Feature Detection in

Mammographic Image Analysis

Marius George Linguraru

A thesis submitted to the Department of Engineering Science,
the University of Oxford, in partial fulfilment of the
requirements for the degree of Doctor of Philosophy.

The University of Oxford
Department of Engineering Science
Medical Vision Laboratory

Michaelmas Term
2002






Feature Detection in

Mammographic Image Analysis

Marius George Linguraru

A thesis submitted for the degree of Doctor of Philosophy
at the University of Oxford

Medical Vision Laboratory Keble College
Department of Engineering Science Michaelmas Term, 2002

Abstract

In modern society, cancer has become one of the most terrifying diseases because of its high and
increasing death rate. The disease’s deep impact demands extensive research to detect and
eradicate it in all its forms. Breast cancer is one of the most common forms of cancer, and
approximately one in nine women in the Western world will develop it over the course of their
lives. Screening programmes have been shown to reduce the mortality rate, but they introduce an
enormous amount of information that must be processed by radiologists on a daily basis.

Computer Aided Diagnosis (CAD) systems aim to assist clinicians in their decision-making
process, by acting as a second opinion and helping improve the detection and classification ratios
by spotting very difficult and subtle cases. Although the field of cancer detection is rapidly
developing and crosses over imaging modalities, X-ray mammography remains the principal tool
to detect the first signs of breast cancer in population screening. The advantages and disadvantages
of other imaging modalities for breast cancer detection are discussed along with the improvements
and difficulties encountered in screening programmes. Remarkable achievements to date in breast
CAD are equally presented.

This thesis introduces original results for the detection of features from mammographic image
analysis to improve the effectiveness of early cancer screening programmes. The detection of early
signs of breast cancer is vital in managing such a fast developing disease with poor survival rates.
Some of the earliest signs of cancer in the breast are clusters of microcalcifications. The proposed
method is based on image filtering comprising partial differential equations (PDE) for image
enhancement. Subsequently, microcalcifications are segmented using characteristics of the human
visual system, based on the superior qualities of the human eye to depict localised changes of
intensity and appearance in an image. Parameters are set according to the image characteristics,
which makes the method fully automated.

The detection of breast masses in temporal mammographic pairs is also investigated as part of
the development of a complete breast cancer detection tool. The design of this latter algorithm is
based on the detection sequence used by radiologists in clinical routine. To support the
classification of masses into benign or malignant, novel tumour features are introduced. Image
normalisation is another key concept discussed in this thesis along with its benefits for cancer
detection.
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CHAPTER 1

1 Introduction

It is the mark of an educated mind to be able to
entertain a thought without accepting it.

Aristotle

1.1 The Prevalence of Breast Cancer

The incidence of cancer in the Western world is enormous and its threatening presence is an
unfortunate reality of our environment. The impact this fierce affliction has for a large percentage
of the population has become a galvanising cultural phenomenon. We grow and live with the fear
of cancer invading our privacy and shadowing the existence of people dear to us. We read about
the spread of cancer, and not only in specialised literature. On television, we see how tumours are
formed, we hear stories about the lives of people just like people we know. Everywhere we sense
the pain and suffering of this disease. The hospital lost its “copyright” on the term “cancer” and
now shares it with general sciences and, through its massive impact on everyday lives, the entire
society. While society reacts to the burden of cancer, science attempts to get a reaction from the
disease and discover the elusive solution for improving its worrying statistics.

When considering figures and statistics of breast cancer, we refer to studies conducted in
developed countries of the Western world. This is mainly due to the lack of information on this
subject from under-developed and developing countries. Although the number of studies carried

out in such regions of the world has increased, the lack of appropriate technical equipment to
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detect cancer, associated with the high costs of the procedure, makes the records of such studies
quite imprecise. We should normally expect much higher rates of incidence than reported in the
poorer areas of the world, due to the present lack of radiologists and detection equipment in those
regions. That will likely become more of an issue once people in undeveloped countries live long
enough to die from cancer.

The disease has a far higher incidence in Europe (especially Western Europe) and North
America. In the Far East and parts of Africa, the mortality rate due to breast cancer is much lower,
with an incidence about 5 times smaller than in the West, although there has been a substantial
increase in the number of new cases. During the last few years, Japan has witnessed a growth of 10
times in the number of breast cancers. In the Western world, recent figures show that breast cancer
accounts for a high percentage of the overall cancer incidence in women, approximately 24% of all
cancer cases. Around the world, there are approximately 945,000 new cases of breast cancer every
year, of which the Western world accounts for half of the number of cases and the European Union
accounts for over a quarter of diagnoses (figures published in 2001 [40]). The USA reported over
188,000 cases of breast cancer in 2005 and over 41,000 related deaths (www.cdc.gov). These
figures show a rapid increase in the number of breast cancer cases compared to, for example, 1993
when there were only 570,000 cases world wide [34].

Breast cancer is second only to lung cancer (28% of cancer cases), the most feared form of
cancer related death in women of all ages [186, 187]. Once cancer has been diagnosed, the chances
of survival are reduced to just over 60% [34]. The astounding rise in the impact that of cancer on
Western Europe and the Americas has increased the population’s awareness of the disease and the
number of studies related to it. It is estimated that approximately 1 in 10 women [15, 189] (1 in 9
in Britain and 1 in 8 in the USA [132]) will be victims of breast cancer (only 0.1% of the total
incidence of breast cancer is attributed to men), with an approximate increase of 0.55% per year in
the number of women developing the disease. If the rate of change remains constant, the number
of cases of breast cancer will double by 2020 along with the percentage of the female population

that will be exposed to the disease at some stage in their lives.
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Why is the incidence of cancer growing so rapidly in modern society? Could the causes be
environmental? Researchers have tried to trace both genetic and environmental causes, but there is
so far insufficient evidence to support many of the theories that attribute the expansion of the
disease to unhealthy food, hormonal treatments or pollution. Many attribute this to a change in the
lifestyle of women, particularly those seeking a career other than homemaker, and in diet that
includes fatty foods. It is estimated that 70% of cancers have their origins in the foods we eat.
Reports [68] emphasise the carcinogenic factors found in diet, smoking, alcohol consumption,
sunbathing and sedentary lifestyles. However, our diet is full of surprises; while fruits, vegetables,
fish and milk are some the most effective sources of protection against cancer, commonly
available foods are stripped of their nutrients by modern farming and therefore become less
efficient as cancer deterrents. Fruits and vegetables may contain a high level of pesticides and
farmed fish are a source of toxins. Among the dangerous foods, red meat, salt, soy, and baked,
fried, grilled and barbequed food (containing acrylamide), sweeteners and thickeners found in
processed food are the best-known triggers. Other well-established factors refer to family history,
ethnic background, early menarche or late menopause, the absence of childbirth and obesity. And
there are increasingly worrying signs related to the use of hormone replacement therapy (HRT) [7,

110].

1.1.1 A Brief Anatomy of the Female Breast

To better understand the development of breast cancer, an overview of female breast anatomy is

necessary. Throughout a woman’s life, the breast goes through a set of continuous changes. The

first major development occurs in the teen-age years, when the lactation system evolves. A second
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important stage is at menopause, when the milk-producing tissue changes into fat.

Figure 1 uses mammography to compare the appearance of a young woman’s breast with those of

a post-menopausal woman.

Figure 1 The appearance of young versus menopausal breasts in mammography: (a) A pair of left
and right cranio-caudal mammograms of a pre-menopausal woman with very dense appearance
due to the presence of milk-producing tissue; (b) a pair of left and right cranio-caudal

mammograms of a post-menopausal woman with larger amounts of fat-tissue.

The simplest portrayal of the mature female breast would have to enumerate the following
types of incorporated tissues: epithelial or glandular tissue (the milk-producing tissue), which
appears very dense in mammograms due to the high percent of calcium it contains; adipose tissue
(fatty tissue, which is mainly transparent in X-ray), fascia (the connective tissue), muscles,

ligaments and lymphatic and blood vessels [30, 53, 65]. Figure 2 presents the main anatomical
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features of the breast. The arborescent structure of the breast is nourished by acini (milk producing
sacs inside a lobule) connected through terminal ducts. Lobules are fruits on the branches

represented by subsegmental ducts that grow from the mammary ducts converging in the nipple.

1.1.3 The Pathology of the Breast

Breast cancer is an abnormally fast reproductive process of the epithelial cells in the lobular unit. It
is also referred as carcinoma (the other type of cancer is sarcoma, which is much rarer and arises
from a bone, muscle or other soft tissue [188]). The preferred spreading routes of cancer are the
blood and lymph vessels (which makes the axillary nodes an important feature in signalling
metastatic diseases), but the direct invasion of the surrounding tissue may have the same effect.
Therefore, one would naturally speak about forms of cancer that are spreading (invasive or
infiltrating) and non-spreading (in situ — which stay within the lobular or ductal unit and have not
gone though the basal membrane). In situ cancers are sometimes referred as pre-invasive since
further developments of the tumour may occur and invade the neighbouring tissue. Both invasive
and in situ breast carcinomas are commonly divided into lobular or ductal. Besides the ductal and
lobular forms of cancer, other types of carcinoma may be medullar, tubular, papillary, cribriform

and mucinous [53, 189].
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<, Terminal duct lobular unit
‘_' Extralobular terminal duct

Intralobular terminal duct
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T Anterior reflection of superficial fascia
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Figure 2 A brief anatomy of the breast showing the branching internal structure of ducts and
lobules [65].

Most ductal and lobular cancers lead to secretions that form calcifications. The smallest of
these (under 1 mm in diameter) are called microcalcifications and represent some of the earliest
signs of breast cancer. Microcalcification clusters may be the only indication of in sifu tumours.
Architectural distortions are another distinctive sign of breast cancer, when the tumour has no
central mass [65]. Approximately 80% of microcalcification clusters are benign [65, 81, 166], and
their shape and topology distinguish them from the malignant type.

Ductal Carcinoma in Situ (DCIS) is one of the most common types of in situ cancer and can

involve a large number of ductal structures. It is mainly associated with microcalcification clusters
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and corresponds to one of the earliest signs of malignancy. It appears in 40% of the screening
detected cancers [95]. Its treatment may involve a partial mastectomy.

Infiltrating Ductal Carcinoma (DC) is the most usual invasive cancer (over 70% of tumours), a
form of disease with very poor prognosis and which may require a total mastectomy, including the
removal of the axillary lymph nodes and post-operatory radiotherapy. It may be associated with
microcalcifications.

Among the special types of cancer is the Phyllodes Tumour’s [189] whose clinical behaviour
is still not fully understood. Most of these tumours are benign, but there are also malignant forms.
They can be cystic and sarcomatous and usually recur after initial excision. Their treatment is
particularly difficult through the atypical behaviour of the tumour.

