors are defined as W, (v;, v;) = = i‘i”c(;;f (I;jz ) > and

W (Wi, wy) = Zxkii@éiwu:(zjzwk), and u; = u(z;), v = v(T(z;)), wi = [w;, v;]7T.

A stochastic analog of the gradient descent algorithm [56] is then used to find
this maximum of the mutual information, and this will converge at the optimum

registration.
Algorithm: B-Spline Algorithm

Rueckert et al. proposed a non-rigid registration method whereby the global motion
is modelled by an affine transformation and the local deformation is modelled using
free-form deformations (FFDs) based on B-splines. FFDs are a common technique
used in computer graphics for modelling three dimensional deformable objects, and

can be described by an n, X n, X n, mesh of control points ® with spacing 4, x &, x d,.
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The combined transformation is given by T(x,y, 2) = Tyiobat(T, Y, 2) + Tiocat (T, Y5 2)-
The global transformation is the affine part, described previously, and the local trans-

formation is then given by:

Tlocal .’L‘ Y, 2 Z Z Z Bl ( )¢i+l,j+m,k+m (519)

where i = | Z] -1, j=|X]-Lk=[Z]-Lu=2—-[F],v=:>— [£],

w=Z — | Z]|, and B, is the I"* basis function of a B-spline,

Bo(u) = (1 —u)*/6
Bi(u) = (3u® — 6u® +4)/6
(5.20)
By(u) = (=3u® + 3u® + 3u+1)/6
Ba(u) = u’/6

The control points ® act as the parameters of the B-splines and the degree of non-
rigid registration depends on the resolution of the mesh of control points. Rueckert
proposes a hierarchical multi-resolution approach where ®!,..., ®L are a hierarchy
of control point meshes. Therefore, each control point mesh and its associated FFD

defines a local transformation at that resolution such that:

T‘locaI x y) Z,I}ocal x y) (521)

To constrain the spline based FFDs to be smooth, a penalty term is introduced

that regularises the transformation. In three dimensions this is:

o= [ [ [ (52 (22

82T 2 82T \2 82T \2 (5:22)
+2( )+2( )+2( )}dmdydz

O0x0y 0x0z Oyoz

where V is the volume in the image domain. Note that C,,,,0 is zero for an affine

transformation, therefore only penalises non-affine transformations. Rueckert et al.
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use normalised mutual information as the similarity criterion instead of intensities,
as intensities can change depending on circumstances (for example if a contrast agent
is being used). If the images are aligned, then the normalised mutual information

between the two images A and B is maximised:

H(A) + H(B)
H(A,B)

An optimisation is used that minimises a cost function associated with the global

Csimila’rity(Aa B) = (523)

transformation parameters (©) and the local transformation parameters (&),

C(ea (I)) = _Csimilam’ty(l(to), T(I(t))) + /\Csmooth(T)y (524)

where ) is a weighting parameter that acts as a trade-off between alignment and
smoothness of the transformation. This weighting is usually determined experimen-
tally. An iterative technique such as the gradient descent algorithm is then used to

find the optimum non-rigid transformation.

Algorithm: Adaptive Registration using Local Information Measures

Park and Meyer [66] use an adaptive registration method whereby control points are
only added where they appear to be needed. They use Thin Plate Splines (TPS)
to model the deformation field. These splines are placed on ordered pairs of control
points on corresponding loci of the two datasets that are being registered. Assuming
that = denotes the reference coordinates, and =’ denotes the homologous coordinates,

and that there are N control point pairs, then the formulation of the TPS is:

T(z) =ap+ aiT+ Z w;U(ry), (5.25)

i=1
where r; is the Euclidean distance between z and z;, ag and a; are the affine

parameters, w; is the warp coefficient and U(r) is the basis function,

U(r) = {r2 log(r?) in 2D, (5.26)

7| in 3D.
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Mutual information (MI) is used as the similarity measure, so that for the two

datasets A and B,

MI(A,B) = pl(a,b)log,(p(a,b)/p(a)p(b)) (5.27)

where p(a) and p(b) are marginal densities of A and B, and p(a,b) is the joint
density.

The goal of the Park-Meyer algorithm is to increase the DOF selectively in the
required regions, these regions being identified using the local mismatch measure.
Local areas of interest for grid refinement are those with a high local entropy and low

local mutual information. The normalised measure of mismatch, M, is defined:

MI(a,b)
min(H (a), H(b))

All the local measures of MI and H are computed over a finite sub-block and not

M=1-

(5.28)

the whole dataset.

The algorithm solves for the registration transformation iteratively by adding one
control point at a time to the previous geometric solution using the local mismatch
measure M. An affine registration is first applied to globally align the images, then
a sparse set of control points is used to initialise the registration. The location with
the maximum mismatch is identified and a control point is added at this location.
The control points are optimised to maximise the global MI, and then the process is
repeated iteratively until the global MI increase is greater than some threshold. The
mismatch measure can detect deformations reliably for those whose regions of effect
are similar to the size of the sub-block. Hence the sub-block size has to be chosen
carefully.

One of the main features of this algorithm, compared to that of Rueckert et al.
[75] is that the number of control points remains small. In Rueckert’s algorithm, the
number of control points can increase by 2" (where n is the number of dimensions) at
each scale. The net effect for Park-Meyer’s algorithm is a deformation grid in which

several different scales are presented in a single grid.
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Algorithm: Adaptive Bases Algorithm for Intensity-Based Non-Rigid Reg-
istration

Rohde et al. [74] use spatial adaptation in order to reduce the number of degrees
of freedom by introducing a number of different concepts. First, they use radially
symmetric basis functions rather than B-splines. Second, they use a new metric
to identify which regions are poorly registered. Third, they partition the global
registration problem into several smaller ones and finally introduce a constraint that
ensures the transformation is topologically correct. They perform registration by
building the deformation field incrementally, region by region, and hence can focus
on the misregistered regions. The total deformation field v(z) is modelled as a linear

combination of basis functions irregularly spaced over the image domain:

v(z) = Z ¢®(z — ;). (5.29)

Wu’s compactly supported positive definite radial basis functions [91] are used:

]l

®(r) = p(—=), z € R?, (5.30)

where d is the dimension, ¢(r) = (1 — r)4(3r® + 12r%2 + 167 + 4) for r > 0, where

(1 —7)y = max(1 —r,0), and s is a scale parameter.

An iterative multi-scale and multi-resolution approach is used. The resolution is
the spatial resolution, and the scale is related to the transformation, and hence to the
bases’ region of support. The registration is initialised on a low resolution and then
iteratively progresses to finer resolution and smaller scales. The final deformation is
given by:

v(z) = vi(x) + ve(x) + ..... +vp(2), (5.31)
where M is the total number of levels.

The next stage is to develop the local measure of misregistration. When the

algorithm moves from one level to another it places basis functions on a regular grid
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and models the deformation field:

m—1

d(z) =z + Z ve(x) + Z c,@(% — k), (5.32)

k=1 i=1
with k; = % where z; is the position of the basis function.

Then the gradient G of the cost function of Normalised Mutual Information,
NMI(A(z), B(d(x))), is calculated and used to determine which regions in the images
A(z) and B(z + Y7 vr(z)) are most likely to be misregistered at the current level.
G is evaluated and then the individual components are ordered according to their
magnitude ||G;||. The centres of the regions of misregistration z; are chosen as the
locations of the basis functions for which G; is above the selected threshold.

Local optimisation of the area surrounding each of these locations is performed to
build the local deformation. The methods of gradient descent and quadratic interpo-

lation are applied to the area of basis functions under the following cost function:
F(A(x), B(z'), 2"), (5.33)

in which 2’ = z + 31 k(%) + Um () and vn(z) = ijl S22 c®(z —x)). Jis the
number of regions of mismatch. The optimisation is conducted one region at a time.
Constraints are also included to ensure that there is no folding and the deformation

is topologically correct. More details can be found in [74].

Algorithm: Fluid Registration

Crum et al. [27] implement Normalised Mutual Information (NMI) as the driving
method for a fluid registration framework. They define derivatives for MI, NMI and
Joint Entropy (JE) by considering point perturbations of the displacement vector
field. These give the gradient vector at each voxel which indicates the direction which
will give the greatest increase in similarity measure. These gradients are then used
in fluid registration, [20]. Fluid registration allows large magnitude deformations in
the vector field transformation, whilst still constraining it to be smooth. Smoothness
is guaranteed by constraining the transformation based on a Stokesian limit of fluid-

dynamical Navier-Stokes equations. The optimisation problem is formulated over
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a space-time continuum that takes into account the path of the deformation. As
such the relaxation of stress with time means that large magnitude deformations do
not necessarily induce large penalties. Instead large penalties are the result of rapid
distortions of the underlying continuum, and an infinite penalty is the result of any

discontinuities in the deformation.

Commercial Software

A method using block matching is used in commercial software such as RevealMVS™
produced by Siemens Molecular Imaging, formerly Mirada Solutions, Ltd. Therefore,
it is worth comparing the effectiveness of this software to perform non-rigid registra-

tion.

Open Source Methods

The Insight Registration and Segmentation ToolKit (ITK) is an open source software
system designed to integrate different registration methods for different applications.
It enables registration algorithms to be built easily using already tested routines,
and as such enable the software system to be extended. It includes many different
algorithms, including finite element methods. It also includes routines to calculate the

similarity measures such as Mutual Information and Normalised Mutual Information.

