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Abstract

Hierarchical Clustering-based Segmentation (HCS) Aided
Diagnostic Image Interpretation and Monitoring

Machines are good at operations which require precision and computing objective
measures. In contrast, humans are good at generalisation and making decisions based on
their past experience and heuristics. Hence, to solve any problem with a solution
involving human-machine interaction, it is imperative that the tasks are shared
appropriately. However, the boundary which divides these two different set of tasks is
not well defined in domains such as medical image interpretation. Therefore, one needs
a versatile tool which is flexible enough to accommodate the varied requirements of the
user. The aim of this study is to design and implement such a software tool to aid the
radiologists in the interpretation of diagnostic images.

Tissue abnormality in a medical image is usually related to a dissimilar part of an
otherwise homogeneous image. The dissimilarity may be subtle or strong depending on
the medical modality and the type of abnormal tissue. Hierarchical Clustering-based
Segmentation (HCS) process is a dissimilarity highlighting process that yields a
hierarchy of segmentation results. In this study, the HCS process was investigated for
offering the user a versatile and flexible environment to perceive the varied
dissimilarities that might be present in diagnostic images. Consequently, the user
derives the maximum benefit from the computational capability (perception) of the
machine and at the same time incorporate their own decision process (interpretation) at
the appropriate places. ~

As a result of the above investigation, this study demonstrates how HCS process can be
used to aid radiologists in their interpretive tasks. Specifically this study has designed
the following HCS process aided diagnostic image interpretation applications :

- interpretation of computed tomography (CT) images of the lungs to
quantitatively measure the dimensions of the airways and the accompanying
blood vessels.

+ interpretation of X-ray mammograms to quantitatively differentiate benign from
malignant abnormalities.

One of the major contribution of this study is to demonstrate how the above HCS
- process aided interpretation of diagnostic images can be used to monitor disease
conditions. This thesis details the development and evaluation of the novel computer
aided monitoring (CAM) system. The designed CAM system is used to objectively
measure the properties of suspected abnormal areas in the CT images of the lungs and in
X-ray mammogram. Thus, the CAM system can be used to assist the clinician to
objectively monitor the abnormality. For instance, its response to treatment and
consequently its prognosis. The implemented CAM system to monitor abnormalities in
X-ray mammograms is briefly described below.

Using the approximate location and size of the abnormality, obtained from the user, the
HCS process automatically identifies the more appropriate boundaries of the different
regions within a region of interest (ROI), centred at the approximate location. From the
set of, HCS process segmented, regions the user identifies the regions which most likely
represent the abnormality and the healthy areas. Subsequently, the CAM system
compares the characteristics of the user identified abnormal region with that of the
healthy region; to differentiate malignant from benign abnormality. In processing
sixteen mammograms, the designed CAM system demonstrated the possibility of
successfully differentiating malignant from benign abnormalities.
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Chapter 1 Introduction and Objectives of the Research

1.1. Aim
The aim of this study is to explore the possibility of adopting image processing
techniques to assist medical imaging professionals in perceiving diagnostic images
and thus improve diagnostic capability. Specifically, the Hierarchical Clustering
based Segmentation (HCS) process [Selvan 2007] is investigated for its ability to
augment the diagnostic information present in Computed Tomography (CT) images
for cystic fibrosis (CF) diagnosis and digitised X-ray mammograms, to differentiate

malignant from benign abnormalities.

1.2,Background - _
Radiologists' expertise in reading diagnostic images calls for a combination of
perceptual skills .to find what may be faint and small features in a complex visual
environment, and interpretive skills to rate their (the features') signiﬁcanée [Tabar
and Dean, 1985]. Computing systems are more consistent in their perceiving ability
but they cannot match human interpretive skills. Drawing a line so as to limit the
systemn's interpretive function has the virtue of achieving a complementary synthesis
of system and radiologists' strengths [Claridge 1997]. However, in practice the
question of where to draw the line in computer aided detection/diagnostic systems
between perception andvinterpretation is problematic [Hartswood et al. 1997]. Hence,
one needs a versatile tool which is flexible enough to accommodate the varied

requirements of the user.

1.3. Objective and Purpose of this Study

The objective of this study is to investigate the Ieffectiveness of two paradigm
shifting approaches in the usage of computers to assist and/or aid medical image
processing and subsequent interpretation. This paradigm shift is based on two
methods which will be tested for validity and effectiveness :

«  User decision based medical image processing and HCS process aided Image

Interpretation , ‘ |

» Computer aided (disease) monitoring
The above two new approaches use the decision making skills of the users (medical
imaging professional) and thus maximise the effectiveness and efficiencies of the
image processing techniques. These two new approaches are discussed in detail in

the following two sections.



1.3.1. User Decision based Medical Image Processing and HCS Process Aided
Image Interpretation _
In the area of medical image processing it has so far been a normal practice to offer a
solution for the user under a 'take it or leave it' condition. Moreover, it is usual that
the process is treated as a “black box” by the user who has minimal knowledge of

what happens within the process and how and why it came to a particular solution.

Hence, the user does not have a full understanding of the logic the process made use =

of to arrive upon the solution. This lack of knowledge on the part of the user has led
to situations where the software tools have been used inappropriately by the user. For
example, Alberdi et al [Alberdi et al 2005] have suggested that X-ray mammogram
readers were using computer aided detection (CAD) software as a decision making

- tool instead of a prompting aid. They conclude that "incorrect CAD can have a
detrimental effect on human decisions" [Alberdi et al 2005].

Current prompting based Computer aided diagnosis (CADx) software makes théir
own decision regarding the existence of some abnormality at a location and places a
prompt at that location [Alberdi et al 2005]. The user is left with the choice of either
accepting the prompting software decision or rejecting it. The prompting software
does not indicate how and why that location was prompted. Hartwood et al. [1997]
in their study note that radiologists tried to make sense of the system's behaviour
“from the evidence of the features it had prompted. In their vstudy they had observed
the following responses of the radiologists towards the prompting software's
behaviour [Hartwood 1997]:
« the radiolog_ists had misunderstood the extent of the system's capabilities and
were confused because of apparent inconsistencies in 1ts behaviour.
+ the radiologists were unable to accuratelyv place the system's :operational
scope: i.e., the types of feature it is capable of detecting.
 the radiologists had prdblems with understanding how the system interprets
micro- calcification clusters | |
- the radiologists indicated that they had not seen anything of significance in

the areas prompted.

In the app]i'cation developed to improve users' perception, HCS process highlights
the dissimilar regions. Unlike the prompting, the highlighting process aids the user to
evaluate the significance of the differences highlighted by the HCS process. Hence



the HCS process is more suitable for drawing the attention of the user and thus aiding

in the process of the diagnosis.

Moreover, in the developed solutions in this study, the user makes decisions at key
stages in the process. Such that in the medical image processing solutions developed
in this study, while the computer does its work the user still has full control of the
process and makes key decisions at crucial stages. Thus the solution pathway is
traversed by both the man and machine hand in hand. Hence the user is well aware of -

‘how and why the process arrived upon a solution.

Thus, a new paradigm of “user-decision based image processing” is introduced. It
should be noted that this solution pathway is subtly different from currently existing

* closely related supervised (i.e. user-guided) methods.

The following two applications developed in this study will explain this new and

novel user-decision based image processing approach.

1.3.1.1. User-Decision based CT Image Processing
An application area to demonstrate the developed image processing scheme is to
segment blood vessel, airway wall and lumen, in the CT images of the lungs. One of
the developed methods is fully automated i.e. unsupervised and completely data
driven. Specifyirig a region of interest by the user, the method does not need any
further assistance from the user to do the initial segmentation. However, the method'
yields a set of solutions and the role of the user is to decide and choose the best
segmentation. Subsequently, making use of the user decided segmentation output, the
developed method automatically fits the best fitting ellipse and estimates the

dimensions of blood vessels, airway walls and corresponding lumen.

The above outlined method, cannot be categorised as supervised because the method
carries out the initial segmentation fully automatically without any kind of
intervention from the user. This means that the entire segmentation process is totally

unsupervised.

However, the process as a whole cannot be termed as automatic or unsupervised, that

is, the method as a whole is not fully automatic. This is because once the



unsupervised segmentation stage is performed; the user makes the decision of
choosing the best segmentation most suitable for their use. As per the users' decision,
the method proceeds to the next stage and carries it out without any further

intervention from the user.

1.3.1.2. User Decision based Mammogram Image Processing
Another image processihg application, developed in this study, is to differentiate
benign from malignant abnormalities, by processing X-ray mammograms. The
developed method first does an automatic unsupervised segmentation of the
boﬁndary of the abnormality. But, since the method yields a set of segmentation
‘solutions, it is left.for the user to decide and choose the best segmentation which

defines the boundary of the abnormality most appropriately.

It is practically impossible for the user to precisely delineate the complex boundaries
of the different regions in the image. However, the user is the best judge to choose
the most appropriate segmentation from a set of segmentations (yielded by the HCS
‘process) such that the segmented abnorinality and the healthy parts of the image are
isolated as unique regions. This decision making process includes the user rather than
designing an automated procedure that removes the user from the solution pathway.
Once the correct segmentation which captures the best shape and size of the
“abnormality has been decided by the user, subsequeht objective measure to

differentiate benign from malignant abnormalities is performed by the machine.

In a similar manner to the CT segmentation method, the mammogram segmentation
developed in this study is not supervised because the method does the segmentation
fully automatically without any type of intervention or parémeters tuning by the user.
Thus, the whole segmentation process is fully unsupervised, that is, purely data
driven. The process still needs the decision of the user to decide which segmentation
is best suited for the subsequent objective measure, i.e. the method as a whole is not
fully automatic. This is because once the unsupervised segmentation stage is
performed, the user makes the decision of choosing the best segmentation most
suitable for their use. As per their decision, the method proceeds to the next stage and
carries on without any further intervention from the user. Thus, this method can
neither be categorised as supervised (i.e. user guided) nor unsupervised but rather as

“user-decision” driven based.