The treatment given to a women diagnosed with breast cancer depends on the specific
characteristics of that tumour. Moreover, the management of the disease varies considerably with
the different stages of the same type of cancer. So does the prognosis, as a statistical measure of
the chances of having a positive outcome of the treatment the patient is undergoing. The most
relevant factors for a doctor considering the prognosis are the size and type of the tumour, the
presence of metastasis, the stage of the disease, the status of the axillary lymph nodes, and the
patient's age and medical condition. The prognosis is especially positive for tumours smaller than 2
cm with no lymph node involvement or other remote metastatic areas. A combination of surgery,
radiotherapy and chemotherapy are typically necessary to eradicate advanced malignancys; still, the
prognosis remains rather poor.

Benign diseases may develop within or outside the ductal and lobular system and most of them
are associated with microcalcification clusters. Adenosis, necrosis, hyperplastia, fibroadenomas
and arterial calcifications represent an important source of false positives (FP) in the classification
of breast tumour.

Section 2.2 illustrates some typical cases of breast pathology in both the form of masses and

microcalcifications.
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1.2 Are Screening Programmes the Solution?

The signs of breast cancer that appear in X-ray mammograms present a significant challenge to
radiologists and they are generally difficult to distinguish in the highly textured breast anatomy.
Breast screening programmes attempt to detect and eradicate cancer at the earliest possible stage to
reduce mortality rates. From the first trials in USA and Canada in the sixties and the very first
implementation in the seventies in Sweden, screening programmes were found to reduce mortality
caused by breast cancer in women by nearly 30% [4, 29, 163].

Some results of the mass screening in UK showed a very high rate of false negatives (FN),
when in situ cancers are left to metastise or invasive cancers are not detected, as well as a high rate
of FP, where women are operated on without finding breast cancer. Hence, it is essential in the
early detection of breast carcinomas to further improve the subsequent classification of
mammographic findings as either benign or malignant.

Breast cancer's incidence is low in women under 30 years old (although extremely aggressive
when present) and thereafter increases with age. Between the ages of 40 and 50, women face a
doubling of the rate of incidence which continues to increase over the age of 50, but more slowly.
Younger women are encouraged to check the status of their breasts by simple palpation.
Unfortunately, most women cannot reliably palpate a tumour smaller than 1 cm; therefore more
thorough examinations are required. In the UK, the screening programme was arguably
implemented for women between 50 and 70, since this is the group of age most vulnerable to
breast cancer, and mammography has not to date been demonstrated to be clinically effective
before menopause. Other countries, such as USA, begin screening at the age of 40 and do not have
an upper age limit.

There are several criteria that need to be fulfilled before starting a screening programme.

These include:
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e the disease to be screened must be very common and a treatment must be available for it,
since there are very high costs involved and there would be little point screening for a non-
treatable affliction;

e the detection method must be robust and reliable and lead to good results for the overall
screening process;

® it must have high specificity;

e patients must accept it, since the method would not be cost-effective without a large
number of patients to be examined.

The key method used in breast cancer screening programmes is X-ray mammography, as the
most reliable process fulfilling the above criteria. If a mammogram presents any features that seem
suspicious to the radiologist, the patient will be asked to attend an assessment clinic where more
investigations will be performed by means of medical imaging and consulting. Magnetic
Resonance Imaging (MRI) and ultrasound (US) are secondary imaging techniques used in the
triple assessment (palpation, imaging, and core biopsy). Chapter 2 expands on the advantages and
disadvantages of these imaging methods.

According to some optimistic predictions, the screening programme should, almost double the
chances of survival in women who develop breast cancer. Studies have shown that 8% of women
are recalled for further investigation [65], most of them not presenting any malignancy. There is
intensive debate as to whether the breast screening clinical assessments should be performed more
often than a three-year period, as it has been noticed that the assessed women sometimes develop
cancer over a period shorter than three years (“interval cancer”). While the UK has a screening
interval of 3 years, other European countries have already decreased the period to 2 years [29],
while in USA screenings are recommended yearly after the age of 40 and every 2-3 years for
women between 20 and 40 year old. It is estimated that nearly 20% of cancers were visible in the
mammograms previous to the current screening [150] and that interval cancers generally develop

in the upper outer quadrant of the breast [17].
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Segmentation methods may be more sensitive in detecting abnormalities at an earlier stage, but
it is the radiologist who will need to make the final decision. Even though screening programmes
improve the results of detection, there is sufficient room for progress in the clinical performance to

warrant further research.

1.3 The Need for Image Segmentation

Medical image processing is a fascinating but challenging task. Working with mammograms is
especially difficult due to the complex appearance of the structures of interest in this particular
type of image representation. Although a mammogram is a good “picture” of the breast, this is
hardly sufficient when searching for small, subtle and complex anatomical features, such as
microcalcifications, masses or curvilinear structures (CLS) in the process of early detection of
breast cancer. Both human errors and the quality of image acquisition contribute to the difficulty

of diagnosing the breast.

1.3.1 Reading Errors in Mammography

Statistics show that approximately 25% of cancers are missed by radiologists and about 80% of
biopsies are performed on benign cases [11, 169]. Furthermore, it is estimated that about 22% of
films are usually lost between visits and 5% of mammograms have to be retaken. Such numbers
draw attention to the additional requirements of the diagnosis process. Besides saving lives,
doctors are also expected to find the least stressful and painful way to check the status of the
disease: malignant versus benign. Given the unpleasantness of both mammograms and core biopsy
acquisition, reducing the number of FP becomes as important as reducing the number of FN.

The complex anatomy of the breast is the inevitable source of the highly textured structure of
the mammograms. Its input is very difficult to analyse, and radiologists are expected to distinguish
very subtle abnormalities out of this mass of structural ambiguity. The variability between any two

cases adds to the difficult task that the human decision maker faces. The inter- and intra-radiologist

10
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variability of 30% emphasises the need for reliable image processing tools to assist the process of
diagnosis. According to Krupinski and Nodine [92], radiologists only investigate 87% of the
mammogram area; in contrast, an automatic detection algorithm will not leave any area of the
image unexamined.

With up to 3 million new mammograms to be analysed each year in the UK, the amount of
information becomes overwhelming for radiologists, especially since a second opinion is requested
before a decision is made in diagnosing a patient. These figures are doubled as the previous
mammograms of the patient are compared to the current ones at each screening session. Computer-
aided diagnosis (CAD) can assist the radiologist at this point, by helping to balance the measure of
confidence of the specialist and eliminate the second analysis. However, as highlighted in insert
name of source [76], CAD systems can only be evaluated from a radiologist’s point of view:

e on annotated databases, in which case the effect of the CAD in practice cannot be

predicted;

e on databases of known human readers, to compare their evolution with that of the clinician

by receiver operating characteristic (ROC) curve analysis and predict the effect of the
CAD in practice;
® by comparing the work of the radiologists with and without CAD;

® by doing prospective evaluations.

1.3.2 Image Quality

The quality of the medical image is crucial to diagnosis and depends on several physical factors.
The most important are the time of exposure and the breast thickness along with various other
imaging factors. Since the X-ray dosage must be minimised for patient safety, there is a
compromise between dosage and the signal-to-noise ratio (SNR) of the mammogram. Decreasing
of X-ray exposure degrades the quality of the image, which already reduces the complex three-

dimensional (3D), superimposed structures of the breast to a simplified two-dimensional (2D)
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projection. Noise further obscures these features. This presentation of the mammogram could be

easily reduced to that of a large-textured noisy image, which still represents the best tool for early

cancer detection to be used around the world. Different deformations of the breast during the

shooting of the X-ray cause more difficulties in the detection process.

1.3.3 Future Trends

Computer aided image segmentation plays an important role in overcoming the present

limitations of medical image analysis There are several implemented techniques that bring

improvements in the field of medical imaging. Many of them have proved to be unsatisfactory

for the purpose that they are used, such as automatic detection and managing mammograms.

Moreover, although the resulting images may look quite impressive, they have not always

improved the work of radiologists. Therefore, there is sufficient room for improvements and

further development in image processing. Some trends in the field include:

the development of soft-copy reading workstations [12, 37, 142, 177], as the tool for the
future use of digital mammograms;

friendlier user-interfaces (touch-screen, automatic report generation, robust display) which
require minimal intervention from the radiologist;

the development of training-systems with immediate feedback and the use of larger
databases;

the development of real-time applications for making the best use of the image processing
methods in clinical applications;

the introduction of more reliable, more robust and faster image processing algorithms;

software integration of robust algorithms to build strong performing medical systems.

1.4 Making a Difference

12
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The earliest possible detection breast cancer is fundamental to saving the lives of many patients
facing the disease. The challenges enumerated in the previous section combine to create a complex

problem that has to be solved using basic science.

1.4.1 The Incentive of Work

The research described in this thesis is motivated by the intrinsic facts of managing breast cancer
through early detection. The first question is: Why detect microcalcifications and not just masses?
The answer is quite straightforward: The presence of microcalcifications is one of the earliest
indications of malignancy. Whether or not they appear in independent clusters or associated with
masses, the existence of microcalcifications in a mammogram is often a clear warning of
abnormality. They can be visible long before any palpable lesion has developed and their early
detection can indeed “make a difference” in the prognosis. Moreover, the detection of masses is
also investigated to a smaller extent in this thesis.

A second question arises at this stage: What type of medical imaging procedure should be used
in the detection process? Although nuclear images of the breast are currently available, clinical
practice reveals only three techniques are commonly used in a breast assessment. These are: X-ray
mammography, MRI and ultrasound (the main characteristics of each technique will be
highlighted in Chapter 2). Unlike mammography, the latter two (and especially ultrasound) are
only used to complete and reinforce the conclusion of the triple assessment (palpation, imaging,
and biopsy). Hence, the fundamental and primary procedure in the diagnosis remains X-ray
mammography. As part of screening programmes, X-ray mammography provides the data that the
radiologist will subsequently use to conclude whether an abnormality is benign or malignant. Only
mammograms can provide the necessary spatial-resolution and signal-to-noise ratio to distinguish
microcalcifications from the background breast tissue. Both MRI and ultrasound remain

inadequate for this general purpose.
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1.4.2 Remarkable Achievements to Date

The task of CAD systems is to draw the radiologist’s attention to suspicious regions in an image.
All methods begin with image acquisition and visualisation and extend to quantitative and
functional analysis. Directly digital mammography (cf. Chapter 2) simplifies the acquisition and
eliminates the digitisation stage. The results of analysis will tell the radiologist the size of the
highlighted abnormality, its shape, texture and behaviour. Studies proved that the performance of
radiologists increases when a good segmentation or classification system is used [42, 48, 135,
152].