Other Methods

The methods described above are a judicious selection of the leading non-rigid regis-
tration algorithms available. Many more algorithms have been proposed, for example
those that deal with specific registration issues such as partial data [67], and so on.
However those algorithms outlined do provide a good and varied cross-section of

current state-of-the-art methods.
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5.3.2 Applying Non-rigid Registration to Colorectal Cancer
Images

Experiments were run on the colorectal datasets to give an overview of the effective-

ness of the currently available non-rigid registration algorithms on this data:
1. Rueckert method, with B-splines and MI.
2. Park-Meyer method, adaptive registration.
3. Fluid method, using NMI.
4. RevealMVS™,

5. ITK.

The results for each method will be shown visually, and also by comparing the
error in node positions (in mm) between registered pre- and post-treatment. The
original pre- and post- data was shown previously in Fig. 5.1. They are viewed in two
dimensions, although they are three dimensional datasets and the actual registration
is performed in three dimensions.

The results of a typical application of Rueckert’s algorithm can be seen in Fig. 5.6
which shows the warped image computed by the algorithm. It seems that the key issue
is that the algorithm analyses entropy at a single scale and equates signal complexity
with ‘interesting features’ that drive the registration. However, the area that is of
most clinical interest (the mesorectum and colorectum) are the image regions that
are the least varying, most bland. The algorithm appears to find, at a coarse scale,
points that are locally complex (high entropy) but which are of no clinical interest.
These erroneous matches are then largely preserved as the grid of control points is
refined. Hence, features of interest are misaligned by typically 30mm, and in four out
of ten cases, the corresponding nodes are impossible to identify.

Park and Meyer suggested using a mis-match measure [66] in order to determine
those areas of the image which (in the current iteration) seem to be maximally mis-

aligned. The mismatch measure for two images in the data set was calculated and
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Crum et al. [27] proposed a fluid non-rigid registration algorithm. The results
were analysed by looking at the difference image between the target image and source,
and then the target image and the warped source image. In difference images the
misregistered areas are identified by bright and dark areas, so that a perfectly aligned
image would everywhere have the same gray-scale value. The original difference
image between the target image and the affinely registered source image can be seen
in Fig. 5.9. The difference image in Fig. 5.10 shows the difference when the source
image is warped using Crum’s method and an intensity-based similarity measure. It
can be seen that this is better than the simple affine registration. Finally Crum’s
algorithm was run using Normalised Mutual Information as the similarity measure,
and the difference image is shown in Fig. 5.11. This gives an improvement in the
registration over just using the intensity-based similarity measure. However, although
the peripheral areas of the dataset are well aligned, the central mesorectal area is still
mis-registered, with features of interest misaligned by typically 7mm. This behaviour
is similar to the effect of Park and Meyer’s method which first attempts to register the
area of greater entropy. Registration failures occured on two out of the ten datasets.
That is the registration was not improved at all from the affine initialisation, and in
two cases the result was worse.

When the RevealMVS™ software is used to perform a nonrigid registration sim-
ilar to that of block matching, the result in Fig. 5.12 is obtained. The algorithm fails
in a similar way to that of Rueckert as it picks out false matches for areas of high
entropy, causing an overall incorrect registration. Although the effect is not warped
to the same extent, the failure mechanism is essentially the same. The difference
image can also be seen in Fig. 5.13 which shows the extent of the mismatch. The
large differences in the source and target image after it has been aligned means that
the nodes do not align (this can be seen on the difference image). The misalignment
distance of the nodes can be typically 7mm, with complete failures to register on

three out of ten images.
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Table 5.2: Node Misalignment Comparison.

Registration Node Misalignment Distance (mm) Failure rate (%)
Affine registration 21 0
B-splines 30 40
Adaptive registration 9 30
Fluid registration 7 20
RevealMVS™ 7 30
ITK 10 20

A summary of the node misalignments and robustness for all these methods can

be seen in Table 5.2.

5.3.3 Summary

The first method by Rueckert et al. was seen to be unsuccessful on the colorectal
images. Analysis of node positions was not required to validate this as it can be
clearly seen that the image volume is mis-registered. Due to the large changes in this
region from the treatment, Rueckert’s method, despite using mutual information, fails
to match up the correct areas in the volume. The changes are too large to be guessed
by a simple coarse to fine grid scenario.

The Park-Meyer method fails to register the images, essentially for a similar rea-
son. The areas it detects as those with the greatest mismatch are not the areas
that we are interested in registering, and hence the wrong regions are matched up.
This method is ideal for images where there are small localised changes, but in the
colorectal images post-treatment the changes are large and span the whole image.

The Crum method worked well in registering the areas of the image volume that
were not affected by the treatment. However the central mesorectum area was mis-
registered due to the large changes caused by treatment and the absence of strong
edges in this region. Running this method with both intensity-based similarity mea-
sures and NMI did indicate that NMI is a better measure to use for these images.

The non-rigid registration implemented in the RevealMVS™ software also fails

to correctly register the images. Again, incorrect regions are ‘locked’ together and
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hence the registration does not align the images. The difference image clearly shows
the extent of mis-registration present even after the algorithm has been run. Likewise
using ITK and the method of local affine registration also fails to register the images
correctly.

Although the registered images acquired using the above methods look quite dif-
ferent visually, their failure mechanisms are very similar. They match regions together
that are not equivalent due to the large changes in the images pre- and post-treatment,

and as such are not robust.

5.4 Scale Saliency

None of the diverse non-rigid registration methods performed either well or reliably
on our pre- and post-therapy data. This, despite considerable help from the authors
of those systems. Is that because of certain special characteristics of our registration
task, or is it symptomatic of a more generic problem? Is there some implicit assump-
tion in all the methods that does not hold for the colorectal MR images, and possibly
for other medical imaging tasks? We contend that there are two main reasons for the
observed poor performance, and that they are quite generic.

The first concerns the saliency, or ‘feature-ness’, of the images. All of the regis-
tration algorithms align the images where there are sufficiently many ‘features’, at
a certain scale. That is, prior to regularisation that propagates local matches, they
preferentially align areas of high feature complexity, which is generally equated with
high entropy, at the scale of interest. However, Kadir and Brady [47] have demon-
strated that scale and saliency are implicitly related, both to each other and to image
complexity. That is, features are associated with a particular scale within the image.
They show this by considering the entropy of local image regions over a range of scales
(though a similar analysis applies to other image representations such as local energy
or local phase). They suggest that areas that have a consistently high entropy, that is,
if they exist as features over a sufficiently wide range of scales, then they should not

in fact be judged salient, since they can not be considered rare, which is the essence of
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salience. However, if there is a peak at a single scale (or spread over a small range of
scales) in the entropies over a particular area then this implies that there is a feature
at that position localised to that scale. Kadir and Brady demonstrate that saliency
has to be analysed in terms of scale as well as space. However, all of the non-rigid
registration algorithms assess image complexity at a single scale. Even those algo-
rithms that implement a so-called multi-scale approach actually treat the entropy
independently at each scale. None of them consider the notion of scale-salience.

Does this matter in practice? To investigate this question, we applied a recent
refinement of the algorithm proposed by Kadir and Brady [47] to the colorectal cancer
images. We set the algorithm to find the 85 most salient regions across both scale and
space (empirically this number produces good results and is insensitive to changes
+5%). A typical result can be seen in Fig. 5.15, where the size of a circle indicates the
scale of the feature that has been found. The first thing to note is that the algorithm
detects mostly sensible features but that the associated circles are of substantially
varying sizes, indicating that it is unlikely that all of the features sought can be
detected at a single scale. It should also be noted that the more complex areas of
the images, for example the muscle regions in the bottom left and bottom right hand
corners of the image, do not yield any salient points. This is because the entropy in
these areas is high across the entire range of scales, hence they are not considered
salient.

Why has this not previously been raised as an issue? It seems that many, if not
most, current algorithms are tested on images where the features of interest are all
present at a particular scale. This is true in particular for brain images, and to an
extent breast images. However, colorectal images exhibit structure (and complexity)
over a wide range of spatial scales and so algorithms should not make this assumption.
Of course, a scale-saliency analysis such as that of Kadir and Brady [47] could be
incorporated into non-rigid registration algorithms, though the proper integration of
registration of images across a stack of spatial scales is not entirely straightforward.

The second main reason for the observed poor performance of the registration






Chapter 6

Knowledge Representation

We noted in the previous chapter that a lack of knowledge concerning the anatomy
and physiology of the region that is of prime interest to be registered is one of the
main reasons that the current ‘generic’ non-rigid registration algorithms fail, in the
sense that they converge, far too often to be clinically useful, to a local, non-global
minimum. Although scale saliency algorithms, such as that by Kadir et al. [47], are
able to find features within the images, that correspond to regions of high entropy at
specific scales, such features do not necessarily bear any resemblance to interesting
anatomical features. Frantz et al. [38] also propose a method for finding ‘interesting’
features within images, such as points of high curvature, but again they are not
necessarily anatomically meaningful. Also, in order to align the features found using
such methods, we would have to go through a process of establishing correspondences
between pairs of such features in the two image sets. To address this problem, in
this chapter we describe how we search for interesting anatomical features that will
always be present in the images, and that we want to align in the registration process
since they are corresponding locations.