1.3.2. Computer Aided (disease) Monitoring (CAM)

In the domain of computers aiding medical image interpretation, so far computers
have been lused for Computer Aided Detection (CAD) and/or Computer Aided
Diagnosis (CADx). Computer aided detcction (CADe) systems address the problem
that radiologists often miss signs of cancers that are retrospectively visible in
mammograms. Furthermore, computer aided diagnosis (CADX) systems assist the
radiologist in the classification of mammographic lesions as benign or malignant
[Elter and Horsch 2009].

In contrast to the above listed current practices, making use of the developed
methods in this study, computers can aid users to "monitor" the progress and/or
prognosis- of disease. Thus, we introduce a new process named Computer Aided

disease Monitoring (CAM) a new paradigm for solution pathway.

The following two applications, for which CAM methods have been developed in
this study, will explain this new and novel approach :
+  Computer aided Monitoring of Cystic Fibrosis

-+ Computer aided Monitoring of breast abnormalities

1.3.2.1. Computer Aided (disease) Monitoring of Cystic Fibrosis
Cystic Fibrosis is normally diagnosed through gene detection. CT images of the
lungs can give visual indications or clue of the presence of the disease; Hence,
stﬁctly speaking medical image processing techniques are neither needed for CAD
nor are they needed for CADx. However, the morphological changes like variation of
_the dimensions of the blood vessels and airways over time cannot be easily
visualised. Hence, the method developed in the current study helps the radiologists to

"monitor" the CF condition's progress and/or prognosis.

1.3.2.2. Computer Aided (disease) Monitoring of Breast Abnormalities
Yet another application which was developed in this study is to differentiate benign
from malignant abnormalities by processing X-ray mammograms. In the method
hereby developed, the approximate location of the abnormality is given by the user.
Hence, the developed method is not a CAD solution. The sevefity of the abnormality
(i.e. whether the abnormality is benign or malignant) will also be subsequently

confirmed by other means such as taking an Ultrasound guided needle biopsy



[Osanai et al. 2000]. Hence the developed method in this study is not a CADx
method either. However, the developed method delineates the boundary of the
abnormality and also differentiates whether that part of the abnormality is benign or
malignant. This is useful to subsequently monitor the size of the abnormality as well
as the response of the abnormality to tréatment. Thus, the developed methbd can be
used as an aid for monitoring the abnormality. Hence, the developed method is
neither CAD nor CADx but rather “CAM”.

1.3.3.Uniqueﬁess and Novelty of the Developed Medical Image Processing Methods
The following are other aspects in which the medical image processing methods,
deVeloped for this .study, are unique and novel when compared to current existing
methods :

- the methods developed in this study need no prior training. The developed
methods find the dissimilarity within the same image. Hence, the input data
can be made use of without any kind of data pre-processing like
normalization.

- the unsupervised, that is, the autonomous components of the method can be
applied to any medical modality image data without any modifications
whatsoever.

For instance, the same HCS process which was made use of to find the
boundaries of the natural scenes (please see Chapter 3 Sectionv3.4) was used,
.without any modifications or parameter tuning, to find the boundaries of the
abnormalities in X-ray mammograms (please see Chapter 5 Section 5.2). For
the segmentation of blood vessels and airway in CT images (please see
Chapter 4 Section 4.3) the only additibnal parameter considered_ was the

spatial distance between the cluster (please see Chapter 4 Section 4.3.4.1).

1.4. Contribution of the Study _
Machines are good at operations which require precision and computing objective
measures. In contrast, humans are good at generalisation and making decisions based
“on their past experience and heuristics. So, to solve any problem with a solution
involving human-machine ihteraction, it is imperative that the tasks are shared
appropriately. However the boundary which divides these two different set of tasks is
not well defined in medical image interpretation. Hence one needs a versatile tool

which is flexible enough to accommodate the varied requirements of the user. In this
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study, the HCS process is investigated for offering the user such a versatile and

flexible environment.

Tissue abnormality in a medical image is usually related to a dissimilar part of an
otherwise homogeneous image. The dissimilarity may be subtle or strong depending
on the medical bmodality and the type of abnormal tissue. HCS is a dissimilarity
highlighting process that yields a hierarchy of segmentation resillts. In this study, the
HCS process was investigated for offering the user a versatile and flexible
environment to perceive the varied dissimilarities that might be present in diagnostic
images. Consequently, the user derives the maximum benefit from the computational
capability (perception) of the machine and at the same time incorporate their own

decision process (interpretétion) atthe appropriate places.

As a result of the above investigation this study demonstrates how HCS process can
be used to aid radiologists in their interpretive tasks. Specifically, this study has
designed the following HCS aided diagnostic image interpretation applications :
« interpretation of CT images of the lungs to quantitatively measure the
dimensions of the airways and the accompanying blood vessels.
+ interpretation of X-ray mammograms to quantitatively différentiate benign

from malignant abnormalities.

One of the major contribution of this study is to demonstrate how the above HCS
aided interpretation of diagnostic images can be used to monitor disease conditions.
This thesis details the development and evaluation of the novel computer aided
monitoring (CAM) system. The designed CAM system is used to objectively
measure the properties of suspected abnormal areas in the CT images of the lungs

and in X-ray mammogram. Thus, the CAM system can be used to assist the clinician |
to objectively monitor the abnormality. For instance its response to treatment and
éonsequently its prognosis. The implemented CAM system to monitor abnormalities

in X-ray mammograms is briefly described below.

Using the approximate location and size of the abnormality, obtained from the user,
the HCS process automatically identifies the more appropriate boundaries of the
different regions within a region of interest (ROI), centred at the approximate

location. From the set of, HCS process segmented, regions the user identifies the



regions. which most likely represent the abnormality and the healthy areas.

. Subsequently the CAM system compares the characteristics of the user identified

abnormal region with that of the healthy region; to differentiate malignant from

benign abnormality. In processing sixteen mammograms, the designed CAM system

demonstrated the possibility of successfully differentiating malignant from benign

abnormalities.

1.5.Thesis Structure

The rest of this thesis is structured as follows :

Chapter 2 : Background and Literature review
Background information related to the following areas of investigation will
be discussed : A ‘ |

+ Image segmentation and clustering.

- Diagnostic image perception and interpretation.

« Computer aided detection and computer aided diagnosis.

. 'Cystic fibrosis.

-+ Breast cancer detection and diagnosis. -

Chapter 3 : Hierarchical Clustering based Segmentation (HCS)

A brief but complete discussion about the functioning, performance and

suitability of Hierarchical Clustering based Segmentation process.

Chapter 4 : HCS Process Aided Interpretation of CT Images of the Lungs to
Monitor Cystic Fibrosis |

Chapter 4 discusses how the HCS procesé can be used to aid users in the
interpretation of diagnostic images. Specifically, details are given about how

the HCS process can be used to aid users to interpret CT images of the lungs

to quantitatively measure the dimensions of the airWays and the

accompanying blood vessels.

Chapter 5 : HCS Process Aided Interpretation of X-ray Mammograms

This chapter discusses how the HCS process can be used to aid users in the
interpretation of diagnostic images. Specifically, details are given about how
the HCS process can be used to aid users to interpret X-ray mammograms to
quantitatively differentiate benign from malignant abnormalities.

Chapter 6.: HCS process aided disease monitoring

This chapter discusses how the HCS process can be used to aid the user in the

monitoring of the following diseases :



- to monitor cystic fibrosis by processing CT images of the lungs.
- to monitor abnormalities of the breast by processing X-ray
fnammograms.
« Chapter 7 :HCS process possibiiities and proposals
‘This chapter discusses how the capabilities of the HCS pfocess developed in
this study can be further explored in the following areas of diagnostic
imaging perception and interpretation : '
+ diagnostic image interpretation of the CT images of the lungs to
monitor cystic fibrosis.
- diagnostic image interpretation of the X-ray mammograms to

monitor breast abnormalities.



Chapter 2 Background and Relevant Studies Review

s

2.1. Introduction '

The main focus of the current study is to explore the possibility of incorporating the
experts' decision process within a diagnostic image processing environment to elicit
objective measures for monitoring diseases. The following are the specific diagnostic
applications for which the above possibility was explored : v

+ Quantitative measure of the airways and the accompanying blood vessels'

dimensions, by processing CT images of the lungs.
« Quantitative differentiation of malignant from benign abnormalities, by

processing X-ray mammograms.

In this chapter' background information from published literature related to the:
following relevant topics is discussed :
- Digital image processing,  specifically, segmentation of regions in digital
images. |
- Diagnosis of Cystic Fibrosis
- Computer Aided Detection and Diagnosis in the context of the abnormalities
of the breast.
Many of the references discussed in this chapter are referred to in the main body of
the thesis in the relevant chapters. The purpose of this chapter is to collate the

literature which informs the study and present it in a unified form.

2.2. Digital Image Segmentation
Image segmentation is an essential processing step for many image analysis
applications. There are indications that there is no general method suitable for all

image analysis applications [Yang and Jiang, 2002].

In one of their publications Yang and Jiaﬁg [2002] list the different types of
segmentation techniques. Available segmentation techniques include thresholding
[Sahoo et al., 1988], region growing [Udupa and Samarasekera, 1996], clustering
[Coleman and Andrews, 1979], classifier [Bezdek et al., 1993], neural network-based
‘approaches [Vilarino et al., 1998], deformable models [Caselles et al., 1997], and
Markov random field (MRF) model based approaches [Andrey and Tarroux, 1998].
Appendix 1 gives a synopsis of the above listed different types of segmentation

techniques.
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Thresholding does not take into account the spatial aspects of an image. This makes
it sensitive to noise. The primary disadvantage of region growing is that it requires
manual interaction to obtain the seed point. Clustering algorithms do not require
training data, but they do require an initial segmentation. Classifier methods are
pattém recognition techniques to partition a feature space derived from the image
using data with known labels. Neural network represents a paradigrh for machine
learning and can be used in a variety of ways for image segmentation. Deformable
models are physically motivated, model-based techniques for delineating region
boundaries using closed. parametric curves or surfaces that deform under the

influence of internal and external forces [Yang and Jiang, 2002].