Techniques for enhancing the appearance of the mammogram range from improving the
contrast and reducing the noise [65, 80] to compensating for breast margin and segmenting the
pectoral muscle [20, 79]. For diagnosis, two main branches in mammographic image segmentation
have been developed: the detection and classification of microcalcification clusters, and of breast
masses. Chapter 2 outlines a number of notable methods.

The ultimate goal of any method is to be robust and reliable enough for routine clinical use in
the hospital environment. A short review of the latest CAD systems is provided by Marchese in
[108]. A remarkable technique worth mentioning in this introduction was launched by R2
Technology with their ImageChecker®. This is a complex system that outputs both clusters of
microcalcifications and dense regions and areas with radiating lines. The results are very
promising, as it has been reported that when using the R2 ImageChecker® microcalcifications are
detected with 98.3% TP rate with 0.5 FP/image [141]. Other reports mention 100% TP rate on
microcalcification detection with 2.2 FP/image, while 81.6% of masses are found. [41]. However,
while the diagnostic sensitivity of clinicians rose when using the system, the positive predictive
value of their interpretations worsened due to the high number of FP [42]. Furthermore,
approximately half of the increase in the recall rate in screening programmes is due to the high

number of FP in microcalcification detection [41].
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The Standard Mammogram Form (SMF) is an image normalisation technique that eliminates
the current limitations of the imaging process and relies only on anatomical breast structures.
Chapter 2 will briefly overview the 4;,, model [65]. The SMF™ Workstation developed by Mirada
Solutions (now part of Siemens Medical Imaging) represents the 3D quantification of the amount
of non-fat and fat tissue for each pixel, temporal registration of the breast, reconstruction of the
uncompressed breast, and localising microcalcification clusters [180]. This system obtained a

microcalcification cluster detection rate of 95% TP with 0.38 FP per image.

1.4.3 Objectives

The systems enumerated previously, part of a large research effort in the field, show impressive
advances in detecting and diagnosing breast cancer. Although we have almost reached a perfect
detection rate, the large number of women undergoing screening (about 3 million mammograms
annually in UK only) means that every percent that remains undetected represents a large number
of patients who will likely confront cancer at an incurable stage. In the European Union alone, 1%
of the missed cancers would force approximately 3000 women each year (ec.europa.eu) to undergo
long and painful treatments, both physically and psychologically, with small chances of survival.

This thesis is motivated by the imperative to develop detection techniques suitable for clinical
application. Such systems must be sufficiently robust and trustworthy to be used in hospitals and in
real-time. When dealing with particularly delicate problems, such as human lives, we must assure
that results are optimal and accept full liability.

Many methods described in the literature attempt to improve the results of detection of breast
abnormalities by fine tuning the variety of parameters used in the implementation of the algorithm
to suit each individual case. Although the outcome is impressive, the consistency and
reproducibility of results is highly dependant on the operator’s ability to find the best parametrical

configuration for the detection. The approach used in this thesis proposes a fully automated non-
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parametric method to detect microcalcifications using the SMF normalised representation of the
breast. The aim is to overcome some of the current limitations of methods used to tackle this
problem. The algorithm presented here can be similarly used for un-normalized (intensity) images,
since its implementation would follow the same logic on grey-level mammograms.

The first objective is the removal of noise as a major source of FP. The algorithm presented
here considers several types of noise from quantum mottle to shot-noise and uses subsequent filters
to eliminate it. Curvilinear structures (CLS) — ducts, blood vessels, ligaments or tumour
spiculations - proved to be equally important for the specificity of the method and a major
challenge. A CLS removal step is embedded in the method, prior to the final segmentation. Built
on a combination of partial differential equations (PDE), wavelets and statistics, the technique
presents the user with a map of detected microcalcifications. The detection of these early signs of
malignancy in the breast is meant to assist the radiologists in diagnosing breast cancer. The free-
response receiver operating characteristic (FROC) curve of the microcalcification detection
method is shown in Figure 3, along with some examples of detection that illustrate the sensitivity
and specificity of the approach in Figures 4-7. The detection of masses in temporally registered
enhanced mammograms is also investigated. Finally, a number of features of breast masses are

extracted from their physical properties and discussed in the thesis.

1.5 Overview

The thesis aims to detect features that indicate the early development of breast cancer in
mammographic images. Some basic facts about breast cancer and its impact were reviewed in the
Introduction. A brief anatomy of the breast was also presented along with some of the most
common mammographic anomalies. The incentive of the work is closely related to screening
programmes; therefore, the screening programme was analysed along with future trends in

mammography.
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Figure 3: The FROC curve of the microcalcification-detection method.

Chapter 2 begins with a comparative overview of current imaging modalities to detect breast
cancer. Mammography (X-ray and digital), Magnetic Resonance Imaging (MRI), Ultrasound (US)
and Nuclear Imaging (PET, SPECT) are described and their strengths and weaknesses analysed. A
discussion of the detection of anomalies in mammograms follows and the detection and
classification of both masses and microcalcifications using state-of-the-art algorithms are
reviewed. The chapter ends with a description of the Standard Mammogram Form (SMF), the
image normalisation technique at the heart of robust detection of breast cancer.

Chapter 3 presents the first set of results for the detection of microcalcifications. The
beginning of the chapter introduces analytically the concept of diffusion and particularly
anisotropic diffusion, a cornerstone idea in the development of the enhancing filter used
throughout the thesis. This work represents the first attempt to use anisotropic diffusion to filter
mammographic images and analyse them. This is a priori a reasonable thing to attempt, as
anisotropic diffusion smoothes the image, reduces noise (hence increases signal to noise, which is

generally poor for mammographic images), and yet does a reasonable job at preserving image
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structure. The filter and its parameters are described and the chapter concludes with the

presentation of the first results.

Figure 4: Detection example 1; (a) the original contrast-enhanced SMF sample with a very large
microcalcification cluster in a dense area of the breast; (b) the detection map of the detection

method presented in this thesis depicting correctly the cluster.
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Figure 5: Detection example 2; (a) the original contrast-enhanced SMF sample with a subtle

microcalcification clusters in a dense breast area; (b) the detection map.

a

Figure 6: Detection example 3; (a) The original contrast-enhanced SMF sample with a widespread

microcalcification cluster; (b) the detection map

Figure 7 Detection example 4. (a) The original contrast-enhanced SMF sample with a cluster of

very small microcalcifications in an area with several curvilinear structures; (b) the detection map.

Chapter 4 introduces the essential and original contributions of the thesis. The removal of shot-
noise and curvilinear structures (CLS) is introduced in image pre-processing. It is accompanied by

a statistical approach to the automated derivation of the enhancing anisotropic diffusion filter’s
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parameters. The second original step is the development of a method for adaptively thresholding
the filtered images to facilitate the segmentation of microcalcifications. The approach is based on a
model originally proposed to account for certain findings about the human visual system. This is
based on the human eye’s ability to sort through complex backgrounds and detect subtle image
characteristics. Part of the novelty of the method is its alternation of normalisation filtering and
segmentation. Several FROC curves for validating the detection algorithm were built and detection
methods on SMF images compared. The outcome of the microcalcification detection algorithm
was analysed on both SMF and intensity images.

Chapter 5 expands the use of the enhancing filter to the detection of masses. An original
method to prompt mammographic masses is investigated; it uses image registration and
enhancement as a pre-processing step, followed by segmentation based on texture analysis and
visual comparison between temporal mammographic pairs. The chapter concludes with a
discussion of features for mass classification.

The final chapter of the thesis, Chapter 6, lays down a general summary of the work presented
in the thesis accompanied by discussion, conclusions and future work ideas based on the
characteristics of false positives.

Three Appendices accompany the thesis and offer theoretical and practical details the concepts
of phase congruency and monogenic signal, image registration in mammographic image analysis,

and the interpretation of receiver operating characteristic (ROC) curves.
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CHAPTER 2

2 Diagnosing the Breast

Real knowledge is to know the extent of
one's ignorance.

Confucius

The diagnosis of breast diseases is based on a routine process called triple assessment that involves
breast surgeons, histopathologists, radiologists and oncologists. Medical imaging procedures form
a key part of the evaluation. Generally, when speaking of medical images, a variety of imaging
techniques should be mentioned. Whether referring to X-ray and computed tomography (CT),
magnetic resonance imaging (MRI), ultrasound (US), positron-emission tomography (PET) and
scintimammography, tissue impedance imaging, infrared or optical imaging [170], there are three
major problems to be dealt with:

® images tend to have poor signal-to-noise ratio (SNR);

® most images are highly textured and vary from one subject to another;

e clinically significant details are often subtle.

Each imaging technique has its advantages and disadvantages and the clinicians often use a
combination of them for best results.

Breast imaging suffers from the same difficulties. While X-ray mammography is the primary
imaging method used in screening programmes around the world, MRI and US have become

auxiliary tools in the triple assessment process. Nuclear imaging has also shown rapid advances in
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breast cancer detection, but the cost of installing and maintaining PET systems has until recently
slowed its adoption. This is likely to change rapidly in the near future. The next sections will
expand on each of the techniques used in breast imaging, followed by a summary of their strengths

and weaknesses.

2.1 Imaging Modalities

2.1.1 X-ray Mammography

X-ray mammography has been widely used to detect the earliest signs of breast cancer since the
beginning of last century, due in part to the cost-effectiveness of the procedure relative to other
imaging modalities [5]. Screening programmes throughout the world have proved its effectiveness
to image non-palpable abnormalities in the breast with very high resolution (the equivalent of a
25um pixel resolution [75]). The earlier the detection, the better the chance to cure the cancer and
to date, mammography is considered to be the best modality to depict microcalcifications and even
small tumours. Mammography has the best combination of sensitivity, specificity, low cost and
short acquisition, as underlined in Section 2.1.6.

A mammogram is a two-dimensional X-ray image of the mammary gland produced by a
radiation beam passing through the compressed breast. Photons are attenuated according to their
initial intensity, the thickness of the tissue they pass through and the attenuation coefficient of the
respective tissue. The breast must be initially compressed between two plates to even its thickness
and spread out the breast tissue for the radiologist to detect density variations easier in a
mammogram. This improves the appearance of the mammogram and the image quality is even
across the breast, while exposing the patient to a lower radiation dose. Figure 8 shows the clinical
imaging machine. From the X-ray source, the photons traverse the breast compressed between the
superior and the inferior plates and their intensity will change. The beam eventually reaches the

film cassette, which, in the case of a film-screen device, contains the anti-scatter grid, the film and
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3 Filtering h;,, Images

'Contrariwise’, ..., 'if it was so, it might be, and if it were
so, it would be; but as it isn't, it ain't. That's logic!’