We start by reviewing a number of previous methods by which people have tried to
incorporate shape knowledge into registration, including atlases and segmentations.
We then outline the method developed in this thesis for finding the anatomical regions
of interest of the specific patient, and finally review the performance of this algorithm

and describe how it can be useful in aiding the registration process.
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6.1 Incorporation of Knowledge

Lack of homology between the two datasets is one of the major factors affecting the
performance of any registration algorithm. This is frequently noted in discussions
of inter-person registration, for example, the different sulcal patterns of different
individuals’ brains, but it is equally true when treatment causes major changes to the
anatomy. In our case, we know that the size, shape and appearance of the tumour
and lymph nodes are certain to change post-treatment, but as described previously,
there are also changes in texture, especially in the mesorectal region of the image.

A simulation experiment was conducted to re-emphasise the problems encountered
in the previous registrations, as well as looking at how to enable possible solutions.
Two simulation images were formed and these can be seen in Fig. 6.1. These images
represent the colorectum and the mesorectum, and also include the high entropy
regions outside the mesorectum that do not necessarily correspond pre- and post-
treatment. The central circular section is similar to the colorectum, surrounded by
the much less clearly defined mesorectum (a layer of fat). The smaller circles indicate
nodes, and the line a blood vessel type structure. The ‘node’ below the colorectum
in the images moves considerably between the images, so if this were a real image, it
would be likely that they are in fact different features.

Rueckert’s B-spline algorithm [75] was used throughout these simulations. Any
of the algorithms we tested in Chapter 5 could have been used, and Rueckert’s was
chosen because the implementation was such that the warp field was straightforward
to access and modify. The two images in Fig. 6.1 were aligned by directly applying
the algorithm to them. The result can be seen in Fig. 6.2, along with the difference
image. It can clearly be seen that the registration has been unsuccessful in that
although the colorectum has been aligned, the other details have been incorrectly
registered. Much of the noisy area surrounding the image has been registered, even
though there is, in fact, no anatomical correspondence between these two areas.

A second simulation was performed, using the same two original images but with-

out the noisy surroundings. The original images can be seen in Fig. 6.3. The resulting
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Christensen et al. [19] realised this problem and also noted that shape knowledge
is crucial in registering such mobile areas of the body. They manually segmented the
images and built three dimensional models which they then registered successfully.
The main problem with this method is that it is time and labour intensive and requires
a skilled clinician to segment the images accurately.

Instead, our method builds on that of Felzsenswalb and Huttenlocher [36]. Their
work aims to find pictoral structures within images based on the appearance of the
different aspects of the image, and the distances between these parts of the image.
They represent objects as connected parts arranged in a deformable configuration.
They use an appearance model for each individual part, as well as an edge deformation
for linking the parts together. The algorithm then finds an optimum match for
the objects by computing the global minimum energy function, calculated from the
distance functions and the appearance models.

Felzenszwalb and Huttenlocher define their model as an undirected graph
G = (V,E) where V = (v, ....,v,) corresponds to the vertices (that is, n = number
of ‘features’), and then there is an edge between each vertex (v;,v;) € E. The model
is matched to the image using appearance models where the mismatch between the
image and the model is given by m;(l;) where [; is the location of the vertex, v;. A
function to measure the degree of deformation is also given as d;;(l;,1;) for each pair
of vertices, or edge. The best global match of the model to the image can then be
given as: .

L* = arg mLin(;mi(li) + (Z):EE di; (1;, 1;)). (6.1)

They show their method works successfully and robustly on face and human body

detection within larger images.
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6.2 Relational Representation of Colorectal Can-
cer MR Images

Certain features within the colorectal images are ‘connected’ in a well defined way,
that only varies a small amount from patient to patient and is not affected to any
large extent by tumours within the colorectum. Hence, we can use this information
in order to find their positions accurately, reliably and quickly by building a model
of the basic anatomical shapes and relative positions.

The method outlined above by Felzsenswalb and Huttenlocher [36] assumes that
pairs of features are equally dependant on each other; that is, they model the structure
as an undirected graph. This is not so in our case: we require a directed graph model.
In fact, the only pair of anatomical features that are equally dependent on each other
are the hips. That is, we assume that they are a certain distance apart, and that they
are at similar superior and posterior locations, and that they have similar radii. We
search for instances of features in the order, according to the directed graph, shown
in Fig. 6.10. A similar hierarchical model idea was proposed by Marai et al. [59], to
aid registration of bones in hands.

Following Felzenszwalb and Huttenlocher, to search for a particular set of features,
we solve Eqn. 6.1. However, in our implementation, we replace this single equation by
a series of consecutive minimizations to be consistent with our directed graph model.

These consecutive steps are outlined below for each part of the anatomy.

6.2.1 Hips

First, we search for the hips by minimising the following equation:

L* = argmin ((mhip1 (thip1)) + (Mnip2(bhip2)) + €2
6.2
+ (dhiplhz'p2 (lhipl, lhip2)) + dradlrad2(lhip1> lhip2)) )

where lpip1 and lpip are defined by their coordinate positions z, y, z and their radii,
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Figure 6.10: Directed Graph Model for Colorectal Anatomy.

The appearance model we use is that of a section of the edge of a sphere which we
fit to the image data. Often, only half of the hip is visible in the image, so we model
it as a semi-circular arc that will fit to the edges in the segmented images. For each
appearance model, we develop a mismatch measure of how well any particular point
fits the model. We then use our prior knowledge of where the hips are located in the
image to define search areas in order to test what the mismatch measure is at every
possible point within these areas. The search regions for each vertex, or feature, are
shown in Fig. 6.11.

For each hip, we test the appearance model using 4 parameters: the z posi-
tion, the y position, the z position, and the radius r. Having found the mismatch
measures corresponding to the appearance models for the two hip regions, the edge
deformations and energy functions for each combination of the eight parameters,
(Zhip1, Yhipl> Zhipls Thipls Thip2s Yhip2, Zhip2; Thip2), are found. The distance metrics are
based on constraints that we know to be true: we use the fact that the hips are at

the same level and only a small rotation is permitted, dp;pipipe; also, the difference
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wide of low intensity, so this forms the basis of our model. We use the segmentation
from the antigeometric diffusion to search for the coccyx region, and hence it is just
based on one parameter, the region number. Since the number of regions that we are
searching through to find the coccyx is small, we no longer need the multi-resolution

approach for this section.

6.2.3 Bladder

The hips also constrain the search region for the bladder, and the bladder can be

found in a similar way to the coccyx:

L* =arg min ((mu(lor)) +
+ (dniproi(lhip1s 1)) + (dhipzet (Lhipa, ler)) + (6.4)
+ dhip1bi—hip2bl (l;kum 3 l;;,ip2 , Lo )) .
The antigeometric diffusion segmentation is again used to find the region corre-
sponding to the bladder. The appearance model is based on the fact that the bladder

is a large, high intensity region. Again, dpipipi—hipoei €nsures that the centroid of the

bladder is equidistant from the two hips.

6.2.4 Bone structures

The pelvic bone structures encasing the hips can also be found by knowing the hip

positions:

L* =arg mLin ((mea(l1)) +

(6.5)
+ (dhip1v1 (Grip1> 1o1)) + (nipae1 (Lhipe, 1)),

L* = argmin ((mp2(lee)) +

+ (dniptvz(hip1 lo2)) + (nipave(Uhipe, lo2))-

Segmented regions are again found, and the appearance model is characterised by

(6.6)

the large, relatively high intensity regions. The appearance model is also constrained
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by the fact that the bone is present only in one side of the image, and does not cross
the line that runs between the midpoint of the hips and the coccyx. The distance
metric is dependent on the hips, such that each bone region is close to one hip, and

further away from the other.

6.2.5 Colorectum

The position of the colorectum is relative to both the hips and coccyx positions:

L* =arg mLin ((mer(ler)) +
+ (dh’iplcr(l;;ipl’ lCT)) + (dhip2cr(l;,ip27 lCT)) + (67)
+ dczcr(l:ma lcr))-

That is, the colorectum is at approximately the centroid of the hips and the
coccyx, so this specifies the distance metric based on the hip and coccyx positions.

Its appearance model is a low intensity, approximately circular region.

6.2.6 Mesorectum

Finally, from these anatomical locations the mesorectum position can be estimated as
the inscribed circle of the triangle that connects the hips and the coccyx, as previously
described in Chapter 3. This segmentation can therefore be used to find points within

the mesorectum for the purposes of registration, or constrain lymph node searches.

6.3 Results

The anatomy-guided search algorithm was run on the same series of 20 colorectal
MR datasets, of which 10 were pre-therapy and 10 were post-therapy. The datasets
spanned a wide range of anatomical variation, and, as such, constitutes a fair test
of the search algorithm. The search was implemented using an adaptation of the
method proposed by Felzenzswalb and Huttenlocher [36], to use directed graphs and

a multiscale search, in order to speed up the search. We also implemented a multi-
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scale search for the appearance matches, again to speed up the process. The total
runtime was approximately 6 minutes, running in Matlab.

The search algorithm reliably finds the centres of the hips in every case to within
2 pixels. The actual positions were found using a measurement tool on an image
viewer. If the centres were to be drawn on by hand, without this measuring tool,
the error was seen to be up to 4mm. The algorithm also reliably finds regions that
correspond to the coccyx, pelvic bones, bladder and colorectum, not withstanding
the large variability of some of these features. Results can be seen in Fig. 6.13 where
the segmented image and selected regions can be seen alongside the original two
dimensional slices. It can be seen that accurate regions have been found in all cases.