MRF modelling itself is not a segmentation method but a statistical model which can
be used within segmentation methods. MRFs model spatial interactions between
neighbouring or nearby pixels. These local correlations provide a mechanism for
modelling a variety of image properties [Li, 1985]. In medical imaging,. they are
typically used to take into account the fact that most pixels belong to the same class
as their neighbouring pixels. In physical terms, this implies that any anatomical
structure that c‘onsisis of only one pixel has a very low probability of occurring under
a MRF assumption [Pham et al., 2000].

The methodology of using MRF models to the problem of segmentation has emerged
later and has created a lot of interest. Markov random ﬁeids have been, and are
increasingly being used to model a prior beliefs about the continuity of image
features such as region labels, textures, edges and so on [Lu and Jiang, 2001]. The
main disadvantage of MRF-based methods is that the objective function associated
with most nontrivial MRF problems is extremely non-convex and as such the
minimization problem is computationally very taxing. To reduce the computational
burden, some approaches based on multiresolution techniques have been reported
[Sarkar et al., 2000], [Kim and Yang et al, 1994]. The essence of the MRF
framework on multi-resolution is that it starts processing images at a coarse .
resolution, and then progressively refine them to finer resolution [Yang and Jiang,
2002].
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Hierarchical organization is one of the main characteristics of human segmentation.
A human subject segments a natural image by identifying physical objects and
marking their boundaries up to a certain level of detail. If we suppose that different
subjects segmenting a single image perceive the same objects then, up to variations
in the exact localization of boundaries, the intersection 'of their segments determines
the finest level of detail considered [Arbelaez, 2006].

Segmentation can be thought of as a process of grouping visual information, where
the details are grouped into objects, objects into classes of objects, etc. Thus, starting
from the composite segmentation, the perceptual organization of the image can be
represented by a tree of regions, ordered by inclusion. The root of the tree is the
entire scene, the leaves are the finest details and each region represents an object at a

certain scale of observation [Arbelaez, 2006].

Since the early days of computer vision, the hierarchical structure of visual
perception has motivated clustering techniques to segmentation [Ohlander et al.,
1978], where connected regions of the image domain are classified according to an
inter-region dissimilarity measure. The traditional approach for clustering is a
bottom-up approach, also called-agglomérative clustering, where the regions of an

initial partition are iteratively merged [Nadler and Smith, 1993].

In one of his publication, Arbelaez [2006] studied the segmentation problem in the
framework of data classification, where the notions of tree of regions and scale are
formalized by the structure of indexed hierarchy or, equivalently,l by the definition of
an ultrametric distance on the image domain. He presents a formulation of the
| problem in terms of contours that allows to répresent an indexed hierarchy of regions

as a soft boundary image called ultrametric contour map.

From a theoretical point of view, topological feature clustering is a precise and
powerful partitioning technique. However, designing efficient algorithms is a non-
trivial task, primarily with respect to the processing sequence of the neighbouring
pixels. An implemented algorithm can process pixel vectors only sequentially.
Initializing a merge process means selecting one pixel at a time and computing the
Euclidean distance to its neighbours. Consequently, there is always a preference for

the first neighbour. This fundamental problem underlies all clustering algorithms.
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Two effects occur depending on the counter strategy. Either some large regions
consume all the others without visual significance or restrictive rules leave too many
small regions leading to an over-segmentation. Both problems can be dampened
using heuristic convergence criteria [Tilton, 2000] but the dependency on initial
processing direction remains. A brute force approach, where only those regions with
the smallest overall distance are merged in each step is the only solution to overcome
this effect. This is necessary to achieve independence with respect to rotation and .

translation of the image objects [Thies et al., 2003].

The spectral clustering algorithm is based on the concept of similarity between
locations in an image [Shi and Malik, 1997] [Kannan et al., 2000], [Ng et al., 2001].
Weiss [1999] presents a comparative analysis of various clustering algorithms based

on spectral methods in his publication.

Nearly three qﬁaﬁers of a century ago, Wertheimer [1938] pointed out the
importance of perceptual grouping and organization in vision and listed several key
factors, such as similarity, proximity, and good continuation, which lead to visual
grouping. However, even to this day, many of the computational issues of perceptual
grouping remain unresolved [Shi and Malik, 1997] [Han, et al. 2006].

Since there are many possible partitions of the domain of an image into subsets, how
do we pick the “right” one? Following are two aspects to be considered here :
+ The first is that there may not be a single correct answer. A Bayesian view is
“appropriate as there are several pbssible interpretations in the context of prior
world knowledge.v Bayesian techniques use prior knowledge regarding the
statistical distribution of pixel values from known samples to estimate the
probabilities that an individual pixel value. belongs to each of the component
objects in the image.
The difficulty, of course, is in specifying the prior world knowledge. Some of
it is low level, such as coherence of brightness, colour, texture, or motion, but
equally important is mid- or high-level knowledge about symmetries of
objects or object models. [Shi and Malik, 1997].
- The second aspect is that the partitioning is inherently hierarchical.
Therefore, it is more appropriate to think of returning a tree structure
corresponding to a hierarchical partition instead of a single “flat” partition

[Shi and Malik, 1997].
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This suggests that image segmentation based on low-level cues cannot and should
not aim to produce a complete final “correct” segmentation. The objective should
instead be to use the low-level coherence of brightness, colour, texture, or motion
attributes to sequentially come up with hierarchical partitions. Mid- and high-level
knowledge can be used to either confirm these groups or select some for further
attention. This attention could result in further repartitioning or grouping. Prior
literature on the related problems of clustering, grouping and image segmentation is
huge. The clustering community [Jain and Dubes, 1988] has offered agglomerative
and divisive algorithms; in image segmentation, there are region-based merge and
- split algorithms [Shi and Malik, 1997].

Hierarchical Cllistering-based Segmentation (HCS) [Selvan 2007] implements the
traditional agglomerative clustering. The HCS procedure automatically generates a
hierarchy of segmented images. The hierarchy of segmented images is generated by
partitioning an image into its constituent regions at hierarchical levels of allowable
dissimilarity between its different regions. At any particular level in the hierarchy, the
segmentation process cluster the pixels and/or regions which have dissimilarity
among them less than or equal to the dissimila:ity allowed for that level. Thus
Hierarchical clustering based segmentation (HCS) prbcess mimics the capability of

human vision [Selvan 2007].

The hierarchy of segmented images generated by the HCS process represents the

continuous merging of similar, spatially adjacent or disjoint, regions as the allowable

threshold value of dissimilarity between regiéns, for merging, is gradually increased.

Other similar Agglomerative hierarchical clustering or bottom-up methods suffer

from a distorting phenomena, in which the cluster structures depend on the order in

which -the regions are considered for merging [Nadler, 1993]. The brute force

approach, followed by the HCS process, where only those regions with the smallest

overall dissimilarity are merged in each step, is the only solution to overcome this -
effect [Thies, 2003]. | |

HCS process is unsupervised and is completely data driven. This ensures that the
segmentation process can be applied to any image, without any prior information
about the image data and without any need for prior training of the segmentation

process with the relevant image data [Selvan 2007].
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Unsupervised image segmentation is an important component in many image
understanding algorithms and practical vision systems. However, evaluation of
segmentation algorithms thus far has been largely subjective, leaving a system
designer to judge the effectiveness of a technique based only on intuition and results
in the form of a few example segmented images. This is largely due to image
segmentation being an ill-defined problem-there is no unique ground-truth
segmentation of an image against which the output of an algorithm may be
-~ compared. Unnikrishnan et al. [2007] in their paper demonstrate how é recently
proposed measure of similarity, the Normalized Probabilistic Rand (NPR) index, can
be used to perform a quantitative comparison between image segmentation
algorithms using a hand-labelled set of ground-truth segmentations. They showed
that the measure ailows_ principled comparisons between segmentations created by
different algorithms, as well as segmentations on different images. They outline a
procedure for algorithm evaluation through an example evaluation of some familiar
algorithms. Results are presented on the 300 images in the publicly available
Berkeley Segmentation Data Set [Unnikrishnan et al. 2007].

Martin et al. [2002] [2004] designed the Berkeley segmentation dataset and
benchmark system. The goal of their work is to provide an empirical basis for
research on image segmentation and boundary detection. To this end, they have
collected 12,000 hand-labelled segmentations of 1,000 Corel dataset images from 30
“human subjects.v Half of the segmentations were' obtained from presenting the
subject with a colour image; the other half from presenting a grayscale image. The
public benchmark based on this data consists of all of the grayscale and color
segmentations for 300 images. The images are divided into a training set of 200
images, and a test set of 100 images. The goal of the benchmark is to produce a score
for an algorithm's boundaries for the following two reasons:
» so that different algorithms can be compared to each other

+  so that progress toward human-level performance can be tracked over time.