Lewis Carroll - “Alice in Wonderland”

The field of medical imaging is constantly looking for new and better techniques to represent and
analyse the human body in a way that is useful for clinicians. Unfortunately, as previously
discussed, medical images have quite poor signal-to-noise ratios, and thus need to be enhanced in
order to become useable. It is important to realise that the SNR of medical images tends to be an
order of magnitude poorer than for regular visible images, for which most image enhancement
schemes have (naturally) been developed. Few image enhancement schemes have been developed
specifically for medical images, nor have they been adequately tested on such images. It has
repeatedly been demonstrated that filtering methods can substantially improve the quality of the
image by eliminating artefacts and reducing unwanted information in the original image. They can
also simplify the appearance of otherwise complicated anatomical structures.

Image filtering has already been discussed in the previous Chapter as an image pre-processing
step used with several calcifications and mass detection algorithms. Conventional filtering
methods include a background smoothing stage (e.g. convolution with a low pass filter) followed
by enhancement of the structures of interest (e.g. high pass filtering) and the subtraction of the two

newly obtained images. A single such method is not capable of dealing with the large variability of
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the anatomical features that must be considered. There are numerous algorithms based on evolving
partial differential equations (PDE) for noise removal and image enhancement, but, as noted
above, few of them have been tested thoroughly on medical imaging. Ultrasound images are
particularly noted for their very noisy appearance and there have been many attempts to develop
noise removal filters in medical ultrasound imaging [117]. Several other algorithms deal with the
application of diffusion tensors in MRI [140, 149, 173]. Since the detection of microcalcifications
is hampered significantly by the presence of noise of similar shape and magnitude, a PDE filter for
noise removal in X-ray mammography is developed in this thesis. The next section introduces the

basic theory behind anisotropic diffusion, a particularly important example of such a PDE filter.

3.1 Anisotropic Diffusion

Anisotropic diffusion has its origins in the classical nonlinear diffusion filter developed by Perona
and Malik in 1987 [133], which is based on a PDE in divergence form. It is the cornerstone for
new developments in multi-scale image analysis aiming to simplify the image appearance while
enhancing structures of interest, such as edges or coherent structures. Its name is derived from the
classical diffusion (or heat) equation.

Anisotropic diffusion is the solution we adopt for its inherent properties of smoothing and edge
enhancement, but other methods are reported in literature with good results in image
regularisation. Amongst them, we mention morphological methods [125], which have a
geometrical interpretation of images and are based on finding specific spatial characteristics in an
image. Grey-scale morphology decomposes the image into its level sets [172]. The SUSAN noise
removal and feature detector [155] is a nonlinear approach to feature detection that uses a circular
mask for local measurements (excluding the central pixel). Those parts of the local image that are
similar to each central pixel are used to compute the pixel’s value. Wavelet packages [107] are

also used to filter out high frequency noise through subspace decomposition of a characteristic
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4 Adapting Characteristics of the Human Visual
System to Digital Mammography

Unlike the wine, science shouldn't be let to age

Grigore Moisil

In this Chapter, we present the results of a newly developed method to identify
microcalcifications in mammograms using a model based on human vision. It is critical that any
programme designed to assist radiologists detect microcalcification clusters misses few, if any,
clinically important clusters. It is equally important that it does not yield too many false positives
(FP). However, no method is perfect and though some have reportedly reduced the numbers of
missed calcification clusters by as much as 20%, they continue to return too many FP. Previous
methods can be classified as primarily statistical [80, 81] or structural [179].

Our method relies upon using a quantitative representation of breast tissue such as the
Standard Mammogram Form (SMF) developed by Highnam and Brady [65]. Although the results
presented below have been obtained using the SMF quantitative representation of breast tissue, this
method does not depend upon the specific characteristics of the &;,, and SMF representations. Our
method will work interchangeably on any such representation, though, as we will demonstrate,
there are significant advantages to applying it to the SMF representation.

The novelty of the technique derives from (a) the way in which the method analyses the
statistical characteristics of the mammogram and (b) the particular combination of filters that are

applied in sequence (statistical analysis, image enhancement, adaptive segmentation). In particular,
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the algorithm adapts to digital mammography a model of how the human visual system functions
for conventional visual images. The eye of a trained radiologist is more effective at detecting
microcalcifications from a cluttered image than existing algorithms. For this reason, we use a
novel measure for adaptively estimating image contrast, as explained further in this Chapter. The
new measure adapts to local brightness and adjusts a threshold. Critically, this automated approach
is adaptive and does not depend on the selection of multiple parameters. This is important for
large-scale employment in mammography, where it is simply unfeasible to re-set parameters for
each mammogram. We do this by a new method of adapting the filters to the characteristics of the
particular image under consideration.

An overview of the algorithm is presented in Figure 40 with a clear separation of the stages we
use to detect microcalcifications. While the top row in the diagram relates to the SMF generation
(see Section 2.3) and Wiener filter (discussed in detail in Chapter 2), the bottom row underlines the
steps that will be described in the following sections of this Chapter. Therefore, our input image is
in SMF format and addressed as SMF-blurred-noGlare. In the pre-processing stage we remove
shot noise and curvilinear structures (CLS) according to Section 4.1 and obtain SMF-noCLS. Then
we compute the parameters of the anisotropic diffusion filter (addressed as statistical analysis and
described in Section 4.2) and enhance the mammogram while removing the remaining noise; the
result is SMF-AD. The map of microcalcifications is the output of the foveal segmentation
explained in Section 4.3. Results and a comprehensive discussion of the parameters setting are

included at the end of the chapter.

4.1 Pre-Processing

We have previously presented in Section 2.3 the new approach by Highnam and Brady for
mammographic image normalisation offering a quantitative representation of the breast tissue, the

hi, [65]. There is a drawback however, the extremely noisy appearance of these images that makes
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their analysis more difficult. Although the signal-to-noise ratio (SNR) of the mammogram is
improved slightly by the process that generates the #;,, representation prior to glare removal, the
subsequent glare removal step, which has the advantage of reducing the number of FP, has the

disadvantage of drastically decreasing the SNR due to the amplification of high frequency noise.

| grey-level Mr_’ | blurred _SL’ SMF blurred _GiaLe_’ SMF blurred

Filter generation removal noGlare

Shot-noise removal

¢ CLS removal
SVE noCLS Anisotropic diffusion »  SVFAD Foveal ) Nl"flp of
segmentation micros
istical Gradient | k f
analysis map +k

| k

Figure 40: The diagram of the foveal algorithm to detect microcalcifications in Standard
Mammogram Form images. The top row underlines the typical generation of an SMF image,
including glare removal. The bottom row highlights the method described above: pre-processing,
statistical analysis, image enhancement and adaptive segmentation.

Yam et al. [178] introduce a de-noising algorithm, which attempts to remove radiographic
mottle [65], a major source of FP in microcalcification detection. This is achieved by applying a
Wiener filter, adapted to the characteristics of radiographic noise, to the original image prior fo the
generation of the %;,, image. As a result, the SNR is increased and the overall appearance of the 4,
image improved. Since microcalcifications are also subject to noise, the amplified high frequency
noise in the original 4;, tends to disrupt small structures, such as microcalcifications. The new
smoother version would reduce the number of false negatives (FN) in our detection algorithm.

To detect microcalcifications, we aim to filter the image in a way that blurs the background,
but enhances calcium. Prior to the image enhancement and detection of microcalcifications, the
normalised mammogram is pre-processed for shot-noise and curvilinear structures (CLS) removal.
This step, described in the following section, eliminates some major sources of FP, as will be seen

in the detection results.
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The above flow diagram outlines the steps of the detection method including the foveal
segmentation (c.f. Section 4.3). In the diagram, SMF is taken to mean any suitable quantitative
representation of breast tissue, such as Standard Mammogram Form, I is the original grey-level

image; k is the contrast parameter used in the anisotropic filter and the foveal segmentation:

4.1.1 Shot Noise Removal

The main causes of FP that we aim to eliminate are shot-noise and curvilinear structures [65]. The
SMF generation process can easily detect film-screen artefacts [3, 66], at the glare removal stage.
Therefore, glare removal may reduce the SNR, but would also minimise the number of FP in the
detection of microcalcifications. Shot-noise generally refers to a noise process in a sensor in the
scanner. Dust, hair or scratches on the intensifying screen or on the surface of the film (when it is
subsequently digitised) are light attenuating. They have sharp boundaries in mammograms and can
be treated as shot-noise. It has visual properties that are similar to those of microcalcifications.
Highnam and Brady [65] note the absence of blur in such structures of noise in mammograms. The
3D shape of noise is sharp, as seen in Chapter 3, Figure 31. Using the point spread function of the
intensifying screen; the points are identified and marked on a map (the energy imparted becomes
negative after glare compensation where shot-noise is present, since it has been introduced to the
image after the main blurring stage [66]). Using the binary information from the shot noise map,
the artefacts can be removed from the SMF image by interpolating between their surrounding

backgrounds. Figure 41 shows an example of shot noise removal.

4.1.2 Curvilinear Structures Removal

Curvilinear structures (CLS) in the mammogram arise due to anatomical features, such as milk

ducts, ligaments, blood vessels and tumour spiculations. They appear relatively bright, thought not

necessarily with high contrast, in mammograms and are typically long thin lines crossing parts of
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the breast. They are locally linear, but may also curve on larger scales. Their detection is difficult
due to the large variety of widths and lengths. Noise can easily disrupt the appearance of CLS in
mammograms leaving isolated bright spots behind, which can easily be confused with
microcalcifications. Also, at an intersection of two CLS in the image, corresponding to overlap of
the CLS in the 3D compressed breast, the attenuations of the individual CLS add, producing a
localised region of higher attenuation. Such points also appear similar to calcifications rather than
noise.

The method we propose for CLS removal is based on the local energy model for feature
detection of Kovesi [90] and is presented in [35, 36, 181]. For a more detailed review of local
energy and phase congruency please refer to Appendix A. A recent development of CLS detection
and removal is presented in [154] and we show results on initial experiments after removing CLS
from mammograms using Schenk’s multiresolution algorithm later in this Chapter.

The principles behind local energy and phase congruency methods are discussed next. From
local energy we can search for features at points of maximum phase congruency, which are the
points where the local Fourier components are maximally in phase [90]. Phase congruency
highlights those points with maximum local energy. It is invariant to changes in image brightness
and contrast, but scale affects the detection of relevant features. Local energy (LE) and phase
congruency (PC) are expressed by Evans et al. as in Equations ( 57) and ( 58) [36]. (We used their
formulae for computation; but for Kovesi’s approach refer to Appendix A.) For the spatial

frequency j, the local Fourier coefficients of a one-dimensional signal are:
(56)

ZN:(Aj+iBj)

=1

<
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(58)

When the Fourier components of the signal are in phase, PC becomes 1.