Note that in this first implementation the centres of the hips and coccyx have
been found from the whole three dimensional dataset, and the regions corresponding
to the other bones, the bladder and the colorectum are found individually for each
slice. This could, however, be extended straightforwardly to a three dimensional
search, if required.

This anatomy atlas is a first stage for registration, since it constrains a structure
in the pre-therapy image to map to its correspondent in the post-therapy image.
In particular, the bladder is present in both the pre- and post-therapy images even
if it dramatically changes shape. As such, an initial anatomical model fit to the
data should provide a good initial constraint for a non-rigid registration algorithm.
However, we do not want this segmentation to be the only driver for the registration,
as errors in the segmentation will follow through into the registration, providing an
incorrect result. As such we use the anatomy model to find point correspondences
on images, such as the extreme points of the pelvic bones, bladder, and colorectum.
The registration methods and results using this shape knowledge are be presented in

the next chapter.
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6.4 Summary

We have developed a method for automatically segmenting useful anatomical fea-
tures of interest, by implementing a directed graph model for the process of object
recognition developed by Felzenzswalb and Huttenlocher. We include the knowledge
that not all features are equally dependent on each other, as well as knowledge of
expected appearance and positions within the dataset. This enables an initialisation
for the non-rigid registration of colorectal cancer images pre- and post-therapy and
could also be used in other applications that require the registration of very large

scale deformations.






Chapter 7

Mobilising Shape Knowledge

We defined an anatomical representation for colorectal cancer MR images in the
previous chapter, and we now discuss how we can best use that representation to
improve the results of non-rigid registration. The key anatomical feature locations
can be incorporated into generic non-rigid registration algorithms. This is done in
different ways, so as to be tailored to the requirements of the particular algorithm.
This chapter discusses exactly how this shape knowledge is incorporated into
a number of the algorithms outlined previously, and the results of the subsequent
registration. The algorithms are all run on the same ten datasets that were used
previously for testing the non-rigid registration algorithms. Although the datasets do
have large scale deformations between the pre- and post-treatment images, they are
not atypical. That is, they represent a reasonable test of the likely performance of

such algorithms on colorectal cancer MRI.

7.1 Shape Representation

The non-rigid registration algorithms we tested in Chapter 5 vary greatly in their
implementation and level of user interaction. For example, RevealMVS™ is a highly
interactive tool, and as such, the knowledge can be added by plotting the landmark
features that we have found. The implementation of Crum’s algorithm on the other
hand is not at all interactive and runs by simply inputting two images to register.

In fact, many ‘generic’ algorithms are designed to just include a source and a target
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that do not fold. As such they are useful for defining deformations within biological
structures that have a minimum bending energy. These transforms were mentioned
briefly in Chapter 5, but we will now describe how they are used in more detail.

A set of points on an initial image are defined as P, = (z1,%1), P» = (2, Y2), -
P, = (%n,yn). The distances between any two of these points is r;; = |P; — Pj]|.

The matrices K, P and L are defined, based on the basis function:

r?logr? in 2D
y)=-U(r)=— 7.1
z(z,y) (r) {ITI 3D (7.1)
0 U(’I‘lg) . U(’l"ln)
K = U(’I"Ql) 0 e U(Tgn) nxn. (72)
U(rn1) Ul(rpg) 0

1z
p=|1 @ ¥ 3., (7.3)

1 zn Yo

K P

L= (PT O),(n+3)x(n+3). (7.4)
Let V = (z9,7),...,z)) be the z-coordinates of the homologous (correspond-

ing) points of P, Ps,...,P,, and ¥ = (V | 0 O O)T. W is defined as W =

(w1, ws, ..., w,) and the coefficients a;, a;, and a, are also defined, such that:

LY=W | a1 a, ay)T. (7.5)

The elements of LY are then used to give a function f,(z,y) everywhere in the

plane:

fx(xay) = a1 + a;T + ayy + ZwlU(IPl - (x’y)l) (76)

i=1

This is repeated for V' = (yi,vs,...,y,), the y-coordinates of the homologous
points, to give fy(z,y). Then, f(z,y) = [f(,y), fy(z,y)] maps the points (z;,y;) to

its homologue (z},y;), and is the Thin Plate Spline mapping, or deformation.
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The landmark points were described in the previous chapter, and are the extreme
points on the bones, points on the colorectum, points on the bladder, and points
within the mesorectum. These landmarks are therefore at key anatomical locations
on the deformable areas. These points also include knowledge of how the anatomy
will deform. For example, we can place four extreme points on the colorectum,
assuming that it will not rotate. We know from prior medical knowledge that the
main deformations are due to either shrinkage of the region due to the therapy, or
expansion due to the tumour growing.

The Thin Plate Splines algorithm outputs a warp field that can be directly input
into another algorithm. In the cases where the algorithm just requires two images
to be entered, we input an image registered using this initial warp field. We are
still interested in the ‘generic’ algorithms and do not at this stage want to alter the

structure of the algorithms.

7.2 B-splines and Mutual Information

The B-spline and mutual information registration written by Rueckert [75] was run
by incorporating the shape information as an initial registration. This initialisation
therefore incorporated the large scale aspects of the deformation allowing the al-
gorithm to then proceed normally by registering the small scale deformations that

remained.

7.2.1 Method

A rigid registration was first performed on the image using the rigidly moving anatom-
ical landmarks (hips and coccyx), and then a non-rigid registration was performed
using the other non-rigidly moving anatomical landmarks. Thin Plate Splines and
tri-linear interpolation were used to register the image. This ‘initialised’ image was
then input into Rueckert’s algorithm along with the source image and the registration

was run as it had been previously.
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Table 7.1: Node Misalignment using B-Splines, Mutual Information and Shape Infor-
mation.

Pa-  Affine misalignment Without Shape With Shape

tient (mm) Knowledge (mm) Knowledge (mm)
1 26.85 £+ 7.00 35.67 £+ 3.66 5.96 £+ 4.02
2 21.65 £+ 9.00 35.64 + 8.22 5.96 £+ 4.02
3 15.00 £+ 3.17 28.00 £ 8.54 16.46 + 6.64
4 16.31 + 4.41 19.33 + 6.03 3.80 + 1.26
5 17.50 £+ 4.92 FAIL 5.17 £ 4.45
6 17.66 + 4.03 39.03 £ 3.55 8.39 £+ 7.44
7 36.21 £+ 6.14 FAIL 5.41 + 2.45
8 30.00 £+ 3.65 FAIL 3.29 + 0.97
9 17.34 + 4.55 FAIL 15.54 + 0.76
10 15.63 %+ 6.00 22.33 + 4.51 8.54 + 2.37

7.2.2 Results

This was run on ten different patient datasets, registering pre- and post-chemotherapy.
The node misalignments were measured to give an indication of the accuracy of the
algorithm. They are shown in Table 7.1.

Overall, the mean misalignment was 8.31mm with a standard deviation of 6.25mm.
Two typical results for patients 1 and 2 are shown in Figs. 7.2 and 7.3. It shows
the target and source images that are input into the B-spline algorithm, and then
the aligned source images. The improvement is qualitatively visible for Patient 1,
but much less so for Patient 2. The node misalignment results also indicate that this
method is not that accurate as large node misalignments can still result. However, it
is more robust than the algorithm used without shape knowledge, as it does not fall
into local minima at the larger scales.

Although the results indicate a large improvement from the results of this algo-
rithm with no shape knowledge (up to 25mm), the nodes are still not that well aligned.
The outer edges of the image are also poorly aligned still, and actually get worse after
the B-spline algorithm has been applied since the problem of local minima remains at
the flner scales of registration. This can be seen especially in Fig. 7.3. However, the

robustness is much improved in that there are no longer any complete registration
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Table 7.2: Node Misalignment using Adaptive registration and Shape Information.

Pa-  Affine misalignment Without Shape With Shape

tient (mm) Knowledge (mm) Knowledge (mm)
1 26.85 + 7.00 8.76 £+ 3.93 3.22 + 0.48
2 21.65 £ 9.00 8.77 + 2.87 5.76 + 1.68
3 15.00 £ 3.17 12.74 £+ 4.25 3.88 &£ 0.34
4 16.31 £+ 4.41 8.33 £ 2.77 7.08 £ 2.45
5 17.50 £ 4.92 FAIL 3.58 £+ 0.80
6 17.66 + 4.03 8.76 £+ 4.80 7.01 £ 3.85
7 36.21 £+ 6.14 5.06 + 2.13 4.05 £ 1.53
8 30.00 + 3.65 FAIL 5.36 + 1.94
9 17.34 + 4.55 FAIL 6.36 + 0.85
10 15.63 + 6.00 7.59 + 3.84 3.77 £+ 0.50

failures where corresponding lymph nodes can no longer be identified.

7.3 Adaptive Registration

Park and Meyer [66] propose registration by finding the maximally misaligned regions
within the images and then placing control points in these regions. The images are

then aligned using these control points.

7.3.1 Method

The algorithm was initialised with the shape-aligned images in a similar way to the
B-splines algorithm, and then control points were placed at the areas where maxi-
mum misalignment still occurred. These areas were then aligned using the mutual

information and a simple gradient descent optimiser.