Any boundary marked by a human subject is considered to be valid. Thus the human
segmented images provide the ground truth boundaries. Since they have multiple
segmentations of each image by different subjects, it is the collection of these

human-marked boundaries that constitutes the ground truth. Presented the
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segmentation (boundary) output of some algorithm for an image. The boundary map
of the algorithm is compared with the ground truth boundaries at many levels. At
each level, two quantities -- precision and recall — are cdmputed and in this manner a
| precision-recall curve for the algorithm is produced. Precision and recall are similar
to, but different from the axes of ROC curves. Precision is the probability that a
machine-generated boundary pixel is a true boundary (ground truth) pixel (Equation
2.1). Recall is the probability that a true boundary (ground truth) pixel is detected
(Equation 2.2). Martin et al. [2002] [2004] consider these axes to be sensible and
intuitive. Precision is a measure of how much noise is in the output of the detector.
Recall is a measure of how much of the ground truth is detected. The curve shows
the inherent trade-off between these two quantities -- the trade-off between misses
and false positives -- as the detector thresholdAchanges. The performance of the
algorithm is found by the following summary statistic : The F-measure is found at all
points on the precision-recall curve (Equation 2.3). The maximum F-measure value

across an algorithm's precision-recall curve is its summary statistic.

+ . — tp
Precision = e _ [2.1]
t » . '
Recall = vy ' : [2.2] |
_ (PrecisionX Recall)
((1= &)X Precision+o X Recall) [2.3]
Where :

t, is True positive
f , is False positive
[ is False negative

Value of a is set to 0.5 [Martin et al. 2002]
The above detailed benchmarking process was used to evaluate the performance of |

the HCS process [Selvan, 2007], which is made use of in this study (For further
details please see Chapter.3 Section 3.4). |
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2.2.1. Medical Image Segmentation
Diagnostic imaging is an invaluable tool in medicine today. Magnetic resonance
imaging (MRI), CT, digital X-ray mammography, and other imaging modalities (like
Ultrasound etc.) provide an effective means for non-invasively mapping the anatomy
of a subject. These technologies have greatly increased knowledge of normal and
diseased anatomy for medical research and are a critical component in diagnosis and

treatment planning [Pham et al., 2000].

With the increasing resolution and number of medical images, the use of computers

in facilitating their processing and analysis has become necessary. In particular,
computer algorithms for the delineation of anatomical structures and other regions of
inteljest are a key component in assisting and automating specific radiological tasks.
These algorithms, called image segmentation aigorithms, play a vital role in
numerous biomedical imaging applications such as the quantification of tissue
volumes [Larie and Abukmeil, 1999], diagnosis [Taylor, 1995], localization of
pathology [Zijdenbos and Dawant, 1994],. Study df anatomical structure [Worth et al.,
1997], treatment planning[Khoo et al., 1997], partial volume correction of functional
imaging data [Muller-Gartner et al., 1992}, and computer integrated surgery [Ayache
et él., 1996] [Grimson et al.,, 1997]. Additional surveys on image segmentation
specifically for medical images have also appeared [Chaney and Pizer, 1992]
[Bezdek et al., 1993] [Suetens et al., 1993] [Zijdenbos and Dawant, 1994] [Clarke et
al., 1995] [Ayache et al., 1996] [Pham et al., 2000].

The methods employed for medical image segmentation can be divided into the
following different categories, viz. thresholding approaches, régipn growing
approaches, classifiers, clustering approaches, Markov random field mbdels,
artificial neural networks, deformable models, atlas-guided approaches, model-fitting -
“and watershed algorithm [Pham et al., 2000].

A short critical synopsis of each of the above different segmentation methods and
their corresponding advantages and disadvantages, as outlined by Pham et al. [2000],
in their survey on the methods in medical image segmentation can be found in

..Appendix 1.
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2.3. Cystic Fibrosis

Cystic Fibrosis (CF) is a recessive genetic condition. It is the most common
autosomal recessive genetic disorder among the Caucasian population. CF is caused
by one or more mutations invol\iing the CF transmembrane conductance regulator
(CFTR) gene located on chromosome 7. These mutations generally affect ion
transport within epithelia-primarily chloride and sodium transport. As a result, there
is dehydration and production of thick secretions in many affected organs, most |
notably the lungs. In the lung, the presence of highly viscous secretions from chronic
infection and inflammation causes airway obstruction and subsequent
vasoconstriction of the vessels in the microcirculation. This, in turn, causes perfusion
defects, altering lung function and ultimately leads to a poor prognosis [NIH
Publication-No.-95-3650]

The first step towards improving both life expectancy and the quality of life for
patients with CF is to diagnose and monitor the condition. Radio]ogié technolbgy
plays a key role in fhese processes. Computed tomography, especially the high-
resolution CT (HRCT) scan, has b_ecomé the preferred imaging test to detect early

pulmonary disease, before symptoms develop.

CF results in inflammation, hence thickening of airway (AW) walls. It has been
demonstrated that AW inflammation begins early in life producing structural AW
damage. Because this damage can be presént in patients who are relatively
asyrhptomatic, lung disease can progress insidiously. High-resolution computed
tomographic imaging has also shown that the AWs of infants and young children
with CF have thicker walls and are more dilated than those of normal children.
[Mumcuoglu, et al., 2009] |

Long et al., [2004] conducted a study to determine whether the airway structure of
infants and young children with CF differs from that of normal children by using
HRCT imaging. Full-inflation, controlled ventilation HRCT images of the lungs
were obtained at four anatomic levels in 34 infants with CF (age, 2.4+/-1.4 years)
“and 20 control infants (age, 1.8+/-1.4 years). Short axis diameters of all clearly
identifiable, round airway/vessel pairs were measured to obtain airway wall thickness
(AWT), airway lumen diameter (ALD), and vessel diameter (VD). They found that
in infants with CF, mean AWT (+/-SD) was 0.58+/-0.13 mm, ALD was 1.31+/-0.56
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mm, and VD was 1.62+/-0.58 mm. In control infants, mean AWT was 0.49+/-0.13
| mm, ALD was 1.07+/-0.42 mm, and VD Was 1.86+/-0.64 mm. Mean AWT and ALD
were greater in children with CF than in normal subjects (P<.001). ALD:VD ratios
increased .with age in patients with CF compared with control subjects (P=.026).
They concluded that the airways of infants and young children with CF have thicker

walls and are more dilated than those of normal infants [Long et al., 2004].

de Jong et al. [2005 (July)] carried out a study to quantify airway wall thickening and
lumen dilatation in children with CF over a 2-year interval. Children with CF (n =
23) who had two CT scans (CTcfl and CTcf2) combined with pulmonary function
tests (PFTs), with a 2-year interval between measurements, were compared with
. control subjects (n = 21) who had one CT (CTcontrols). On cross-sectional cut
airway-artery pairs; éirway wall area (WA), airway lumen area (LA) and perimeter,
and arterial area (AA) were quantified. LA/AA (= marker of bronchiectasis), airway
wall thickness (AWT), and WA/AA (= markers of wall thickness) were calculated.
CT scans were scored usiﬂg four different scoring systems. PFTs were expressed as
percent predicted. They found that Airway WA-to-AA ratio was 1.45 (P <0.001) and
airway LA-to-AA ratio was 1.92 times higher (P < 0.001) in children with CF
compared with age-matched control subjects. LA/AA and WA/AA remained
unchanged from CTcfl to CTcf2 and did not increase with age. AWT as a function
of airway size increased from CTcfl to CTcf2 by 2% (0.03 mm; P = 0.02). The
change in AWT was inversely related to the change in forced expiratory flow
between 25 and 75% of expiratory VC (P = 0.002). They concluded that in CF,
quantitative measurements of airways on CT scans show an increased ratio between
airway LA and AA and progressive airway wall thickening. Scoring systems show

progression of bronchiectasis but unchanged AWT. PFTs remained stable.

In the above discussion P value is the probability that the observation occurred by

chance. Lower the P value higher the confidence one will have about the observation.

In a study involving 22 male and female patients by Dodd et al. [2006], the
correlation between exercise limitation and HRCT was stronger than it was between
pulmonary function testing or body mass index. Zavalett et al. [2007] performed a
- study which demonstrated that computer aided analysis of CT images can be used
towardé quantification of various pathologies present in lungs with -UIP/IPF. (UIP )
Usual Interstitial Pneumonitis) (IPF - Idiopathic Pulmonary Fibrosis).
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2.3.1. Measurement of Airways and Blood Vessel Dimensions in CT Images

- Ever since the site and nature of airflow obstruction in chronic obstructive
pulmonary disease was described by Hogg, Thurlbeck, and Macklem, investigators
have been looking for methods to noninvasively measure the airway wall
dimensions. Recent advances in CT technology and new computer algorithms have
made it possibie to visualize and measure the airway wall and lumen [Coxson and
Lam, 2009].

In general, CT has been found to be more sensitive to early changes in CF lung
disease, often precéding any change in lung function [de Jong, 2004], [Brbdy, 2004],
[Hélbich, 1999]. Accurate segmentation is essential for making measurements that
can be made on CT images of airways and the blood vesséls. The advantages to use
computer methodologies to quantify peripheral airway disease include reproducible
visualization methods to display the location, severity, and the extent of airway
dilatation, bronchial wall thiékéning, and the presence of mucoid impacted éirways.
[Kiraly, 2008].

de Jong et al. [2005] have carried out a detailed review of the earlier studies which
had attempted to quantitatively assess the dimensions of airways through CT images
of the lungs. In that review they have mentioned that Saba et al.[2003] have
developed an alternate technique for measurihg airways that are not cut in cross-
section. This method involves fitting an ellipse to the airway lumen and wall, and
shows vgreat promise in corrécting the errors in measurement of obliquely cut
- airways. They also note that these techniques claim to be more accurate than the
more commonly used techniques, but have not been generally applied, presumably
because of the limited aVailability of the complex algorithms involved. An excerpt

from de Jong et al. [2005] review can be found in Appendix 2.

The HCS process based method of segmentation of airways and the accompanying
blood vessels, developed in the present study, approximates their boundary by fitting
an ellipse (please refer'Chapter 4 Section 4.3.7).