Things become slightly more complicated in the case of two-dimensional images (intensity
mammograms, SMF images). PC becomes a function of position in the image and filter
orientation. Kovesi proposes the convolution of the logGabor function with the image using the
Fast Fourier Transform over 6 orientations and 4 scales. The logGabor filter appears as a hill of
approximative Gaussian shape on the positive side of frequency (see Figure 105). This is in the
frequency domain a good approximation of the sum between an even symmetric and an odd
symmetric filter (multiplied by 7) and the convolution with a logGabor can be seen as the sum of
convolutions with both these symmetric filters. Performing the inverse FFT, we obtain the real part
as the result of convolving with the even symmetric filter, while the imaginary part is the result of
the convolution with the odd symmetric filter. For every scale and orientation, the magnitude and
the phase of the convolution are computed. The size of the bandwidth is set as seen in Appendix A.
The logGabor with a transfer function as in Equation ( 59) is used to obtain oriented wavelet filter
( 61), where w, is the centre spatial frequency of the filter (oriented wavelet filter), 6, is the
orientation of the wavelet, o, is the angular spread of the wavelet, log(k/w,) is the wavelet’s
frequency spread and S(6) is the cross-section of the transfer function in the angular direction (
60). Through the computation of LG(w), PC becomes PCy(X).

_ (log(@/ ®,))’ (59)

S (9) = exp(— MJ (v

20,

GO,w)=50)xLG(w) (61)
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Evans, Yates and Brady [36, 181] make the following two assumptions in detecting CLS from
PC:

e the intensity profile of a CLS perpendicular to its local orientation is a one-dimensional

peak (e.g. cos(¢)), with a phase within —n/2 < ¢ < n/2;

®  PCypn > PCyat a CLS of orientation 6, since CLS are long and thin.

The weighted mean local phase in the direction 6, @g, is calculated using scaled wavelet filters
and unless —m/2 < @y < /2 for a given pixel, then the pixel does not belong to a peak and is
discarded. Alternatively, PC, is calculated. The step is repeated at regularly spaced intervals of &
and a pixel is labelled as CLS if | PCyynp - PCyl > O for all orientations8. The CLS labelled pixels
are now output in a binary map of CLS. The choice of scale and parameters is critical for a good
CLS detection, as Evans and Yates remark [35, 181].

The CLS removal algorithm, in its original implementation [35, 36], gets the best estimation of
CLS as in Figure 102. One major reason behind this over-estimation is the development of the
method for mammograms of smaller resolutions than the one we use to find microcalcifications.
Also, calcifications were not relevant for the validation of the original CLS removal method and
therefore their removal along the CLS not considered important. The implementation we propose
uses a smaller wavelength, which makes it more sensitive to smaller scales. Furthermore, we
reduced the number of scales over which features are detected by phase congruency to avoid
marking as CLS the calcifications, as small structures that still have local orientation. The downfall
is that there are discontinuities that appear in the true CLS and their removal leaves bright areas on
the mammogram that do not correspond to real structure with that particular form and
characteristics (similar to microcalcifications). To avoid having such discontinuities and major
errors in image manipulations, we followed the original algorithm proposed by Evans et al. and
dilated the features appearing in the binary CLS map. After dilation, a smooth interpolation is
required.

To perform the smooth interpolation, we adopted the solution proposed by Evans, which uses

the Matlab Image Toolbox function roifill. This function takes as input (in this particular
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application) the mammogram and the corresponding binary CLS map. The interpolation is done
from the boundary of the non-zero contours in the CLS map inwards, using the pixel values from
the mammogram. Each non-zero region is treated separately during the interpolation. The criterion
used is to solve Laplace’s equation with specified boundaries. This may be interpreted as finding
the smoothest interpolation on the interior of the boundary by solving a heat equation. The Matlab
implementation of Laplace’s equation solves a sparse linear system using finite differences.

Figure 41 shows an example of CLS removal and a binary CLS map. The amount of estimated
CLS is large and shows responses of the algorithm to very weak edges, which induces a smoothing
effect in those areas when the removal/interpolation is performed. This is an undesired side effect
of the algorithm. These are the results obtained using Evans et al.’s method, when a good
compromise is achieved in removing CLS without removing microcalcifications. A more accurate

CLS removal technique is proposed in Section 4.4.2 and will be employed in future work.

4.2 Statistical Analysis and Image Enhancement

There are various methods, which may be used to do image enhancement, for example
anisotropic diffusion-based filtering (cf. Chapter 3) which aims to blur the input mammographic
image while preserving certain intensity changes, such as small regions of interest. The process
relies on the use of a set of numerical parameters, often referred to in the image processing
literature as time, contrast, and size. It has been found in practice that it is essential to determine
the right choice of parameters to obtain good reproducible results. Our method automates the
parameter setting for each individual image, and in this way it eliminates the need to set
parameters.

The method exploits Weickert's solution [172] for the diffusion tensor. It uses a similar
simplified and stronger tensor having eigenvalues ( 62), where [ is the initial image, I, the
Gaussian smoothed image (o is the standard deviation or scale), k a contrast measure and n a

suitably high power, such as 8 or 12.
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Figure 41: Removing artefacts; (a) the original image; (b) the binary shot-noise map (white dots

are noise); (c) the binary CLS map; (d) the ‘clean’ image after shot-noise and CLS removal.

1 IVI, =0, (62)

A= exp| ——L VI, >0
(VI 1/k)"

A, =1

As we have noted in the previous Chapter, the parametric format of anisotropic diffusion
makes this process highly dependent on the fine-tuning of its input parameters. In practice, the
more complex and variable the images in a dataset, the more problematical it is to choose a single
set of values for these parameters that works well for the entire dataset. Critically, by any measure,
mammograms are very complex images, whose appearance varies widely across a population (at a

centre, hospital, region, country, or continent), yet any microcalcification detection algorithm must
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generate very few FP and have even fewer false negatives (FN). One possible approach is to
provide for interactive setting of parameter values; but this is unacceptable in clinical practice.
Microcalcifications are typically extremely small, therefore a small scale ois desirable. Since ¢
is not an image characteristic, we choose to vary only k, which is image dependent. Now we can
iterate the blurring filter for a constant number of iterations over the image, but this raises the
problem of how to choose the contrast parameter to determine the values of the eigenvalues ( 62).
Our method uses an adaptive Gaussian derivative filter ( 63)- ( 66). The application of this
filter to a de-noised, glare-removed /;, image results in a gradient-map that highlights suspicious
regions as regards microcalcification detection. Furthermore, the same filter outputs the value of k
for the subsequent diffusion. Figure 43.c.,d. shows two examples of such gradient maps. Having
the gradient map and the resulting value of k, we apply the anisotropic diffusion filter to the A,
image with the corresponding value of k for a fixed number of iterations and set scale. The new
images will generally be blurred, except possibly for some suspicious regions that will have their
edges preserved, as in Figure 43.e.,f. Note the emphasised outline of the microcalcifications, while
most of the background is blurred. By using the adaptive filter to compute the value of k, the
anisotropic diffusion filter becomes robust, easy to use and automatically adapted to the image
characteristics. The value of k represents the threshold selecting only the top 4.4% outstanding
features in an image, a statistical value related to the sum between the mean and two standard

deviations. Since the mean of our matrix is null (see Figure 42), equation ( 66) takes a simpler

form.
K D= s exp[— " J (63)
M=KD (64)
¢ =M -L>um, (65)
jed;
k= 2%std(g) , (66
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where K(I) is the Gaussian of image I, M the Gaussian derivative, g; a classical measure of
local contrast in a neighbourhood of N pixels, while &k is the computed contrast value to be
subsequently used to filter the image.
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Figure 42: An example of estimating k. The image shown on the left (after expanded display
contrast) has the associated histogram of function g in the right. We note the zero mean value of g,

as well as where the value of 0.47 of k falls.

4.3 Foveal Segmentation

An important goal in present image processing and computer vision methods is to integrate spatial
models that reveal the sensitivity of the human visual system (HVS) at various intensity transitions
and texture variations in an image. There is over one century of research behind trying to fully
understand the way the HVS functions. A major contribution to this on-going research was
brought by Holladay in 1926 [69] and later by Moon and Spencer in 1943 [118]. They introduced
the fundamentals of the way the human processes visual scenes. Nevertheless, the process is very
complex and still not entirely understood [6], which make it difficult to design comprehensive
models of HVS.

The final step in our method to detect microcalcifications is an adaptive segmentation method.
It is well known that the Human Visual System (HVS) is highly sensitive and can detect fine

details in noisy or textured images. Image processing aims to reproduce the quality of these results.
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Recently, Heucke et al. [62] introduced a computational model for the HVS. In their method,

foveal contrast depiction is adapted to the object surrounding and background.

Figure 43: Automated image enhancement; (a) an image with an isolated calcification; (b) an
image with a microcalcification cluster; (c) the corresponding gradient map for image (a) depicting
the microcalcification and some extra undesired regions; (d) the corresponding gradient map for
image (b) with a good representation of the cluster, but some falsely suspicious areas as well; (e)

the automatically diffused image (a); (f) the diffused image (b);

The adaptation of the eye to light changes is a continuous process in HVS. We perceive objects

differently if they are against a bright surface (for instance a window in a sunny day) or dark area
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(a dark wooden panel). The adaptation luminance proposed in [118] is the response of the eye in
adding an average luminance within the central visual field or fovea (L;,,) and an equivalent
veiling luminance caused by the luminance of surfaces surrounding the peripheral field of view
(Lseq) as in ( 67). However, the foveal adaptation owes mainly to the luminance within the foveal
field and only approximately ten percent to the luminance of the field of view outside of that of the
fovea [118]. The literature proposes 7.7% of the adaptive luminance to be due to the background
luminance [62], which gives a value of 0.923 to our weight w (see below). In practice, we studied
the effect of varying w with 10% more or less than the proposed value and a comparative FROC
curve is shown in Figure 61.

L,= Lfov + Lseq ( 67)

Furthermore, the visual perception of the eye is dependent on the spatial perception of the
object we perceive. This effect is called lightness assimilation. The same object may appear lighter
on a dark background and darker over a light surface (see Figure 44). The eye is still perfectly

capable of distinguishing the three central areas, but this is not obvious for a computer programme.

Figure 44: An illustration of the lightness assimilation. We show three synthetic images with dark
(left), medium (middle) and bright (right) backgrounds. All have central objects of the same size
and intensity, but are perceived differently by our eyes, due to the variance in background

lightness.

In the mammographic environment, the main advantage of the human eye over CAD methods
is the depiction of microcalcifications in dense areas of the breast. At the same time, the radiologist

must not pick FP in the dark areas. This is the result of the adaptation to background, which is
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equivalent to lowering thresholds in bright areas and increasing them in dark areas, basically an
inverse proportionality to the background. While in our synthetic images the background is
constant, in a mammogram we must consider the neighbouring area of the foveal kernel, as shown
in equation ( 70). The adaptive threshold model that we propose for the detection of
microcalcification applies the above-mentioned concepts in the mammographic setting for the
improvement of abnormality detection in the breast.