7.3.2 Results

The algorithm was run on the same ten patient datasets. The measured node mis-
alignments are shown in the Table 7.2.

Overall, the mean misalignment was 5.01mm with a standard deviation of 2.06mm.
An example result is shown in Fig. 7.4 and it demonstrates that control points are

still mostly placed around the edges of the images, at the points of highest entropy.
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Table 7.3: Node Misalignment using Fluid Flow registration and Shape Information.

Pa-  Affine misalignment Without Shape With Shape

tient (mm) Knowledge (mm) Knowledge (mm)
1 26.85 + 7.00 9.60 + 3.50 7.92 £+ 2.50
2 21.65 + 9.00 7.72 £ 3.05 5.10 + 0.94
3 15.00 £ 3.17 10.00 + 8.95 3.93 + 1.74
4 16.31 &= 4.41 2.10 £ 1.52 3.39 £+ 141
5 17.50 £+ 4.92 8.31 + 3.50 8.02 + 1.62
6 17.66 + 4.03 3.87 £ 4.25 8.05 + 2.43
7 36.21 + 6.14 FAIL 7.37 £ 2.76
8 30.00 + 3.65 15.11 £ 4.50 9.11 £ 0.98
9 17.34 £+ 4.55 FAIL 3.87 £ 1.85
10 15.63 + 6.00 2.19 £ 0.85 2.63 £+ 0.62

7.4 Fluid Registration

The algorithm by Crum et al. [27] uses a fluid flow method for performing the

registration using mutual information, or normalised mutual information.

7.4.1 Method

The fluid flow algorithm was applied in the same way as that of the B-splines, using
normalised mutual information. The data was initially aligned using the anatomical

control points and then these aligned datasets were input to the algorithm.

7.4.2 Results

The algorithm was run on the same ten patient datasets. The measured node mis-
alignments are shown in Table 7.3.

Overall the mean misalignment was 5.94mm with a standard deviation of 2.76mm.
Two typical results for patients 4 and 7 are shown in Figs. 7.5 and 7.6. They show
the target and aligned source images. The results are visibly good. Although the
nodes are not perfectly aligned, the algorithm does not fall into local minima and a

sensible result is obtained for each dataset.
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7.5 RevealMVST™

RevealMVS™ s an interactive registration tool, so incorporating the shape points
is easily done, by manually plotting the points that were found by the anatomical
feature detector. A landmark registration (both rigid and non-rigid) can then be run,

followed by a further registration based on this ‘constrained’ starting point.

7.5.1 Method

The specific sequence used was:

1. Landmark Rigid - performs a rigid registration based on the rigid landmarks

that are the bone structures.

2. Automatic Rigid - performs a further rigid registration using the in-built algo-

rithm, that will refine the result on the landmark based registration

3. Landmark Deformable - performs a non-rigid registration based on all the

anatomical landmarks that are known.

4. Automatic Deformable - performs a further non-rigid registration using the
previous result as the starting point, which thus constrains the registration,

and as such allows the overall result to include large scale deformations.

7.5.2 Results

This was run on the same ten pairs of datasets. The measured node misalignments
are shown in the Table 7.4. Overall, the mean misalignment was 4.59mm with a
standard deviation of 1.60mm.

A typical result is shown in Fig. 7.7, for patient 2. It shows the target and source
image and then the aligned source image. It can be seen that a good registration is
achieved, especially for the central region.

However, the algorithm is still trying to align the outer regions of the image,

which are often mis-registered to give very large incorrect deformations, despite the
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Table 7.4: Node Misalignment using RevealMVS™and Shape Information.

Pa-  Affine misalignment Without Shape With Shape

tient (mm) Knowledge (mm) Knowledge (mm)
1 26.85 £ 7.00 3.34 + 1.17 450 £+ 1.73
2 21.65 + 9.00 6.84 + 0.54 3.75 + 2.06
3 15.00 + 3.17 7.15 £ 2.24 3.33 £ 1.15
4 16.31 + 4.41 7.63 £+ 1.40 2.17 £ 0.29
5 17.50 + 4.92 FAIL 6.17 + 0.29
6 17.66 £+ 4.03 8.33 £ 0.76 6.66 + 1.15
7 36.21 £ 6.14 FAIL 5.25 £ 0.50
8 30.00 £ 3.65 6.67 + 2.08 4.50 + 0.50
9 17.34 + 4.55 FAIL 4.33 + 0.76
10 15.63 £ 6.00 5.67 + 2.08 5.33 + 1.15

fact that the central region is well aligned. This caused large errors in the overall
registration in three out of the ten datasets. A typical image for patient 6 is shown
in Fig. 7.8 showing the central region now registered much more accurately than the
outer region.

We performed a quantitative analysis of the spatial distribution of the registration
within the images. Fig. 7.9 shows a best fit curve of the distribution of errors
measured from the centre of the region of interest (the centre of the mesorectum).
It takes into account 8 datasets that were compared. Two of the datasets failed to
register correctly before shape information was added for this algorithm, so they were
not included in the comparison. The region of interest usually extends to 50-75 pixels
from the centre, so it can be seen that error is much improved for this central region.

Using shape knowledge to drive registration using RevealMVS™ improves the
accuracy of the registration within the region of interest by approximately 2.5mm.
The lymph nodes are better aligned when the shape knowledge is used, however there
are errors when looking at the outer regions of the image. That is, the central region
is aligned well at the expense of the rest of the image. Although it is only crucial
that the central region is aligned, it is important to still make the rest of the image
align satisfactorily at least in a qualitative way. Although a very accurate result

quantitative result is not required as measurements are not being taken there.
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Table 7.5: Node Misalignment using Non-rigid registration techniques with and with-
out shape information.

Algorithm Mean error without shape Mean error with shape
information (mm) information (mm)

Affine 21 21

B-splines 30 8

Adaptive 9

5%
Fluid 7 6
RevealMVS™ 7 5



Chapter 8

Mobilising Physiological
Knowledge

We saw in the previous chapter that using anatomical knowledge in the form of land-
marks vastly improves the robustness of the registration. However, further work is
required to improve the precision. Just using the landmark segmentation for the regis-
tration, though robust, is not inherently accurate, and using the ‘generic’ registration
algorithms often do not improve the registration much more from this initialisation,
as seen in Chapter 7. For accurate registration based on landmarks alone, we would
require a perfect segmentation, or else the errors in the segmentation may cause
even greater errors in the registration. However, it is impossible to achieve a perfect
segmentation for the wide range of images that we are observing due to the vast
differences in the anatomies and tumours of the patients.

Hence, we introduce here a regularisation that we can use in the registration and
which reduces the effects of errors due to the landmark placements. This regularisa-
tion will use the physiological knowledge that we have not previously incorporated.
That is, we know how we expect the patients to change after treatment, and we can
introduce this knowledge into the algorithm.

We incorporate this knowledge into a simultaneous framework whereby the iden-
tification of accurate landmark positions, and the registration, are performed at each
iteration of the algorithm. This means that we are only incorporating the ‘interesting’

and likely to change features into the registration. Then, the landmark positions and
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consequent registration result are improved simultaneously at each step.
We commence this chapter by looking at the nature of the deformation field and
how this physiological knowledge can be incorporated as a regularisation. We then

go on to describe the simultaneous framework, and finally the registration results.

8.1 Physiological Knowledge
8.1.1 Principal Warps of the Deformation Field

A complete and accurate deformation field can be found using a manual registration
whereby corresponding points are plotted on the pre- and post-treatment images, for
example, using RevealMVS™ . Although it is not useful in practice as a method of
aligning images, since it is time and labour intensive, it is useful for analysing some
of the properties of the deformation fields.

Seventy-six landmarks were plotted in two corresponding slices, already rigidly
aligned, and the registration results of these two images can be seen in Fig. 8.1.
The registration here was performed using the RevealMVS™ software, discussed
previously. The deformation field computed can be analysed within the program to
give a visualisation of where the changes in the images are greatest, and this can
be plotted over the image in colour, Fig. 8.2. The greatest changes are indicated in
red, and very little change is blue. Therefore, it can be clearly seen that the greatest
changes are occurring in the central region of the image, where the tumour is located
and in the mesorectum surrounding the tumour. This is what we would expect to
happen from our knowledge of the effects of treatment on this region of the body
described in Chapter 1.

A more quantitative approach can be taken by looking at the same deformation
performed using Thin Plate Splines. The deformation is a vector that can be viewed
as a scalar quantity in the z and y directions respectively. These two deformations f,
and f,, described in Chapter 7 are visualised in Fig. 8.3. These images on their own
are not that useful in gaining information about the nature of the deformation field,

and so instead we focus on looking at the principal warps of the deformation field as
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using segmentation on its own introduced problems when analysing volume changes
between times t; and t,. The volume change is given by AV = V(t;) — V(¢2), and
gives an index of the tumour evolution. The problem was that the uncertainty oy
of the segmentation was often such that 20y > AV, and such a measurement is of
little use. Therefore they proposed a four stage method in order to more accurately

quantify AV
1. Rigid Registration of the two datasets.
2. Non-rigid registration of the datasets, i.e. computation of the deformation field.
3. Detection of changing lesions, using the deformation field.
4. Quantification of the volume change, AV.