Coxson and Lam [2009] in their publication have critically reviewed the progression
of computer techniques to qualitatively assess the Airway wall using CT. Relevant

material extracted from their publication can be found in Appendix 3.
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From Coxson and Lam [2009] publication the following chronology of publications,

related to computer techniques developed to qualitatively assess the Airway wall

.using CT, can be seen :

1992 — 1994 : publications on how to best trace the airway wall to produce
the best images [McNamara et al. 1992], [Seneterre et al., 1994], [Okazawa
et al., 1996]. |

1996 : realisation that quantitative meaéurements of airway structure were
very dependent on the display parameters of the image [Bankier et al., 1996].
1997 — 2002 : early very simple approaches using threshold techniques to
find the lumen [McNitt-Gray et al., 1997] and simple algorithms like the full-
width at half maximum to assess the wall area [Nakano et al., 2002], [Nakano
et al., 2002]. '

1997 — 2003 : More complex algorithms using model-based approaches to
provide more reliable measurements were developed [Reinhardt et al., 1997],
[King et al., 2000], [Saba et al., 2003], [Leader et al., 2003], [San et al.,
2008]. ‘ '
2005 — 2008 : Correlation between airway wall measurements obtained using
CT and those obtained using histology [Nakano et al., 2005] and subjects
with symptoms of chronic bronchitis have more airway wall thickening than
those with airflow limitation but no symptoms [Orlandi et al., 2005], [Patel
et al., 2008].

Most of the studies listed above were performed using traditional HRCT scans.’

During this time period, CT imaging took a leap forward in complexity with the

introduction of the multi-detector row CT (MDCT) scanner. MDCT scanners have

allowed the acquisition of sub-millimeter thickness images of the entire chest within

a single breath-hold of 5 to 15 seconds. These new images can have the same

resolution in the X, Y, and Z dimensions (isometric voxels), allowing images to be

reconstructed in any orientation without loss of spatial resolution. This has greatly

facilitated the visualization of airways and vessels that are oriented in a radial pattern

around pulmonary hila (Figure 2.1) [Coxson and Lam 2009] .
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This figure shows a thin slice (1-mm slice thickness) computed tomography (CT) scan
acquired using a multi-detector CT scanner (A) in the traditional transverse plane and
reformatted into (B) the coronal plane (Image and caption courtesy Coxson and Lam,

2009).

In a more recent study Mumcuoglu, et al., [2009] have developed a computerized
| method which allows rapid, efﬁcient and accurate assessment of computed
tomographic airway wall (AW) and vessel (V) dimensions from axial CT lung
images. Here they developed a full-width-half-max [Reinhardt et al, 1997] based
automatic AW and V size measurement method. In their method the only user input
required was the approximate centre marking of AW and V by an expert. They
evaluated their method on a patient population of 4 infants and 4 children with

different stages of mild CF related lung disease. Their automated method for
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assessing early AW disease in infants and children with CF represents a potentially

useful outcome measure for future intervention trials [Mumcuoglu et al., 2009].

Following are thevlimitations, identified by Coxson and Lam [Coxson and Lam,
2009], in the use of CT scanning to measure airways : (The material extracted from
their publication can be found in Appendix 4)

« limitation in the resolution of the CT scanner. In the usual clinical CT

- scanning, the field of view limits the pixel size to approximately 0.5 mm in
the X and Y dimension. This means that the airways that are responsible for
airflow limitation are below the resolution of the CT scanner.

« there is no definitive data on the best algorithm to measure the airway wall.
Whilst zi great deal of research has gone into airway wall algorithms
[Reinhardt et al., 1997], [Saba et al., 2003], [Nakano et al., 2000], [Hasegawa
et al., 2006], [Brown et al., 2000], [King et al., 1999], [Montaudon et al.,
2007], [Aykac et al., 2003], [Tschirren et al., 2005], there is no clear
indication that one algorithm provides more useful data than another one.

- the analysis of airways using three-dimensional algorithms is still in its
infancy, these analyses have a long way to go before they become practical in
the clinical setting. As such they remain in the research domain and are

limited in their applicability

2.4. Computer Aidéd Detection and Diagnosis of Breast Abnormalities in X-ray
Mammograms |
Breast cancer is one of the leading causes of death in women. Studies have indicated
that cure rates dramatically increase if the breast lesion can be detected at a size less
than 1 centimetre, which is too small for the lesion to be palpable. The only way a

lesion this small can be detected is through screening mammography.

Mammographic interpretation is one of the most difficult tasks in all of radiology.
Reading mammograms can be more of an art than a science. Breast parenchymal
patterns are not stable between patients, between left and right breasts, and even
within the same breast from year to year in the same patient. Positioning, particularly
in the medio]ateral oblique projection, and the amount of compression applied are
variable from examination to examination. Breast cancer has a varied appearance on

mammograms, from the obvious spiculated masses, to very subtle asymmetries noted
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variable mammograms and differing breast cancer patterns) at a level that would be
clinically relevant (i.e., not missing any or many cancers)without causing more
problems (eg, many false-positive results)? It is a lot to ask, even of a computer.
[Liane E.and Philpotts, MD, 2009]

CAD tools use software to analyse digital or digitized images to find features
associated with the target disease. The objective of CAD is to mark suspicious
findings on the monitor and/or on a print of the image to help radiologists detect
lesions (Figure 2.3). CAD algorithms work by identifying areasof signal in images
that may contain a cancer. The standard approach is to use thresholding algorithms to
identify as many true signals and as few false signals as possible. Signal data are
separated from the background in a process known as segmentation. The signals are
then subjected to a probabilistic analysis to assess the likelihood that the structure on
the image contains malignancy-induced abnormalities [Nishikawa and Vyborny,
2007]. The final result is a CAD prompt if the probability of cancer being present is
sufficiently high. All CAD systems must also be trained on a database of real cases
before they are used in clinical practice. These cases should ideally be prbven by
biopsy or; if not, by follow-up of at least two years. The incidence and type of
disease should mirror that expected in the target population [Bazzocchi et al., 2007].
A basic method for assessing CAD performance during the training period is to plot
the free-response receiver operating characteristic (FROC). This represents the
. sensitivity of the system in detecting cancer as a function of the averaged nﬁmber of
false-positive marks on each image. The best performing CAD systems will have a

low false-positive rate as well as high sensitivity [Nishikawa and Vyborny, 2007].
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Figure 2.3 - CAD marking of micro-calcification.
Digital mammogram (cranlocaudal view) of 57-year-old woman. CAD correctly marked cluster
of micro-calcification (square mark) and mass (round mark). Percutaneous biopsy targeted on
mass revealed invasive ductal carcinoma. (Image and caption courtesy Bazzocchi et al. 2007).

The concept of computer-aided detection (CADe) was introduced more than 50 years
ago; however, only in the last 20 years there have been serious and successful
attempts at developing CADe for mammography [Nishikawa and Vyborny, 2007].
The introduction of systems for automated reading in mammography has been
proposed to improve the sensitivity [computer-aided detection (CADe) systems] and,
more recently, the specificity [computer-aided diagnosis (CADi) systems] of the test.
Only CADe systems have been approved by the U.S. Food and Drug Administration
(FDA) and are used in current practice [Bazzocchi et al., 2007]. The first CAD tools
were approved by the U.S. FDA for clinical use in 1998. Several commercial and

non-commercial CAD systems have since become available [Girometti et al., 2010].

These systems are still under investigation. Several studies have demonstrated that
they are beneficial to inexperienced readers and that, through comparison with the
computer, radiologists see an improvement in their performance. There is still
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considerable variation among different studies in the level of benefit deriving from
CAD. Therefore, the role of these systems in clinical practice is still debated, and
their real contribution to the overall management of the diagnostic process is not yet
clear [Bazzocchi, et al., 2007].

Ciatto et al. [2006] evaluated the role of CAD in cancers undergoing double reading
and detected by one reader only. A series of 33 cancers, originally missed by the first
reader and detected by the second reader, and 75 negative controls were processed to
assess CAD sensitivity, and were read with the help of CAD printouts by the six
radiologists who originally missed the cancers. Their findings were, CAD case-based
éensitivity, specificity and positive predictivé value were 51.5%, 18.6% and 21.7%,
respectively. Average sensitivity of all radiologists in all cancers in the series was
74.7%, being higher for CAD+ (86.2%) than for CAD- (62.5%) cancers (P<0.01).
When reading cancer cases that they had originally missed, radiologists had a
sensitivity of 75.8%, which was higher for CAD+ (100.0%) than for CAD- (58.3%)
cancers. They also found that the average recall rate was 14.2%, the majority of
recalls (45 out of 64) occurring for lesions marked by CAD. Their conclusion was
CAD may help in detecting at most half of cancers missed at a single reading but

detected by a second reader.

Onega et al. [2010] examined radiologists' use and perceptions of CAD and double
reading for screening mammography interpretation. They did a mailed survey of 257
community radiologists participating in the national Breast Cancer Surveillance
Consortium (USA) to assess perceptions and practices related to CAD and double
. reading. They classified radiologists' overall perceptions of CAD and double reading
on the basis of their agreement or disagreement with specific statements about CAD
and double reading. The results of their survey were that most radiologists (64%)
reported using CAD for more than half the screenihg mammograms they interpreted,
but only <5% reported double reading that much. More radiologists perceived that
double reading improved cancer detection rates compared to CAD (74% vs 55%
reported), whereas fewer radiologists thought that double reading decreased recall
rates compared to CAD (50% vs 65% reported). Radiologists with the most
favourable perceptions of CAD were more 1ikely to think that CAD 'improved cancer
detection rates without taking too much time compared to radiologists with the most

unfavourable overall perceptions. In latent class analysis, an overall favourable
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perception of CAD was significantly associated with the use of CAD (81%), a higher
percentage of workload in screening mammography (80%), academic affiliation
(71%), and fellowship training (58%). Perceptions of double reading that were most
favourable were associated with academic affiliation (98%). They concluded
radiologists' perceptions were more favourable toward double reading by a second
clinician than by a computer, although fewer used double reading in their own
practice. The majority of radiologists perceived bothFCAD and double reading at
least somewhat favourably, although for largely different reasons [Onega et al
2010].