Previous contrast measures used in mammography seek to establish a minimal constant
contrast difference all over the mammogram [80]. The contrast (C,q.) is calculated at every pixel
as the difference between that pixel value (p;) and a weighted sum of the pixel values in an
immediate neighbourhood (N) ( 68), where n is the number of pixels in N. C,,y 1s then compared
with a fixed threshold, Cy,.., over the whole image and microcalcifications are marked. The
variation in height in an SMF image or intensity in a typical mammogram makes it far easier to
detect microcalcifications against a fatty background but more difficult to detect correctly against a
denser background [9]. In like manner, computer vision algorithms often find it more difficult to
detect faint contrast changes against a bright background than against a dark background. The
HVS, however, adapts to the local image contrast, and detects faint contrast changes in a manner
essentially independent of the background. We have adopted a similar model of contrast detection
in the HVS for mammography with the aim of improving the accuracy of the detection.

We initially remove the glare, shot-noise and CLS from the SMF image. Having the SMF,,cs
image, we compute a set of mean values using masks for the inner area (within the boundary of
calcification), its neighbourhood (the local area around the calcification) and background (the rest
of the breast tissue). The histogram of the inner surface will provide the mean of the object (1), as
the histogram of the whole image will give us the mean of the background (u). The mean of the
neighbourhood (uy) is defined as the weighted sum of intensities depending on the scale of the
mask. A synthetic image designed to illustrate the kernels used for object (O with the mean ),
neighbourhood (N with the mean ) and background (B with the mean t4) is shown in Figure 45.

The perceivable contrast C is calculated according to equation ( 69):
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| (68)
Cclassic = pO __zpi
nien
M~ My (69)
C — —N’ l‘fﬂo > ﬂN
Hy
0, otherwise

Figure 45: The foveal masks used for the computation of t, 4y and ug. The object O is the area
of the fovea centralis, N its neighbourhood (twice the size of O in our applications) and B the

background.

We then compute C,,;, ( 70), where uy = w uy + (1-w) up and w is a suitable weight between 0
and 1 affecting the amount of background implied in the computation of contrast. We have found
that w=0.877 to 0.923 gives good results. We will use the value of 0.923 for the default value in
comparative studies, as proposed in literature [62]. The segmentation parameters are set-up

automatically based on the image-adapted value of k, as computed from the statistical analysis,
(discussed in Section 4.2). We found that ¢, =k /200 is appropriate for a conservative

detection. Areas in the SMF image having C>C,,;, are marked as microcalcifications. In practice

we have found that the value b=0.0808 has given good values.
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(70)
C 2
N
Cmin: 2 :
C.,
—| b+ :UL > Hy > Hy
Hy Ha

Using C,,;, instead of Cy,.q, the contrast is adapted locally, not only globally, in a manner
similar to that of the HVS. Figure 46 shows how the variation of perceivable contrast varies with
the background in the HVS adaptation method versus classical methods. While C,,;, varies with the
local image characteristics, Cy,.s 1S constant over the whole image. Microcalcifications can be
correctly depicted in a fat background for both contrast measures, but in a dense background the

detection is facilitated by the adaptability of C,;,.

4 Intensity/Height
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Figure 46: The simulation of a plot of a mammogram section containing microcalcifications over
height/intensity variation. The variation of the perceivable contrast in the detection of
microcalcifications is suited to the local characteristics for the adaptation of HVS using C,,;,. The
classical minimal perceivable measure, (here called Cy,.,) is a global characteristic of the

mammogram and less flexible in the elimination of FP in the detection of microcalcifications.
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The function C,,;, ( 70) is a measure of contrast sensitivity. It sets the threshold from which
objects in the image are visible for the observer, a measure of the eye’s ability to perceive
luminance gradients. Through the use of the minimal perceivable contrast (c,), it includes a
measure of the image brightness. (Imagine varying the amount of objects we can distinguish with
the naked eye by using a pair of sunglasses.) The variation of C,;, over a set of synthetic images
presenting variations between background (see Figure 47), neighbourhood and object is shown in
Figure 48. Using the adaptive thresholding qualities of HVS we can depict all the high peaks in
these images, which would be impossible with a simple threshold. For the parameter b in the C,;,
equation, we used the value 0.0808, as proposed in [118] with good segmentation results.

Figure 49 shows the Free-response Receiver Operating Characteristic (FROC) curve of the
tested microcalcification detection method based on the adaptation of HVS. We used a database of
102 samples of digital SMF images. 78 of them contain between 1 and 3 clusters per image, while
24 are normal mammogram samples. There are a total of 98 clusters of microcalcification
annotated in the database. All images were digitised at a resolution of S0um and have sizes under
1500x1500. We further show some examples of microcalcification clusters detection in Figure 50 -
Figure 54. A cluster is detected if it contains at least three microcalcifications, where a distance of
maximum 0.5 cm (approximate value) connects each calcification to the rest of cluster.
Recursively, we noted that the distribution of detected FP/image is equal in samples with
microcalcifications and in normal samples. Along with the original SMF sample and the
microcalcification detection map, the figures show intermediate results from the following stages;
we also show the gradient map resulting from the statistical analysis, the CLS map and the
enhanced SMF sample after applying the automated anisotropic diffusion filter described
previously. The detection process is non-parametric and fully automated, being adapted to the

local and global image characteristics.
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Figure 47: A set of five synthetic images with variations between object, neighbourhood and
background and their associated cross-sections. These examples cover a wide aspect of contrasts in
image processing: bright on dark, bright on bright, dark on dark. The corresponding values of t,
My, 1 and C are shown in the table below the figure. The variation of the adaptive threshold is

shown in Figure 48.
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Figure 48: The variation of the adaptive threshold C,,;, for the synthetic images in Figure 47 in the

central area of images, which corresponds to the object and neighbourhood surface. For this

example, we used ¢,=0.03. The value of C,,;, in the centre of fovea is shown in the table below the

figure. We note that for the most delicate case (extreme right), C,,;, and C are in the same range of

values. In such difficult cases, which approximate better the mammographic environment where

transits between different intensities are much smoother, the adaptation of C,,;, become crucial.

Moreover, C> C,,;, in all five cases and all peaks are detected.
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Figure 49: The FROC curve of the microcalcification-detection method based on the adaptation of

HVS in digital mammography.

Figure 50: Detection example 1: (a) the original SMF images with a microcalcification cluster; (b)
the gradient map from the statistical analysis depicting suspicious pixels; (c) the CLS map; (d) the

enhanced image after diffusion; (e) the microcalcification detection map.
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Figure 51: Detection example 2: (a) the original SMF images with a microcalcification cluster; (b)
the gradient map; (c) the CLS map; (d) the enhanced image; (e) the microcalcification detection

map.

4.4 Discussion

We have presented a fully automated non-parametrical method to detect microcalcifications in
digital mammography. The result of applying it to a mammogram (typically an SMF image) is a
map of detection, which highlights the microcalcifications present in the image. As the FROC
curve in Figure 49 shows, the detection rate on a 102 set of mammogram samples reaches 98% TP
fraction at 0.1 FP/image. All the microcalcification clusters in the tested images are correctly
detected at 1.1 FP/image. The most difficult case was a cluster in the breast margin (see Figure
55). Since the margin of the breast in mammogram has not been compensated, the characteristics

of microcalcifications in that area are atypical and their detection becomes difficult.
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" . s 1 = d n
Figure 52: Detection example 3: (a) the original SMF images with a microcalcification cluster; (b)

the gradient map; (c) the CLS map; (d) the enhanced image; (e) the microcalcification detection

map.

the gradient map; (c) the CLS map; (d) the enhanced image; (e) the microcalcification detection

map.
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Figure 54: Detection example 5: (a) the original SMF images with a very large microcalcification

cluster; (b) the gradient map; (c) the CLS map; (d) the enhanced image; (e) the microcalcification

detection map.
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Figure 55: A case of difficult detection with a faint microcalcification cluster in the breast margin.
The contrast in the image has been enhanced for the reader to help in the visualisation of the
cluster.

Adding adaptive contrast segmentation based on human foveal processing significantly
enhances the detection of microcalcifications (see Figure 76). However, the variability of
microcalcification appearance is very large and the algorithm may struggle with some difficult
cases. The robustness of the method comes from the sequence of filters applied to the
mammogram; the complex processing of images makes the algorithm slow when working with
entire mammograms (generally images of 4500x4500 pixels). Therefore, a faster implementation

of it may be required.

4.4.1 Comparative ROC Analysis

In this section we present comparative FROC curves to test the response of our method with
variations in algorithm and input images. We will see the impact of CLS removal, the changes
with the variation of the minimal perceivable contrast, the results on intensity images and on whole

mammograms.
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4.4.1.1 CLS Removal

We will first test the influence of the CLS removal step in the detection of microcalcifications.
Although the number of FP is lowered (see Figure 57 and Figure 56), the method is not perfect. To
make sure that no microcalcifications are eliminated during this step, we preferred a conservative
approach. This may leave some CLS residuals in the image, which may lead to FP in the detection.
Also, we may still lose some small microcalcifications during the CLS removal, which does not

seriously affect the detection of the cluster, as seen in the examples below.

Figure 56; Another example of CLS removal in detection: (a) the original mammogram; (b) the
detection map using the CLS removal; (c) the detection map without CLS removal with a few

extra FP detected.

Figure 57: CLS removal in detection: (a) the original mammogram; (b) the detection map using

the CLS removal; (c¢) the detection map without CLS removal with a few extra FP detected.
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Figure 58: The comparative FROC curve when CLS are removed or not prior to the

microcalcification detection

In Figure 58 we show the comparative FROC curve of our method applied on original images,
which are not pre-processed with the CLS removal algorithm versus CLS-free images. The
response of the algorithm is vastly superior when CLS are eliminated prior to microcalcification
detection. The large number of FP caused by the presence of CLS delays the FROC response when

CLS are not removed.

4.4.1.2 Image Diffusion

The pre-processing of our database includes, as highlighted along the manuscript, the smoothing
of images by anisotropic diffusion. The reason for employing smoothing along the algorithm has
already been mentioned in previous sections. What is still left to be done is comparing the
performance of the method with and without smoothing to get a clear understanding of the effect
of diffusion on the detection results. The whole algorithm is replicated without the smoothing step
and the comparative FROC curve is shown in Figure 59. An example is also shown in Figure 60,
where we can compare the detection results with and without smoothing on a mammogram
sample. Although the smoothing is expected to remove some of the very small or faint

microcalcifications, the clusters are well preserved using the nonlinear qualities of anisotropic
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diffusion. Notably, the higher number of FP detected when no smoothing is present reduces

considerably the performance of the algorithm.
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Figure 59: The comparative FROC curve when smoothing by anisotropic diffusion is performed

or not prior to the segmentation of microcalcifications.