Having performed steps 1 and 2, we now have the deformation or flow field of the

registration, f : (u,v,w), which maps the points (z,y, z) onto («’, ¥/, 2’), such that:

r=z+u(z,y,z)=d(z,y,2)
Y =y+v(z,y,2) = ¢2(z,y, 2) (8.1)
Z=z+w(z,y,2) = ¢3(z,y, 2).

Large deformations, i.e. where the shape is changing the most and so || f|| is large,
are of most interest. Also, for the case of the Multiple Sclerosis plaques, they are
mostly spherical, and evolve outwards in an even way, so div(f) = % + a_; + 22 will
also be large.

Therefore the deformation field can be used to detect changing lesions by analysing

the scalar operator of the deformation field:

I flldév(f). (8.2)

The sign of div(f) indicates whether the lesion is growing or shrinking, and, as
such, the scalar information gained from the deformation field can then be used to

give a more accurate segmentation of the changing lesion [84].
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It has also been shown by Prima et al. [71] and Rey et al. [73] that the volume
change over time is directly related to the Jacobian of the deformation:
V(ta) —V(h) _ Vita)

V) = Vit —1~Jac—1. (8.3)

Unlike the operator described by Thirion and Calmon, the Jacobian has a physical

meaning. The Jacobian of the deformation, ¢ above, is given by:

9¢1 941 Oh

aam @é_)i 66z
Jacobian = det(Vpg) = det | 92 S22 22 | (8.4)
O3 Ods O

ox Oy oz

It can also be written using the vector displacement field:

duy 1 ou du
oz oy Oz
Jacobian = det(V pg) = det(I + Vf) = det ( ooy 2 ) . (85)
ow ow ow
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The physical interpretation can be shown in terms of the local variation of volume.
If we take two points that are very close (z,z+0x), and then compute the new distance

between these two points after the deformation:

6z’ = éz + f(x + 0z) — f(x)

(8.6)
=0x+Vf-dx+ O(||5:c||2)
We assume 0z is small and therefore:
o' ~(I+Vf) dx= (Vo) - bx. (8.7)

The local volume variation around that point can now be calculated:

6V’ = det[dz’, 6y, 62']
~ det[V¢ - 0z, Vo -0y, V¢ - 2] (8.8)
= det[V¢)] - det[dz, dy, §2]
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V' = Jac(¢) - 6V. (8.9)

Therefore the evolution of a small volume is given by the Jacobian and when
Jac(¢p) > 1 there is a local expansion, and when Jac(¢) < 1 there is a local contrac-
tion.

Note that more complex models are available that model the tissue structure as

well, but so far this has only been shown to be useful in brain imaging [21].

8.1.3 Jacobian of the Colorectal Cancer Deformation Field

A typical Jacobian of a two dimensional colorectal cancer deformation field was calcu-
lated and can be seen as a log plot in Fig. 8.5. Much of the Jacobian is negative which
indicates that the area is shrinking. This is consistent with the information gained
from analysing the principal warps, and, as such, is also consistent with the effects
of chemotherapy and radiotherapy which will cause shrinking in the colorectal and
mesorectal region. A cross section through the log of this Jacobian can be seen in Fig.
8.6. The large dip in the centre of the plot can be seen more clearly and corresponds
to the colorectum and mesorectum area where the local shrinking is occurring.

Using the deformation field from the 76 landmarks described previously the Ja-
cobian representation is shown as a two dimensional greyscale image in Fig. 8.7.
Landmarks were randomly taken away and the Jacobian was recalculated. By the
time there were 67 landmarks (i.e. 9 landmarks had been taken away), the Jacobian
had lost some of the main central features, as seen in Fig. 8.8. It can also be seen
that the smaller physical features of the deformation are more pronounced.

However, the calculation of the deformation field with just 17 selected landmark
points (from the original 76) within the mesorectum (the area that we know is most
likely to change) gives a good estimate of the Jacobian, Fig. 8.9. This is much more
similar to the Jacobian seen in Fig. 8.7, especially for the larger scale deformations
in the central region of the image.

Comparing this to using 26 randomly selected landmarks from the 76 original















8.2 Simultaneous Methods 182

8.2 Simultaneous Methods
8.2.1 Simultaneous Segmentation and Registration

It has recently been suggested that simultaneous segmentation and registration is a
superior method of registering two images using the known segmented features within
those images.

Chen et al. [18] showed that by interleaving the segmentation and registration
steps within a Bayesian framework, both the segmentation and registration results
were improved. They were identifying tissue types in Contrast Enhanced Breast MRI
images, whilst aligning the images that were taken over the course of 6 minutes. The
images needed registering due to motion of the patient over this period of time. A
maximum a-posteriori (MAP) estimation was used for the segmentation and registra-
tion stages, and a Markov Random Field was also incorporated as a noise reduction
measure. The results showed a reduction in misclassification of pixels within the
images.

The problem of aligning and segmenting contrast-enhanced breast images is how-
ever, quite a different problem to that of aligning the colorectal MR images, since the
colorectal images are taken six months apart, and after extensive chemotherapy and
radiotherapy. As such, the deformations are much greater and unpredictable, causing
many registration algorithms to fail. Although the problem of aligning the breast
MR images is critical for diagnosis, the scale of the changes is much smaller, and the
robustness problem is therefore less of an issue.

We have shown that incorporating shape knowledge increases the robustness of
the registration, and as such intend to incorporate the shape knowledge, or relational
representation into a simultaneous registration and landmark detection algorithm.
Since we are not interested in segmenting every pixel in the image into a different
class, but are only interested in key features in terms of the segmentation, we will not
use a Bayesian MAP approach, but instead simply interleave the landmark detection

and registration steps within an adaptive registration framework.
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8.2.2 Simultaneous Landmark Detection and Registration

Initialisation

An algorithm has already been implemented that finds landmark positions based
on a relational representation of the anatomy visible within the images. This was
outlined in Chapter 6. It gives a robust anatomical representation due to the relational
restrictions, but lacks accuracy due to the segmentation method used and the large
variations in the images. Accuracy will be improved by interleaving the landmark
detection with the registration and the anticipated shape changes, but an initialisation
is required for this process. Therefore, the landmark detection from the relational

representation will be used as the initialisation step.

Similarity Measure

The initial landmark estimates, although robust, are still liable to have an error
of alignment, and are not guaranteed to be placed accurately. As such, we need to
update them. The crucial aspect is not so much their positions on the image, i.e. where
exactly on the bladder the landmark is placed, it is more that the positions of the
landmarks in the pre-treatment image correspond to the positions of the landmarks
in the post-treatment image. We can look at the correspondence of the landmarks
using Mutual Information, or Normalised Mutual Information. In this case, since the

images are all T2 weighted MRI, we use Mutual Information, given by

Csimilarity(Aa B) = H(A) + H(B) - H(A’ B) (810)

to provide a similarity measure between corresponding landmarks points. H(A)
and H(B) are the entropies of image segments surrounding the landmark points on
the two images and H(A, B) is the joint entropy. We need to apply this similarity
measure over a series of scales to give a robust and accurate alignment. Hence the
size of the image sub-block, surrounding the landmark points, used to calculate the

Mutual Information will be varied.
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Registration

The method of Thin Plate Splines [11] are used to register the images throughout this
algorithm. This provides a straightforward method by which to align corresponding
landmark points. It is fast to calculate the warp field and, as such, fast to calculate
information about the warp field that can be used in the regularisation stage (Section
8.2.2).

The Thin Plate Splines are included in an adaptive registration framework similar
to that developed by Park et al. [66], and described in detail in Chapter 5. This
algorithm works iteratively over a series scales, searching for the region of maximum

misalignment. Park et al. defined a mismatch measure based on Mutual Information

Csimilarity .

Csimilam’ty (A7 B)
min(H(A), H(B))

This identifies areas of high entropy and low local misinformation which makes

M=1-

(8.11)

for good placement of landmarks. The maximum mismatch can then be found and
a landmark is placed and aligned. However, the initial problem with this algorithm
was that these landmarks are not within the region of interest. Since we have already
defined our landmarks and our goal is to align them, we instead use the minimum
value of Mutual Information to decide which are our maximum misaligned landmarks,
and we can consequently align these.

The alignment is based on a cost function that is due to the similarity between
the landmarks, and the anatomy and physiology relationships on the two images.
The cost function is minimised using simple gradient descent. We can use this simple
method because local minima are unlikely within the small search region around
each landmark point. We have already accounted for the large scale deformations by
including these particular landmarks in the first place.

The registration operates across a series of scales from coarse to fine. As the scale
becomes finer, the sub-block size used to calculate the mutual information becomes

smaller. The scale is refined until a threshold is met or when no further improvement
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can be made. That is, the algorithm is stopped when the change in landmark positions

is negligible.
Regularisation

Shape knowledge was used in identifying the initial landmarks and this knowledge
needs to be incorporated throughout the registration as well, to ensure a fully simul-
taneous algorithm, making the most of all the information available.

There are two types of information that can be used. Firstly, the anatomical
knowledge, which involves information about the relative positions of objects in the
images. That is, the colorectum is always lower in the image than the bladder. The
bone structures will be level assuming the images are rigidly aligned based on the hip
positions, the coccyx is along the line perpendicular to that connecting the hips, from
the midpoint of the hips and so on. These are included as a series of weak constraints
so that if they are not met then the cost function will increase sharply.