One method of helping radiologists screen mammograms for signs of cancer is
prompting, in which computer based algorithms are used to detect potential
abnormalities in digital images and to draw attention to the corresponding regions in
the original films. Prompting aims to improve radiologists' performance by reducing
the number of false negative errors, i.e. cases in which a mammogram containing a
significant abnormality is classified as normal. Alberdi et al. [2005] examined the
effects of CAD prompts on performance, comparing fhe'nggative effect of no prompt
on a cancer case with prompts on a normal case. They showed that no prompt on a
cancer case can have a detrimental effect on reader sensitivity and that the reader
performs worse than if the reader was not using CAD. This became particularly
apparent when difficult cases were being read. They suggested that the readers were -
using CAD as a decision making tool instead of a prompting aid. They conclude that
“incorrect CAD can have a detrimental effect on human decisions" [Alberdi et al.,
2005]. The goal of a CAD system is to reduce errors by drawing radiologists'
attention to possible abnormalities. CAD is not intended to be used as a computer-
aided diagnosis tool, i.e. the decision as to whether a feature is of clinical
| significance remains with the radiologist. In practice, however, the distinction
between detection and diagnosis may be blurred. One study has indicated that, for
subtle microcalcification clusters, subjec_:ts' confidence that a cluster was present was
increased if the cluster was prompted, and decreased if the cluster was unprompted
[Chan et al., 1990]. Another study reported that prompting can entail an increase in
false positive decisions without necessarily having an overall effect on confidence
levels [Mugglestone et al., 1996]. The first study would seem to indicate that
radiologists' confidence with respect to the detection task is affected by prompting,

but that their diagnostic decision making remains largely unaffected. The second
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study, however, raises doubts regarding the latter vco’nclusion [Hartswood et al.,
1998].

The gold standard of symptomatic breast diagnosis for more than a decade has been
triple assessment by clinical examination, needle biopsy and X-ray mammography
[The Breast Surgeons Group of the British Association of Surgical Oncology, 1995].
Recently, Ultrasound is used increasingly for symptomatic cases. Moss et al. [1999]
analysed the role of ultrasound, freely used, to supplement X-ray mammography, and
showed that the resultant sensitivity is extremely high. but that it must be used in
conjunction with needle bidpsy to achieve satisfactory specificity and avoid
unnecessary benign surgical biopsies. Their study of 559 biopsied symptomatic cases
showed that targeted ultrasound, used liberally as an adjunct to X-ray
mammography, increased their cancer detection rate by almost 15%. but at the
expense of reduced specificity. Their study illustrated the limitations of X-ray
mammography in a symptomatic population, but showed that ultrasound covers the
shortfall in most cases, with only one cancer near the nipple not detected by either
imaging test (0.4% of cancers). They therefore recommended performing ultrasound
in all women in whom there is a clinical suspicion of malignancy even if the X-ray
mammograrh is normal. Importantly, there were 11 cancers (4.3% of cancers in the
study) in patients in whom an abnormality was seen in the area of clinical concern on
one or both investigations but categorized as benign. This underlines the necessity
that any focal X-ray mammographic or ultrasound abnormality should undergo
needle biopsy [Moss et al. 1999]. .

Rahbar et al. [1996] in their study of one hundred and sixty-two consecutive solid
masses with a tissue diagnosis found that the US features that most reliably
characterize masses as benign were a round or oval shape (67 of 71 [94%] were
benign), circuinscribed margins (95 of 104 [91%] were benign), and a width-to-
anteroposterior (AP) dimension ratio greater than 1.4 (82 of 92 [89%] were benign).
Features that characterize masses as malignant included irregular shape (19 of 31
[61%] were malignant), microlobulated (four of six [67%] were malignant) or -
spiculated (two of three [67%] were malignant) margins, and width-to-AP dimension
ratio of 1.4 or less (28 of 70 [40%] were malignant).They also investigated the
general applicability and interobserver variability of US features in differentiating

benign from malignant solid breast masses. They found that if the three most reliable
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criteria had been strictly applied by each radiologist, the overall cancer biopsy yield
would have increased (from 23% to 39%) by 16%. When US images and
mammograms were available, the increase in biopsy yield contributed by US was not
statistically significant (2%, P = .73). They concluded that certain US features can -
help differentiate benign from malignant masses. However, practice and interpreter
variability require further exploration before these criteria are generally applied to

defer biopsy of solid masses.

Surgeons are frequently faced with the question of whether to biopsy those palpable
abnormalities in the setting of normal radiographic studies. One might propose that
such lesions could be safely observed rather than immediately biopsied. Bayer and
Moonka [2002] investigated the relationship of non biopsy to how mahy cancers
would escape detection? To address this issue, a population of patients with known,
palpable breast cancer was retrospectively examined to determine the frequency of
normal or benign findings on both mammography and ultrasonography. The results
of their study indicated that nearly 4% of women with breast cancer who present
with palpable lumps will have normal or benign findings on both mammography and
ultrasonography. Their data supported prior studies of similar false negative rates. |
2.4.1. Segmentation and Detection of Abnormalities in X-ray Mammographic
Images
Pham et al. [2000] in their survey, on methods employed for medical image
~ -segmentation, have identified the following processes and procedures (For an extract

from their publication please refer Appendix 5)

In delineating suspicious masses for mammography, segmentation methods are
typically employed in one of two ways.

« In the first approach, the mammogram is initially segmented into candidate
regions which are then labelled as being suspicious or normal [Polakowski et .
al., 1997], [Li et al., 1995], [Ibrahim et al., 1997], [Karssemeijer, 1997].

. In the second approach, the image is first processed to detect for the presence
of pathology and a segmentation is performed as a final step to determine its
precise location [Cheng et al., 1998], [Kupinski and Giger, 1998] [Gupta and
Undrill, 1995], [Chen and Lee, 1995]. '
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Thresholding and its variations are the most often used segmentation technique in X-
ray mammography [Polakowski et al., 1997], [Strickland and Hahn, 1996], [Cheng
et al., 1998], [Gupta and Undrill, 1995], [Ibrahim et Mon Jan 30 21:36:26 GMT
2012al., 1997], although extensions of region growing methbds have ‘also been
proposed [Kupinski and Giger, 1998], [Pohlmah et al., 1996]. A comparison of

thresholding and region growing was presented in [Kallergi et al., 1992].

Because pathological areas often possess different textural properties in
mammograms, Markov random field methods have also been successfully employed
[Liet al., 1995], [Chen and Lee, 1995].

It is widely accepted in the medical community that breast tissue density is an
important risk factor for the development of breast cancer [Oliver et al. 2006]. Thus,
the development of reliable automatic methods for classification of breast tissue is
justified and necessary. Although different approaches in this area have been
proposed in recent years, only a few are based on the Breast Imaging Reporting and
Data System (BIRADS) classification standard. Oliver et al. [2006] reviewed
different strategies for extracting features in tissue classification systems, and
demonstrated, not only the feasibility of estimating breast density using automatic
computer vision techniques, but also the benefits of segmentation of the breast based
on internal tissue information. Their evaluation was based on the full Mammographic
Image Analysis Society (MIAS) [Suckling et al., 1994].digital mammogram database
classified according to BIRADS categories, and agreement between automatic and
manual classification of 82% was obtained. Adel et al. [2007] in their study explored
the possibility of the segmentation of breast anatomical regions, pectoral muscle,
fatty and fibroglandular regions, using a Bayesian approach. The developéd method
was tested on 50 digitized mammograms of the mini-MIAS database [Suckling et al.,
1994]. Computer segmentation was compared to manual one made by a radiologist.
They report that a good agreement was obtained on 68% of the mini-MIAS X-ray
mammographic image database used in their study [Adel et al., 2007].

CADe systems address the problem that radiologists may miss signs of cancers that
are retrospectively visible in mammograms. Furthermore, computer-aided diagnosis
(CADx) systems have been proposed that assist the radiologist in the classification of

 mammographic lesions as benign or malignant. Elter and Horsch [2009] present a
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review of the state of the art of CADx approaches. Their survey is restricted to the
* two most important types of mammographic lesions: masses and clustered
microcalcifications. Furthermore, it focuses on articles published in international

journals.

Oliver et al., [2010] reviewed the performance of methods designed to automatically

detect and diagnose masses in X-ray mammographic images.

The important sign for the breast cancer detection is the presence of lesions such as
microcalcification clusters (MCCs). For MCCs, the interpretations of their presence
are very difficult because of their morphological features. For example, the sizes of
MCC:s are typically in the range of 0.1mm-1.0mm and the average is about 0.3mm,
imply‘ing it can easily be overlooked by a radiologist. While in some dense tissues,
and/ or skin thickening, MCCs areas are almost invisible to be seen by examining
radiologi‘st. The dense tissues especially in younger women may easily be
misinterpreted as MCCs due to film emulsion error, digitization artifacts or
anatomical structures such as fibrous strands, breast borders or hypertrophied lobules
that are almost similar to MCCs. Other factors that contribute to the difficulty of
MCCs detection are due to their fuzzy nature, low contrast and low distinguishability
from their surroundings [Chang and Cui, 2004]. Yusof et al [2007] in their
publications have reviewed the computer-aided detection and diagnosis systems for

microcalcifications.