Figure 60: Image smoothing in detection; (a) the original mammogram sample; (b) the detection

map using anisotropic diffusion; (c) the detection map without using smoothing with FP marked.

4.4.1.3 Perceptibility
In Section 4.3 we mentioned the significance of w in setting the minimal perceivable contrast for
obtaining the best detection results when our algorithm is applied. We ran parallel tests to test the

consistency of our conclusion to use the value 0.923 for w. Therefore, we varied the value of w
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over 5-10% and found that the detection peak is achieved when w is set between 0.877 and 0.923.
However, a 5% difference in the value of w does not change significantly the detection results,
although the efficiency of the algorithm is slightly lowered. Figure 61 shows the comparative

detection results with the variation of w.
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Figure 61: The comparative FROC curve when w is varied over a range of 5 to 10% of its default
value of 0.923. The difference in detection results is quite small and all four algorithms converge

smoothly to 100% TP ratio.

4.4.1.4 Intensity Images

The obvious question we have to ask ourselves at this point is how well would the algorithm
perform on intensity images and if the results are similar to those obtained on SMF images. We
used the same 102 images, this time intensity images corresponding to the previously used SMF
images, and tested our method over the same range of parameters as in the case of the SMF images
that generated the above FROC curve. The results are shown in Figure 62. The detection algorithm
performs similarly on intensity image, with a slower convergence, for the same set of parameters
as for SMF images. The shape of the FROC curves makes a great difference to the number of
microcalcification clusters detected at a particular number of FP/images, especially on the left side

of the curves. This is the area of the FROC curve that corresponds to clinical results.
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Figure 62: Intensity versus SMF comparative FROC curve. The detection algorithm converges
slightly slower for intensity images, but reaches the same performance as for SMF images. One
reason for the delay could be the use of same parameters when building the FROC curve, although

the image characteristics (intensity versus SMF) are different.

4.4.1.5 University of South Florida Database
The ultimate goal of any CAD algorithm is to perform correctly on any given similar database, no
matter where it comes from. As is acknowledged by many authors (not least those who constructed
the University of South Florida database), without image normalisation this is hard to conceive of.
The SMF generation algorithm is designed to help in this difficult situation, but excepting the
Oxford database, no other image collections have mammograms in SMF format. Our detection
algorithm, through its parametrical relation to the image attributes, facilitates the generalisation of
detection standards, but without the use of a normalisation algorithm (a corner stone in our
reasoning), the results are not ideal.

We used for comparison a collection of images from the University of South Florida Digital
Database for Screening Mammography (DDSM). More precisely, we applied our algorithm to
mammogram samples digitised at 43um/pixel with annotated microcalcification clusters. They

have similar sizes to the image samples from the Oxford Screening database (c.f. Section 4.3).
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The major difference between these images and the ones from Oxford is the image resolution. To
compensate for this difference, we conversed the values of o in the anisotropic diffusion step (see
Section 4.5.2) to build a Gaussian kernel of approximately same size. In the Oxford database (at
50um/pixel), owas 0.6, which has the same physical size as a oof 0.7 at the new resolution. Also,
the kernel of fovea in the foveal segmentation (see Section 4.5.2) becomes 11 instead of 9 to be in
accordance with the parameter setting reasoning. These conversions are done automatically at the
launching of the application in agreement with the user specified resolution.

The new database consists of 82 image samples, of which 58 show abnormalities in the form
of microcalcification clusters and 24 are normal. The abnormal images contain between 1 and 4
clusters/image and the total number of clusters is 82. All images are intensity images, as termed
before, therefore the FROC curve shown in Figure 63 compares the performance of the
microcalcification detection algorithm between the Oxford Screening Database in intensity form

and the DDSM collection.
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Figure 63: The comparative FROC curve between the detection results on intensity images from
the Oxford Screening Database and the University of South Florida Digital Database for Screening

Mammography .
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As expected, the algorithm performs better on the Oxford Screening database, on which the
parameters were originally trained. Nevertheless, the detection results on the two databases
converge at about 0.5 FP/image and they both achieve 100% TP fraction in the vicinity of 2
FP/image. A more appropriate test of the detection algorithm on the DDSM database will be done

when images will be available in SMF form.

4.4.1.6 Whole Mammograms

The results used in building the previous FROC curves are based on processing cropped samples
of mammograms from the Oxford Screening Database. All experiments were performed on a 1.2
GHz Pentium III class workstation with 1 GB RAM. Nevertheless, it was very computationally
expensive to test the detection method on whole mammograms, which are sized 3549x4816. This
is mainly caused by the implementation of our method in Matlab, which uses extensive memory
and slows down the processing time due to the high-level programmeming. By doing some
algorithm optimisation, the processing was made possible for the illustration of results on detecting
microcalcifications in the full surface of breast.

The breast margin is detected in SMF, thus a threshold above 0 removes the background.
Now we can compute the value of k for the inner area of the breast. The detection results are
accurate and similar to those achieved on mammogram samples (see Figure 64). The size of the
images processed does not influence substantially the number of FP/image in the left side of the
FROC curve. On the right side of the FROC curve, where the algorithm aims to achieve a
detection rate of 100%, the difference in the number of FP is more substantial. We used a total
number of 83 mammograms in SMF format from the Oxford Screening Database. 59 of them
contain between 1 and 5 clusters/image, adding the total number of clusters to 85, while 24
mammograms have no sign of abnormality. The clinicians of the Oxford Breast Care Unit of the
Churchill Hospital set the ground truth.

The most challenging cluster to detect remains the one shown in Figure 55. The presence of

CLS remains the main source of FP, or more precisely their imperfect removal. A few isolated
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calcifications were also depicted, but they were not labelled as microcalcification clusters (they
were located in groups of less then 3 calcifications, the minimum number required in the detection
method). In Figure 65 we present detection results on whole mammograms; we indicate with

ellipses the TP microcalcification clusters and with arrows the locations of FP.
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Figure 64: The comparative FROC curve of the detection of microcalcifications when
mammogram samples are used versus full mammograms. The behaviour of the algorithm is similar

and robust with the image size.
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Figure 65: Detection results on whole mammograms; (a) and (c) are the MLO SMF images, while
(b) and (d) the corresponding CC images. Ellipses indicate the locations and spread of the detected

microcalcification clusters, while arrows indicate the positions of FP.
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4.4.2 An Alternative CLS Removal

This alternative method we present here to detect and remove CLS is a refined version of the phase
congruency presented earlier in this Chapter (see Section 4.1.2). We have used local energy (LE)
and phase congruency (PC) to detect and then remove CLS from mammograms. The results are
substantially improved (see Figure 58), but the CLS removal algorithm leaves artefacts in images
that can be misinterpreted as microcalcifications. In this section we discuss an alternative method
to detect and remove CLS based on multiresolution oriented local energy analysis [154]. We
encounter the same major problem, namely the wide range of scales and orientations of CLS.
Using multiscale analysis, CLS are detected as a collection of edge-ridge-edge lines with similar
orientations at the correct scale. The condition that neighbourhoods must follow the same model
removes a substantial number of the CLS candidates highlighted by LE. Through exact
interpolation between the edges, no artefacts and undesired smoothing are introduced. The

proposed algorithm is detailed below.

4.4.2.1 Theory
The motivations behind detecting and removing CLS have already been discussed in this thesis,
but to briefly summarise:
e (LS are thin bright structures corresponding mainly to healthy tissue in the breast;
e They complicate the textured appearance of a mammogram,;
e Their scale and brightness resembles that of microcalcifications and CLS crossings
correspond to bright blobs;
e CLS related to blood vessels, ducts or ligaments may be confused with tumour
spiculations;
Schenk and Brady [154] make the following assumptions in their work on CLS detection: CLS

are locally linear; they have well-defined orientation; CLS are high-frequency (small-scale)
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structures. Local energy (c.f. Appendix A) gives responses to all CLS feature (i.e. the centre and
the edges of the CLS) and uses phase to distinguish between these as in Figure 66. An effective

computation of orientation can be performed.
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Figure 66: The response of local energy to a variety of input signals: (a) the input signal; (b) the
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local energy response; (c) the phase-angle response.

The local energy decomposition is done by polar-separable quadrature filters in the Fourier
domain, which are implemented as steerable filters. The computation is performed using an even-
symmetric filter ( 71) and a corresponding odd-symmetric filter for the radial part with a negative
lobe on the negative frequency axis. For the angular component of the filters (spread at N
orientations over a half-circle) the cube of the cosine is used ( 72) and its absolute value for the
odd and respectively even-symmetric filters. Figure 67 shows the steerable quadrature filter pair.
Empirically we found good practical results by setting N = 4 over three scales.

(71)

()= 10% cos(xyj
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3 X
A(¢n ) = Cos (¢ - ¢n )’ ¢ — ﬂ ( 72)

The Fourier transform of the image is multiplied by each of the filters and the inverse
transform calculated. The filter response is computed for each pixel at each scale by a vector sum

weighted by the amplitude of the oriented filter coefficients.
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Figure 67: The angular part: a steerable filter.

The method uses phase to find all locations corresponding to positive going lines (ridges) and
locations corresponding to positive/negative going edges. A point on a CLS must consist of an
edge-ridge-edge triplet of similar orientation and correct scale. Figure 68 shows an example of
ridge-edge combinations. The immediate neighbours of the CLS must follow the same scale-
dependent rule.

At each pixel of a CLS, an approximate width of the structure is computed by selecting the
scale that has the largest magnitude coefficients. The width is used at each pixel to remove the
CLS by interpolating between pixels neighbouring each edge. The algorithm uses histograms of
immediate small neighbourhoods to randomly sample the points in-between, weighting the values

by the distance to either step-edge.
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Figure 68: A simplified example of edge-ridge-edge triplet. The background is a scale image;

ridges are shown in green, while edges in red. The lengths of the vectors express scale.

4.4.2.2 Initial Results

In Figure 69 we can see an example of CLS detection on a sample of real mammogram. The
example is design to show the robustness of the detection and removal on an image containing
CLS, microcalcifications and a mass. The CLS map over three scales is shown along with a close
up exemplifying the edge-ridge-edge triplets detected from the filter response.