The other type of information that can be used is the physiology. This is the
knowledge of how the patient is likely to have changed from one scan to the next.
That is, the tumour and surrounding area may have contracted considerably, or al-
ternatively there may be little change. Also, the bladder may be full in one image,
and empty in another and so on. We can represent both the anatomical and the
physiological knowledge using a scalar representation of the warp field, the Jacobian.
The Jacobian J(A, B), described above, gives an indication as to whether the tissue
is expanding or contracting in a particular region, and by how much. A first estimate
of this physiology change can be found by looking at the warp field of the initial land-
marks, estimating the position of the mesorectal fascia and the colorectum, which
will give an impression as to which regions are acting in which way.

A final cost measure of the anatomy and physiology is introduced based on the
linear correlation between the expected and updated Jacobian representations: the

two Jacobians are taken to be the two dimensions of a random variable:
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(Jinitiat (A, B), Jupdate(4, B)) = (X,Y), (8.12)

where Jypdate(A, B) is the Jacobian calculated from the current updated land-

marks. The correlation coefficient, which is represented in the cost function is then:

o
Cphysiology(A, B) = UXX;Y (813)

where px = E(X), py = E(Y), 0% = E([X — px)?) and 02 = E([Y — py]?) are
the means and variances of the marginal distributions of X and Y, and oxy is the

covariance of X and Y, given by:

oxy = E([X — px][Y — py]) = E(XY) — E(X)E(Y). (8.14)
Final Algorithm

Combining landmark detection, adaptive registration and regularisation, the new
algorithm is illustrated in Fig. 8.12. The algorithm looks very similar to the adaptive
registration of Park et al. except for the initialisation using the anatomical knowledge
and the cost function which also incorporates that knowledge. The cost function to

be minimised is

C= —Csimilarity - )‘Cphysiology- (815)

The choice of the parameter A will be discussed in the next section.

8.2.3 Implementation

Parameter choices

Various parameters need to be selected for the implementation of this algorithm.
Firstly the sub-block size, which is the size of the block of the image over which the
similarity measure is calculated. The size of this block indicates the feature size that
is being searched for, so in the multi-scale approach a number of sub-block sizes will

be used.
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Do  Find rigid features — hips and coccyx
Do  Affine registration based on rigid features
Do  Find initial estimates of anatomical relational landmarks, and initial Jacobian
estimate.
For I=large scale to small scale
Do
Identify Maximally mismatched landmark using MI
Optimise Landmark points to minimise cost function
While Cost function decrease > threshold
Fnd For

Figure 8.12: Pseudo-code of the Simultaneous Landmark Detection and Registration
algorithm

Similarly, the step size for the gradient descent method needs to be defined. We
tested the results for 12 different combinations of sub-block and step sizes and the
results can be seen in Fig. 8.13. We assumed three levels of multi-scale refinement.
It can be seen in the graph that a smaller step size for a smaller sub-block size is the
best combination, which is not surprising since the registration is already initialised
well. Consequently, we kept the step size to 1 pixel for all scales and looked across
scales from 10 down to 2 pixels. Larger choices of sub-blocks can produce larger errors
as they find features that are on a larger scale and therefore less accurate, due to the
large scale changes that occur.

The choice of A is also important for the implementation as this indicates how
much the prior information is used over the similarity and vice versa. For A = 0
the anatomical and physiological knowledge is not incorporated at all, whereas for
much larger values of A the similarity measure has no effect. We ran the algorithm
for a large range of A values and the results can be seen in Fig. 8.14. The optimum

value of A that we chose was 1004/10. This is large due to the relative magnitudes of

Csimilarity and Cphysiology
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the results are summarised in Table 8.1. The algorithm was run using three sub-
block sizes for 3 different scales, of 10, 5 and 2 pixels, and a step size of 1 pixel for the
gradient descent. A was chosen to be 1004/10. The overall mean node misalignment
for all 10 datasets is 3.42mm with a standard deviation of 1.61lmm. Most enlarged
lymph nodes are at least 5mm in diameter and hence an error of 3mm is a satisfactory
registration result.

To compare, the adaptive registration algorithm with no shape knowledge input
failed on 3 out of the 10 datasets. That is, corresponding lymph nodes could not
be identified. This is not clinically useful. The precision of this algorithm was such
that the mean distance between corresponding nodes was 8.6mm, when it was run for
many iterations. Using the segmentation as an initial alignment, but not interleaving
it simultaneously, the algorithm was much more robust and gave a clinically useful
result in all cases. However, the precision was such that the misalignment of the
nodes was bmm. These comparisons can be seen in Fig. 8.16 and Table 8.2.

Although the algorithm is more computationally costly when shape knowledge is
incorporated, as there is the extra segmentation stage, the results show that when
using this shape knowledge the registration is 100% reliable on all the datasets tested
to date. The total runtime is approximatey 20 minutes in Matlab. Incorporating the
shape knowledge into the simultaneous algorithm increases the computation further as
the Jacobian is checked at each iteration. However, looking at the increased precision
and robustness of the results by incorporating shape knowledge in this way, it can be

seen that this compensates for the increased computation, [9], [10].

8.2.5 Conclusions

We have shown that by introducing a simultaneous registration and landmark de-
tection technique we can provide an extremely accurate and robust registration of
colorectal cancer images pre- and post-treatment. This is due to the incorporation
of the anatomical and physiological knowledge at each iteration of the registration,

which prevents the algorithm falling into incorrect local minima.
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Table 8.1: Accuracy of Simultaneous Landmark Detection and Registration Algo-

rithm.

Patient Mean misalignment (mm)

Standard deviation of misalignment (mm)

1

©C o0 ~JO Ctx W

[
-

3.15
4.45
1.92
2.00
3.48
3.48
3.65
3.29
5.00
3.48

1.64
3.56
0.49
0.77
2.20
1.16
2.46
0.54
2.54
0.76

Table 8.2: Comparison of the node misalignments (mm) for each of the 10 datasets,
running the Park-Meyer algorithm on its own, the Park-Meyer algorithm with shape
initialisation, and finally using the simultaneous algorithm.

Patient Park-Meyer

With initialisation Simultaneous

1

© 0 O Ttk Wi

[
-

8.76
8.77
12.74
8.33
FAIL
8.76
5.06
FAIL
FAIL
7.99

3.22
5.76
7.08
3.58
7.01
3.88
4.06
5.36
6.36
3.77

3.15
4.45
1.92
2.00
3.48
3.48
3.65
3.29
5.00
3.48






Chapter 9

Conclusions

In this chapter, we summarise the work that has been described in this thesis and
the main contributions. We analyse how far we have got with the original patient
management problem, and the limitations of the work to date. We then go on to

describe future work that we propose in this area.

9.1 Summary

The aim of this thesis has been to apply computer vision techniques to aid the diag-
nosis and patient management decisions for Colorectal Cancer. We have focussed on
the local MR imaging of the primary tumours and surrounding lymph nodes for this
thesis, although we realise this is only a small part of the total challenge.

In Chapter 2, we outlined the underlying principles of MRI and how the images
are acquired. We looked at the artefacts that appear on the images, and discussed
where we can use them to our advantage in some cases, such as chemical shift, but
also where we have to correct for them in the images in other cases, most importantly
for the bias field. We reviewed methods of how this bias field can be removed, and
finally implemented the method of Styner et al. [80]. We devised an initialisation
for this method that is suitable for the colorectal images, and then removed the bias
across a series of slices, using the knowledge that the field varies only a small amount
between adjacent slices.

Having removed the bias field, we then looked at how to start segmenting the
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interesting anatomical features from the images, such as the colorectum and the
mesorectum, in Chapter 3. A snake was used to segment the colorectum in the first
image of a series of slices, then a Kalman filter was used to propagate this snake
through the set of slices, updating it at each stage. The snakes that make up the
colorectum were plotted in three dimensions to give the clinicians a new way to view
the colorectum and the surrounding nodes. Using well defined features in the images,
the mesorectum could also be found, either using a complex model based on spherical
harmonics, or a simpler model, finding the inscribed circle of the triangle that makes
up the anatomical landmarks of the hips and coccyx.

Lymph nodes are very important features that we also wish to detect in the images.
Their characteristics are considered crucial for decision making and in determining
the circumferential resection margin for surgery. Chapter 4 outlined a method for
segmenting the lymph nodes, and then discussed a series of criteria by which to
estimate their involvement, i.e. whether of not they contain tumour. The estimate
is given as a probability that can be plotted on the images using colour to highlight
for the clinicians which areas they should be focussing their attention on. This was
validated using a comparison between our algorithm and two expert radiologists.

Patient management decisions for colorectal cancer are made at different stages in
the course of treatment. That is, often a patient is re-assessed for surgery having been
given a course of downstaging chemotherapy and/or radiotherapy. This assessment
involves comparing the patients’ scans before and after treatment and analysing what
the changes have been. In Chapter 5 we described the methods and results of running
a number of ‘off-the-shelf’, generic registration algorithms to align these images that
had been taken, usually six months apart. The results were disappointing with many
failures due to the large non-rigid displacements between the corresponding images.
The algorithms also focussed on the regions of the image with highest entropy over
a range of scales, that were actually not of interest for the alignment of the tumour
and lymph nodes.

We looked at how we might possibly constrain these algorithms by incorporating
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knowledge of the features within the images. This was done in Chapter 6, where
we developed a relational representation of the key features within the images, that
it was important to align. Similarity measures and distance functions were used to
detect features such that the features found were in the correct positions with respect
to each other. In Chapter 7 we incorporated this anatomical knowledge into the
generic non-rigid registration algorithms, in order to drive them. This increased the
robustness dramatically, eliminating failures.