Liu et al. [2001] discussed their multiresolution scheme for the detection of
spiculated lesions in digital mammograms. In their first approach first, a
multiresolution representation of the original mammogram was obtained using a
linear phase nonseparable two-dimensional (2-D) wavelet transform. A set of
featureswas extracted at each resolution in the wavelet pyramid for every pixel. Their
approach addresses the difficulty of predetermining the neighborhood size for feature
extraction to characterize objects that may appear in different sizes. Detection was
performed from the coarsest resolution to the finest resolution using a binary tree .
classifier. Their top-down approach required less computation by starting with the
least amount of data' and propagating detection results to finer resolutions. To
evaluate the computer diagnosis results, they adopted the criteria suggested by

Kegelmeyer et al. [1994] by which a computer finding is considered as a true

32



positive detection if its area is overlapped by at least 50% of a true lesion as
indicated by an expért radiologist; a computer finding that does not so overlap a true
lesion is considered as false positive; and a true lesion that is not overldpped by any
computer finding is considered as false negative. By these criteria, the diagnostic
accuracy performance of their algorithm on the MIAS [Suckling et al. 1994]
database was 84.2% true positive detection at less than 1 false positive per image and

100% true positive detection at 2.2 false positive per image.

2.5. Studies Most Relevant to the Current Study ‘
In the following chapters it will be detailed how the author's Hierarchical Clustering-
based Segmentation process was used :

- to segment regions in digital images (specifically medical images Chapter 3)

- to combine machines' power of perceiving details, in images, with the human
interpretive skills to design quantitative measures to monitor abnormalities in
diagnostic images (specifically CF Chapter 4 and breast abnormalities
Chapter 5)

To successfully implement the above applications the current study made use of the
following methodologies : ’
. Hierarchical clustering-based process to segment images
« Incorporating users' interpretive knowledge within a computer aided
diagnoses process.
Given below are the studies which are of relevance to the above methbdologies

adopted by the current study.

In relevance to hierarchical segmentation of images :
Shi and Malik are one of the very few researchers who insist that a single
segmentation solution is not appropriate and that only hierarchical segmentation
output should be produced. Their strong recommendation "..image segmentation
based on low-level cues cannot' and should not aim to produce a cbmplete Sfinal
"correct” segmentation. The objective should instead be to use the low-level
- coherence of brightness, colour, texture, or motion attributes to sequentially
come up with hierarchical partitions”- [Shi and Malik, 1997]. They also
recommend that higher level knowledge (user knowledge ?) should be used to

finalize the most appropriate segmentation. Their recommendation is “Mid- and
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high-level knowledge can be used to either confirm these groups or select some
Jor further attention. This attention could result in further repartitioning or
grouping” [Shi and Malik, 1997].

Researchers Martin et al, [Martin et al, 2002] [Martin et al, 2004] have
specifically designed a benchmarking process to objectively evaluate the
performance of methods which yields multiple segmentation output. In their
discussion of their benchmarking algorithm they speéiﬁcally advocate against
thresholding of boundary maps, as follows : “Traditionally, one would
"binarize" the boundary map by choosing some threshold. There are two
problems with thresholding a boundary map: (1) The optimal threshold depends
on the application, and (2) Thresholding a low-level feature like boundaries is
likely to be a bad idea fbr most applications, since it destroys much information.

- For these reasons, our benchmark operates on a non-thresholded boundary
map” [Arbelaez et al., 2007].

- The following researchers are one of the very few who have specifically made use of

hierarchical segmentation output as a tool for medical image related applications :
Thies et al. [Thies et al., 2003] have used the information for retrieving images
from a image database. Their description of the retrieval process “Due to
varying medical context and questions, data structures for image description
must provide all visually perceivable ‘regions and their topological
relationships, which poses one of the major problems for content extraction. In
medical applications main criteria for segmenting images are local features
such as texture, shape, intensity extrema, or gray values. For this new approach,
these features are computed pixel-based and neighbouring pixels are merged if
the Euclidean distance of corresponding feature vectors is below a threshold.
Thus, the planar adjacency of clusters representing connected image partitions
is preserved. A cluster hierarchy is obtained by iterating and recording the
adjacency merging. The resulting inclusion and neighbourhood relations of the
regions fo‘rm a hierarchical region adjacency graph. This graph. represents a
multiscale image decomposition and therefore an extensive content description.
1t is examined with respect to application in daily routine by testing invariance
against transformation, run time behaviour, and visual quality For retrieval

purposes, a graph can be matched with graphs of other images, where the
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Chapter 3. Hierarchical Clustering Based Segmentation (HCS)

3.1. Introduction _
The main aim of this study is to design and and implement image processing
techniques to assist medical professionals in perceiving diagnostic images and thus
| improve their diagnostic capabilities. To achieve the above objective the Hierarchical
Clustering based Segmentation (HCS) based process [Selvan 2007] was investigated.
Specifically, HCS was investigéted for its ability to augment the diagnostic
information present in CT images for CF diagnosis and X-ray mammograms to

differentiate malignant from benign abnormalities.

This chapter discusses the HCS process in detail and is covered under the following
headings :
« overview of the HCS process
« reasons for choosing the HCS process to augment diagnostic information
present in medical images.
« objective evaluation of the performance of the HCS process.

+ use of the HCS process output as a‘perceptional aid.

3.2. Overview of the HCS Process
Hierarchical organization is one of the main characteristics of human segmentation. A
human subject segments a natural image by identifying physical objects and marking
their boundaries up to a certain level of detail [Arbelaez, 2006]. For example, given
an anatomical image of the cross-section of a skull, at a coarse level a radiologist can
classify the ifnage as regions belonging to soft tissues and the skull bone. At a fine
level different types of soft tissues are also identified. At a still finer level, the
radiologist will also be able to distinguish the regions which might be dissimilar, due

to some pathological condition, within the same tissue type.

Segmentation can be thought as a process of grouping visual information, where the
details are grouped into objects, objects into classes of objects and classes of objects
as scenes. Thus, sta;ting from the composite segmentation, the perceptual
organization of the image can be represented by a tree of regibns, ordered by
inclusion. The root of the tree is the entire scene, the leaves are the finest details and

each region represents an object at a certain scale of observation [Arbelaez, 2006].
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Since the early days of computer vision, the hierarchical structure of visual perception
has motivated clustering techniques to segmentation [Ohlander et al. 1978], where
connected regions of the image domain are classified according to an inter-region
dissimilarity measure. Hierarchical Clustering-based Segmentation (HCS) implements
the traditional bottom-up approach, also called agglomerative clustering [Nadler and
~ Smith 1993], where the regions of an initial partition are iteratively merged. HCS
procedure automatically generates a hierarchy of segmented images. The hierarchy of
segmented images is generated by partitioning an image into its constituent regions at
hierarchical levels of allowable dissimilarity between its different regions. At any
particular level in the hierarchy, the segmentation process will cluster together all the
pixels and/or regions which have dissimilarity among them less than or equal to the
dissimilarity allowed for that level. Thus, the HCS process mimics the capability of

human vision.

The HCS process automatically generates a hierarchy of segmented images. The
hierarchy represents the continuous merging of similar, spatially adjacent or disjoint,
regions as the allowable threshold value of dissimilar'ity‘ between regions, for
- merging, is gradually increased. HCS process is unsupervised and is completely data
driven. This ensures that the segmentation process can be applied to any image,
without any prior information about the image data and without any need for prior

training of the segmentation process with the relevant image data.

The following is a high-level description of the HCS process [Selvan 2007] (See

Figure 3.1-A for a flow chart representation) : '
i. Give each pixel in the image a region label as follows.
If an initial segmentation of the image is available, label each pixel according
‘to this pre-segmentation. The initial segmentation can be obtained by prior
class information for e.g. based on the user information. '
If no initial segmentation is available, label each pixel as a separate region.
Set the current dissimilarity allowed between regions, dissimilarity_allowed,
equal to zero.
ii. Calculate the dissimilarity value, (dissimilarity_value), between all pairs of
regions in the image.

Set threshold_value equal to the smallest dissimilarity_value.
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iii. If the threshold_value found, in stép (i), is less than or equal to the current
dissimilarity_allowed value, then merge all those regions having
dissimilarity_value, between them, less than or equal to the threshold_value.

| Otherwise go to step (Vvi).

iv. If the number of regions merged in Step iii is greater than 0, then reclassify
the pixels on the border of the merged regions with the rest of the regions
until no more reclassification is possible After all the possible border pixels
are reclassified, among the merged regions, store the region mformatmn for
this iteration as an intermediate segmentation and go to step (ii).

Otherwise, if the number of regions merged in step (iii) is equal to 0 then, go
to step (V).

v. If the current number of regions in the image is less than the pre-set value,
check_no_regions, then go to step (vii). Otherwise, go to step (vi).

Normally the value of check_no_regions is set as 1.

vi. If the current value of diésimilarity_allowed is less than the maximum
possible value then increase the dissimilarity allowed value by an
incremental value, '
dissimilarity_allowed = dissimilarity_allowed + dissimilarity_increment, and
go to step (ii). - | |
Otherwise go to step (vii). '

vii. Save the region information from the current iteration as the coarsest instance

of the final hierarchical segmentation result and stop.

The above steps ensure that the segmentation of the image into its constituent regions
is always unique irrespective of the order in which the image regions are processed.
Other similar Agglomerative hierarchical clustering or bottom-up methods suffer
from a distorting phenomena, in which the cluster structures depend on the order in
which the regions are considered for merging [Nadler, 1993]. The brut‘e force
approach, followed by the HCS process, where only those regions with the smallest
overall dissimilarity are merged in each step, is the only solution to overcome this
effect [Thies, 2003). ’

Merging only those regions with the smallest overall dissimilarity requires the
comparison of all the possible combinations of the locations or regions present in a

image. This is a combinatorial problem and the complexity of the solution
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exponentially increases with the number of locations (regions) in the image as given

by the expression in equation 3.1.