Finally, we looked at how to incorporate physiological knowledge in Chapter 8.
That is, how to include knowledge of the predicted effects of the treatment that the
patient has had. We did this by first analysing the deformation field and seeing what
information we can get from this. We noted that the Jacobian representation of the
deformation field gives quantitative information about the local volume change in the
images. This Jacobian can then be used to regularise the registration. We incor-
porated this regularisation into a simultaneous registration and landmark detection
algorithm, which is equally robust, and also improves the accuracy of the registration.
A robust and accurate registration provides the clinician with a tool that they can

use to observe changes in the tumour and lymph nodes.

9.2 Future Work

Although much progress has been made, this is still only a start with respect to how
computer vision can be used to aid clinicians dealing with colorectal cancer. There
are many directions that could be taken to build on this work. Three such directions
are described in the sections below. They include how contrast-enhanced MRI (CE-
MRI) can be used to further aid the diagnosis of lymph nodes, as well as a method
of complete validation for such analyses, using histological data. Finally, we outline
how imaging techniques can be used not only in diagnosis, but also in treatment, for

the case of local excision surgery.
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9.2.1 Dynamic Contrast-Enhanced MRI

To date, the image analysis methods demonstrated in this thesis have been based
entirely on T2-weighted MR images because this is currently the basis of clinical
decision making at the Oxford Radcliffe Hospitals. However, it has been suggested
that contrast-enhanced MRI may be useful in aiding the diagnosis, particularly with
respect to lymph nodes, for colorectal cancer. Contrast-enhanced imaging is a tech-
nique that has been known for a long time, but has only recently come into clinical use
with MRI. The idea was originally published by Kety [50], who proposed using inert
gases to observe the gas exchange processes taking place in the lungs. This was built
upon by Zierler [94], who proposed the idea of using an indicator to trace blood flow,
as well as the first mathematical model for doing this. The process of tracing blood
flow is often referred to as perfusion imaging. This type of imaging is particularly
useful when looking at cancers, since the circulation of blood around tumours has
characteristic features. Cancerous tissue usually shows a high and fast uptake due
to a vast number of ‘leaky’ microvessels that supply the tumour with blood (angio-
genesis). In contrast, normal fatty tissue shows a small and slow uptake of contrast
agent. There are a number of different techniques to visually enhance blood flow in
MRI, and many more are being developed. For example, Arterial Spin Labelling is a
new technique used in brain imaging whereby no extrinsic contrast agent is needed,
rather the contrast is provided intrinsically by the MR tagging certain molecules in
the aorta that then flow into the brain [32].

The most common clinical method of using CE-MRI, however, is to inject a bolus
of paramagnetic contrast agent (such as gadopentetate dimeglumine, Gd-DTPA) and
then observe the temporal flow of this agent. Many experiments have been published
in the medical literature where contrast agents have been used to provide static
images. However, the information that is of particular use is the flow of the contrast
agent in the blood over time. The signal-time curves of the contrast agent allow
the identification of different types of tissue, and a typical example can be seen in

Fig. 9.1. The voxels in the image will need to be classified, and this will be done
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Figure 9.1: Idealised signal time curves for Gd-DTPA uptake.

by segmenting the image into areas of fat, tumour, etc., and then comparing the
enhancement changes in these regions. Complications may arise due to the partial
volume effect often experienced on MR images, and a way to work around this will
need to be found.

Known pathological data can also be incorporated as prior knowledge when build-
ing these models. The pathology is taken as the ‘ground truth’, and a high-level
comparison with the MR data will be useful. The characteristics seen in the pathol-
ogy will show where radiotherapy has been successful as well as which lymph nodes
were cancerous. This information cannot always be found from the normal MR scans.
Hence any erroneous results from analysing the MR scans can also be investigated by
using the pathology as a reference. A method of automatically analysing this data is
needed as the images will be such that the radiologist will not immediately be able
to tell which areas have the greatest perfusion. This means the data needs to be
analysed, models built and predictions made as to which areas are the most highly
perfused. This information will then be represented in a visual format in order for it
to be useful to the clinicians.

One possible way of visualising the data is to overlay it on the normal MR image.

Depending on whether or not the patient moves between the normal MRI and the
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data can also play a key role in detection of different regions. That is the probability
density functions (pdf) of the different areas on the scans will be analysed to gain
extra information about the intensity distributions of involved nodes. The information
acquired from the uptake curves will also add to the implicit data associated with
the individual nodes. This implicit representation can then be combined with the
explicit representation to give a more robust lymph node detector that picks up the
very small nodes, hardly visible on the scans, as well as the enlarged ones.

The image analysis methods described here and throughout this thesis need to be
in a form that can be easily accessed and used by the clinicians. A program being
developed by Kelly et al. [49], in collaboration with GE Healthcare, called MDTSuite
will be able to view images and include such algorithms. The results will then be
available for multidisciplinary meetings each week, where the clinicians make their

crucial patient management decisions.

9.2.2 Validation

It has been seen in this thesis that the problem of validation is open and on-going.
Currently the best test of our algorithms is by comparison with the opinion of the
radiologists and other clinicians. However this does not provide ‘gold standard’ vali-
dation. In order to do this, it is currently accepted that histology data is required.

Although the histology data is analysed after the tumour and surrounding region
has been excised, this analysis is done separately to that of the MRI analysis and the
two results are rarely linked up and compared. In order to perform a full comparative
assessment, the excised specimen would need to be scanned using MRI. The specimen
is then sliced into 3-5mm macro slices and photographs are taken of these slices.
Finally, micro slices that are a few micons thick are stained and analysed and the
tumour and lymph nodes tested for their involvement, using standard pathological
practice.

Current practice is such that macro and micro slices are taken, the tumour and

nodes analysed, and the result that comes back is how many nodes out of those found,
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colorectum, and the histology slices are also perpendicular to the colorectum, but
due to errors in both, these angles can vary by up to 20°. Petroudi et al. [69] have
proposed a method of correcting for this effect, building on the work in this thesis,
especially that of Chapter 3, where the colorectum is automatically tracked using a
snake and a Kalman filter. This method is then used to affinely align the datasets
such that the main axis of the colorectum is aligned.

Having performed these alignments, the lymph nodes present in each dataset can
be found. The pathological result as to whether or not each node is involved can
then be related back to the original MR scans. This is useful for comparisons for the
radiologists who diagnose the nodes in the first place, but also for validation of lymph
node detection algorithms, as we will have a gold standard of the status of each node

after it has been excised.

9.2.3 Local Excision Surgery

One of the main treatment options for colorectal cancer is surgery. Surgery is per-
formed directly in the case of small tumours, or following on from down-staging
chemo/radio therapy for larger tumours. The surgical procedure involves excising
a large volume that consists of the tumour, the colorectum and the surrounding
mesorectum, and as such is a very invasive procedure. Complications can occur as
a result of surgery, especially since many of the patients are old and, in many cases,
very frail.

It has been proposed to introduce a much smaller operation to reduce the risks
associated with surgery, particularly for those patients who just have a small, T1,
or bordering on T2, tumour, with no nodal involvement or metastases. This smaller
operation is called local excision surgery and just involves the tumour, and the very
small area surrounding it, being taken out. Since only a small volume is being excised
the operation is done in a very different way, using minimally invasive procedures.

This idea is yet to be seen in clinical practice due to concern about the risk of

metastatic disease. That is, if there is any spread of the cancer further than the
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primary tumour, then this surgery won’t be curative. Therefore, in order for the
operation to be introduced, the diagnosis needs to be certain. A similar procedure for
breast cancer was introduced approximately 10 years ago, called lumpectomy. It is a
breast conserving surgery, involving removing just the main tumour and the immedi-
ately surrounding tissue. Although it was met with some scepticism at first, it is now
the most common form of breast surgery, and is usually performed in conjunction
with either chemo or radiotherapy. It is hoped that the local excision surgery for
colorectal cancer will have similar success.

However, despite being minimally invasive, the local excision surgery for colorectal
cancers is not straightforward, and there are a number of challenges that need to be
addressed. The first is in diagnosis and decision making. The tumour needs to be
small and not extending into the mesorectal fat. Also, there can be no involved lymph
nodes. Incorporation of lymph node detection algorithms, discussed previously, would
add an extra layer of ‘checking’ as the tumour is staged.

The second challenge lies in surgery planning. As the procedure is so precise,
a plan is made beforehand by the surgeons so they know exactly which area they
are removing. This plan is done using the CT and MR images that were used in
the diagnosis. They need the most recent scans in order to do these plans, and 3-D
visualisation is also helpful when looking at where the tumour is and how the surgeon
is going to get to it.

Finally, as part of the procedure, the patient will have a trans-anal ultrasound
probe inserted into them in order for the surgeon to see exactly the position and
level of invasion of the tumour. An example of such an ultrasound image is given in
Fig. 9.5. The image shows the layers that make up the wall of the colorectum, the
submucosa and the muscle layers, and the tumour is visible in these regions indicating
how far it has extended through the layers. Segmentation algorithms will be useful
in order to analyse these images to highlight the different regions and the tumour.

Registration will also be required in order to compare the ultrasound images to

the MR and CT planning scans so that the surgeon knows which part of the body
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