NX(N—1)
2

Where N is the number of locations or regions in the image

Number of combinations= [3.1]

The feature measure used by the HCS procesé, to estimate the similarity between
locations within a image, is the actual distribution of the pixel values in a region
- surrounding the locations. This technique may be considered to WOrk in a way similar
to the human visual system where features for texture (region) segmentation are not

~ consciously computed [Bhattacharya, 1997].
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Flgure 3.1-A - Flow chart illustrating the different operations of the HCS process (Image
courtesy Selvan 2007).

regions

The pixel-values distribution feature was found as follows. A small mask of fixed
size is placed around the pixel of interest. The pixel-values within the mask, moving
from the top left corner of the mask to the bottom right corner of the mask, were

taken as the distribution of the pixel-values feature for the pixel. Figure 3.1-B

illustrates the method.
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Figure 3.1-B - Pixel-values distribution feature representation for a grey tone image
' (Image courtesy Selvan 2007)

Given the observations of the pixel-values from two different locations in the image
and a certain level of .signiﬁcance, the aim was to determine whether they belonged
to the same distribution. The vcommonly used test for difference between binned
distributions is the Chi-Squared test [Press et al.,, 2002]. To compare the two binned
data sets the chi-square statistic is found as given by the expression 3.2

(R.—S.)2 :
xi=) L 7 3.2
Z R+S,; ' [3-2]
Where
. the sum is over all the bins i

R; is the number of events in bin i for the first data set

S; is the number of events in the same bin bin 7 for the second data set

A large value of x> (Equation 3.2) indicates that the null hypothesis (that the two
~ distributions belonged to the same distribution) is rather unlikely [Press ef al., 2002].
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Q(X*|v) is the probability that the observed chi-square will exceed the value by
chance even for a correct model. v is an integer, the number of degrees of
- freedom. The chi-square probability function Q(X*|v) has the limiting values

Q(0]v)=1 and Q(e|v)=0 andis esti.mated as an incomplete gamma function
as expressed in the equation 3.3 [Press et al., 2002].

v X? |
> —2-) [3.3]

0(X)=0(3, 5)=gammq(

<

A range of images were processed, using HCS, including the diagnostic images of
different modalities MRI, CT, X-ray and Ultrasound and images of natural scenes.
They were all processed using the same feature mentioned above and with the same
set of parametefs without any prior training. The HCS process is not aware of the
source of the digital image data. The digital data could be of the brain (MRI Section
3.3.1.1) (CT Section 3.3.1.2) or abdbmen (US Section 3.3.1.3) or of a breast (X-ray
Mammograms Section 3.3.1.4 ) or of a bird (natural scene Section 3.4.1). For the
HCS process it is the same, and treats them all as an array of two byte numbers and

are all processed in the same manner without any prior training on that data set.

It should also be noted that the HCS process is different from the Hierarchical image
segmentation methods discussed, for example, by Schroeter and Bigiin [1995]. The
* term hierarchy in the study by Schroeter and Bigiin [1995] refers to the multi-
resolution hierarchy in scale space. Also, the HCS process, unlike other segmentation
methodé, such as those by Cheng and Ying [2000] Jeon et al. [2005] and Zhou et al.
[2009], is not an iterative optimization process. Instead at each level the HCS process
yields an optimized segmentation output related to the dissimilarity allowed for that

level.
The HCS process yields a merge tree. Based on the inerge tree, a graphical user

interface (GUI) can display the hierarchy of merges. The algorithmic diagram, shown
in Figure 3.1-A [Selvan, 2007], illustrates the overall operation of HCS. ’
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3.2.1.Border Pixel Re-.Classiﬁcation
One of the unique features of the HCS process is the border pixel re-classification
(Figure 3.1-A). Border pixel re-classification is one of the main reasons behind HCS
process's ability to attain smooth segmentatioh of the regions in the image. This

section will discuss in detail HCS's process border pixel re-classification feature.

After the merging of similar regions, the border pixels of the regions that had merged
and their bordering regions were further evaluated to allocate them to the most
suitable region (Figure 3.1-A). Border pixel reclassification is necessary because the
| merging process starts with individual pixels which are merged to form regions and
subsequently regions are merged to form bigger regions and so on. During the initial
 merging of neighbouring pixels and neighbouring small regions, pixels belonging to
different regions may be merged. This could happen, for example, when comparing
pixels over a small neighbourhood, where the dissimilarity between pixels belonging
to different regions might be smaller than the dissimilarity between pixels belonging
to the same region because of the local in-homogenéity (arising due to inadequate
scaling factor in measuring the repetitive pattern constituting the texture). However
as the regions grow those pixels which have been merged as a result of comparison
with neighbouring pixels may subsequently be reclassified by adequately comparing

them with the rest of the pixels from a larger neighbourhood.

Border pixel reclassification was considered only for those pixels on the boundary of
the clusters which had been merged with other clusters. These boundary pixels were
removed one at a time from their original clusters. The pixel removed was
considered as a region of its own and the similarity between the one pixel region and
the regions bordering it (which included the original cluster to which it belonged)
were found and the single pixel region was merged with the most similar bordering
region. During this process the pikel could possibly be re-classified to one of the
neighbouring regions rather than the region to which it originally belonged [Selvan
2007].

Figure 3.2 (a) shows a CT image of a section of the brain. The image area within the
region of interest (rectangular area outlined in black) is made up of three different
types of regions viz. Grey matter, White matter and the stroke affected area. The

approximate boundary of the stroke affected area has been outlined in white by an
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3.3. HCS Process Performance

The following section outlines the main reasons why the HCS process was adopted.to

augment the diagnostic information present in medical images.

Hierarchical clustering based segmentation process is unsupervised and is
completely data driven. This ensures that the segmentation process can be
applied to any medical image modality, with equal success, without any prior
information about the image data and without any need to train the
segmentation process with the relevant image data. |

The aboVe mentioned claim had been successfully verified earlier by the
successful processing of images of different modalities with the same set of
parameters and with the same set of procedural steps [Selvan 2007].
Hierarchical clustering based segmentation process can automatically
generate a hierarchy of segmentation results.

Hierarchical clustering based merging (i.e. clustering) of the most similar
regions does not depend on the order in which the regions are evaluated for
merging [Selvan 2007].

Hierarchical clustering based segmentation process is a modular framework
and any similarity measure can be used. The dperation of the HCS process is
independent of the type of similarity measure used to ‘compare the different
régions in the image.

Hierarchical clustering based merging process is capable of merging spatially
adjacent or disjoint similar regions.

Hierarchical clustering based segmentation process yields smooth border 7

delineation between the regions.

3.3.1. Performance of the HCS Process in Processing Diagnostic Images of
Different Modalities | _
‘The performance of the HCS process can be gauged by its ability to process medical

images of different modalities. The following examples demonstrate how the HCS

process has been used successfully to process Magnetic Resonance Images (MRI), CT

images, X-ray images (Mammogram) and Ultrasound images. It should be noted that

the processing of the images from different modalities is carried out unsupervised

with the same set of parameters. That is, the HCS process was neither modified nor

had its parameters tuned in anyway to handle any specific modality.
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In each of the following examples the HCS process was applied within a ROI. The
ROI was chosen in such a way as to encompass that part of the image which has been
identified by an expert as having some pathological condition. The HCS process
performance was evaluated based upon its ability to delineate a more appropriate

boundary of the pathological condition.

3.3.1.1. Performance of the HCS Process in Highlighting Infarct in Magnetic
Resonance Imaging (MRI) T2 Weighted Images |

HCS process diésimilarity—highlighting feature was successfully used for highlighting
infarct in MRI T2-weighted images that are hard to visualise. Figures 3.4 (a) and 3.4
(b) are the Diffusion weighted and T2 weighted MR images of a stroke patient,
respectively. The Diffusion-weighted image clearly shows the area in the brain,
affected by the stroke, in white (pointed by a black arrow). Figure 3.4 (c) displays the
different dissimilar regions, segmented by the HCS process, in the T2 weighted
image, for a specific dissimilarity level. Figure 3.4 (d) shows a region, that was -
dissimilar from the rest of the image, which has been isolated and highlighted. The
isolated dissimilar region corresponds to the stroke affected area that is clearly visible
in the diffusion-weighted MRI image (Shown in Figure 3.4 (a)) [Selvan 2007].

The results shown in Figure 3.4 were presented to a neuroradiologist for evaluation.
His opinion regarding the effectiveness of the HCS process is reproduced below :

Quote “I have been going through all the processed images. My preliminary
assessment is that the programme is able to pick up the abnormal ared correctly on
the T2 weighted scan (confirmed by the diffusion weighted scans). I would also like to
mention that the signal changes seen on the T2 weighted scan, would be missed by

most physicians and possibly neuroradiologists” End Quote [Selvan 2007].
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3.3.1.3. Performance of the HCS Process in Segmenting Different Regions in
Ultrasound (US) Images '
Figure 3.6 (a) shows an Ultrasound longitudinal section of the uterus. The image
shows the diseased area outlined in white by the sonologist. As shown in the image a
ROI was marked to enclose the diseased area and the HCS process was applied within
the ROI. Figure 3.6 (b) shows the clusters identified by the HCS process during an
intermediate stage. There are three clusters coloured as Green, Blue and Yellow as
shown in the Figure 3.6 (b). The cluster coloured as Blue contains the pixels from the
“area outlined as diseased by the sonologist. The Figure 3.6 (b) also shows the
boundaries of the three clusters and the diseased area outlined in Red. The
segmentation results, shown in Figures 3.6 (b) were sent to the sonologist for critical
comments. A synopsis of the sonologist's observation follows : [Selvan 2007]
- Looking at the original image only an expert sonologist would be able to
identify this abnormality. _
« The program had delineated the diseased area very clearly as a separate
region coloured Blue. As for the pixels outside the diseased area coloured
Blue it could be differentiated by the physician as non diseased area as they
Were in the border of the Uterus. Therefore, the program will be useful to
differentiate diseased area in the case of border line pathology, where the
sonologist will not be very sure of the diseased area.
+  The region marked as Yellow within the diseased area gave the additional
information that the area has got the core of the disease, and it was spreading

out from that location.
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