Having detected CLS, we removed these lines from the image and applied the
microcalcification detection algorithm to both the original mammogram sample and the CLS-free
image. The two sets of results are shown in Figure 70. A notable improvement can be seen from
the incorporation of this multi-resolution CLS detection stage. The microcalcification clusters are
preserved over the CLS removal, since CLS are now manually removed at different scales
depending on the filter response. Furthermore, edges are not erroneously detected, as they do not
respect the edge-ridge-edge rule, while microcalcifications are not affected, as they do not fit in the
model at the right scale. At this initial testing stage, the method to remove CLS seems more
performant than the phase congruency-based algorithm presented earlier. Note that the scale

selection and CLS detection were done manually
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Figure 69: An example of CLS detection: (a) the original mammogram sample containing a mass,
two clusters of microcalcifications and CLS; (b) the CLS map over 3 scales; (d) a close-up of the
upper right corner of image (a) showing the edge-ridge-edge triplets (edges in green, ridges in red).

The CLS are detected using manual thresholding over each scale.
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Figure 70: An example of microcalcification detection: (a) the original mammogram sample; (b)
the CLS-free mammogram sample using Schenk and Brady’s algorithm; (c) the CLS map before
CLS removal with a large number of FP; (d) the CLS map after CLS removal with improved

results and a significant reduction of the number of FP.

4.4.2.3 Discussion

The new CLS detection method can reliably differentiate between CLS and other high-frequency
components in a mammogram, which are congruent over scale. A better and more complete CLS
removal can be performed without risking the removal of microcalcifications or excessive
interpolation. However, when we performed experiments involving an automated selection of
scales the results were different. We marked a CLS at the first scale that gives response to it.
Unfortunately, most microcalcifications gave responses to one scale or another when no manual
thresholding was used. While the number of FP was significantly lowered, most

microcalcifications were lost and the features of the detected clustered seriously altered. Thus, the
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CLS detection based on multiresolution oriented local energy analysis must be further developed

before imbedding it in an automated detection algorithm for microcalcifications.

4.5 The Detection of Microcalcifications using SMF

4.5.1 Comparative Results

This section compares three algorithms that operate upon the A;, representation (or the SMF) to
detect microcalcifications. Two of these algorithms have been described previously in this thesis;
one is the method presented in the last sections (using image enhancement, CLS removal and
foveal segmentation) and referred as the Foveal Approach, the second one is Yam et al.’s Physics
Based Approach that was described in Chapter 3. The third is a variation of the statistical analysis
introduced in Section 4.2. Using ROC analysis, we demonstrate the superiority of the first
algorithm. First, however, we describe briefly the third algorithm that we compare here.

The third detection method, which we refer to as the Statistical Approach, differs from the
foveal approach only in the final segmentation stage. In common with the foveal approach, the
statistical approach applies an adaptive Gaussian derivative filter to the de-noised, glare-removed
SMF images, which results in a gradient map and outputs the value of k for the subsequent
diffusion stage. Next, the anisotropic diffusion filter is applied to the SMF image using a constant
number of iterations f, with a pre-defined value of ¢ and the pre-computed value of k. With the
diffused images ready, we need to ensure that the artefacts emphasised in the gradient maps will be
eliminated.

A final segmentation stage uses statistical analysis to classify the content of an image into
three main categories:

e Dbackground - where the variation of the image gradient is too low to correspond to

microcalcifications;

e putative microcalcifications; they are conservative to avoid FN;
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e shot noise - where the variation of the image gradient is too high to correspond to

anatomical structures.

The filter is based on the same computation as the anisotropic diffusion, but also incorporates
some adaptive thresholding suited to the image characteristics and the properties of
microcalcifications. This last filtering process outputs a black-and-white map of detection
(BWMD), where all pixels different than the black background correspond to calcifications in the
breast.

The statistical analysis operates in the following manner. If / is the SMF image we process, the
contrast of / is computed by comparing the value of the mean(l) with that of max(I)/2. A first
threshold is adapted to the image contrast and I(SetPixels)=mean(l), where SetPixels are the pixels
in image [ that have the absolute value of the Gaussian derivative smaller than a constant M. For
images with low contrast, we found M=5 to give good results, while for images with high contrast
M has the value 20. The step is repeated over a few iterations in order to evaluate the steepness of
the selected microcalcification candidates at each step. The final version of the image is contrast
enhanced and the maximum value of M is used for thresholding. All the pixels that satisfy the
thresholding criterion are marked as microcalcifications on the BWDM image.

In summary, the third method uses three filters in sequence:

e an adaptive Gaussian filter, which generates a gradient map and, more important, the value

of k;
e an anisotropic diffusion filter, which will enhance certain suspicious regions based on the
previous computation of k;

e some more statistical analysis built as an adaptive thresholding filter, which will

discriminate between microcalcifications and the rest of the image.

Figure 71 to Figure 75 show the detection results on some mammogram samples containing
microcalcification clusters. We present, along with the original contrast-enhanced SMF sample,
the detection maps of the Physics-based Approach, Statistical Analysis and Foveal Approach. We

used a database of 102 samples of digital SMF images, 78 of them contain 1 to 3 clusters per
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image, while 24 are normal mammogram samples. There are a total of 98 clusters of
microcalcification. All images were digitised at a resolution of 50um and have sizes under

1500x1500. Figure 76 shows the comparative FROC curves of the tested detection methods.

Figure 71: Comparative Results 1 for the Detection of Microcalcifications in SMF; (a) the original
SMF image sample; (b) the detection map of the Physics-based Approach; (c) the BWMD of the

Statistical Analysis; (c) the detection map of the Foveal Approach.

Figure 72: Comparative Results 2 for the Detection of Microcalcifications in SMF; (a) the original
SMF image sample; (b) the detection map of the Physics-based Approach; (c) the BWMD of the
Statistical Analysis; (c) the detection map of the Foveal Approach.
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Figure 73: Comparative Results 3 for the Detection of Microcalcifications in SMF; (a) the original
SMF image sample; (b) the detection map of the Physics-based Approach; (c) the BWMD of the
Statistical Analysis; (c) the detection map of the Foveal Approach.
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Figure 74: Comparative Results 4 for the Detection of Microcalcifications in SMF; (a) the original
SMF image sample; (b) the detection map of the Physics-based Approach; (c) the BWMD of the
Statistical Analysis; (c) the detection map of the Foveal Approach.
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Figure 75: Comparative Results 5 for the Detection of Microcalcifications in SMF; (a) the original

SMF image sample; (b) the detection map of the Physics-based Approach; (c) the BWMD of the
Statistical Analysis; (c) the detection map of the Foveal Approach.
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Figure 76: The FROC curves of the three microcalcification-detection methods, where we notice

the better performance of the Foveal Approach.

4.5.2 Setting the Parameters

The diffusion process is modelled by three parameters that determine its response to various image
situations. Their influence on the smoothing of an input image has been described before in
Section 3.2.2, their setting for a specific application, such as image smoothing prior to the
detection of microcalcifications is the subject of the following paragraphs.

During the experiments performed and presented in Chapter 3, we aimed to characterise the
effect of the choice of specific values for the three diffusion parameters, k, o and ¢, on glare-
removed SMF images. Since anisotropic diffusion was originally meant to be used as an
alternative smoothing technique to the Wiener filter (see Section 2..2.3), though it was
subsequently used in combination with it, no such filtering was used on the trial images in Chapter
3 prior to the SMF generation. Hence, the contrast (k) values used in these experiments, which
were chosen empirically for the illustration of our first experiments, would be atypical for the

validation of our algorithm on glare-removed Wiener-filtered SMF images, as in Chapter 4.
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Microcalcifications represent a tiny percentage of a mammogram surface. Typically, they are
very small and present in about a quarter of the total number of screening mammograms.
Therefore, a percent of about five of the total number of mammogram pixels should be more than
sufficient to accommodate the entire population of calcium salts. Furthermore, calcium is very
bright in an X-ray image and it would be amongst the brightest/highest pixels of the mammogram.
As illustrated in equation ( 66) we compute k as a value of the gradient (for tall steep
microcalcifications) that discriminates between these brightest structures and the background;
more precisely, we chose the 4.4% structures with highest contrast (a threshold at mean(g) +
2*std(g)). k becomes a value with well-defined physical meaning (differentiating between high-
pointed structures, referred to earlier as towers, on the SMF surface and the rest of the images),
which is calculated automatically part of the detection algorithm. Figure 77 illustrates the effect of

k.

Bigger Smaller

Figure 77: In the left case, the k factor is bigger than the gradient and the diffusivity function g —
1, which is equivalent to finding an edge and maximising diffusion; in the right case, g — 0 (for

very big gradients) and diffusion is inhibited.

The second parameter to be set is ¢; the standard deviation of the Gaussian filter used to
smooth the image, which will give the size of the Gaussian kernel that removes noise by
convolution with the mammogram. We need to choose a value for o so that, on the one hand, it
removes high-frequency noise (which are very small and spread over a couple of pixels at
50um/pixel), but, on the other hand, preserves microcalcifications (on average 0.5-1 mm in
diameter). To ensure that small calcifications (that is, those whose sizes are 300 microns or more)

are preserved in the image, we set oto 0.6. This will build a Gaussian kernel of 0.35mm (100 +1),
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which is sufficiently small to clean noise and keep calcium salts. The principle is shown in Figure

78.
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Figure 78: In the left case, the filter width is small compared to the structure, so it essentially

detects a step edge; but in the second, it is not obvious that it will .

The experimental results show that k& has small values for the inner area of the breast, which
makes smoothing safe for faint microcalcifications, but that this process is also rather inefficient
over the first couple of iterations. Weickert [172] notes that the number of iterations 7 is related to

the spatial width of the Gaussian kernel. To blur features of the kernel order (100) requires
t=(10c)’ /2. Rounding this value forc=0.6 , yields r=5, which give excellent noise reduction

results in the microcalcification preservation framework. We studied experimentally the effect of
the variation of ¢ and can offer the following comments: 1-3 iterations have too little influence and
the output images are still noisy; for f greater than or equal to 7, not only is the process is time
consuming, but most images are overly smoothed and valuable information is lost.

A reliable application must prove its robustness under different clinical imaging conditions.
When parameters are involved, they must be suited for any type of input images. The danger that
an algorithm is tuned to a particular data set is a major concern in the validation of clinical
applications. Such a discussion is required when evaluating our method for the detection of
microcalcifications.

One of the starting points in this method is the employment of a technique of mammographic
image normalisation, the SMF. While various hospitals around the world use different X-ray

machines to acquire mammograms during screening trial, the SMF finds a common framework in
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which mammograms are presented as maps of dense tissue. The major advantage of SMF is the
de-parameterisation of mammograms, the normalisation of their appearance. Ideally, the setting of
parameters of our algorithm must be done once to make the algorithm work on any normalised
image. A justification of the parameter tuning follows.

The first trials for the setting of parameters are done on small mammogram windows with
isolated calcifications (c.f. Section 3.2.3). The samples are extracted from the Oxford Screening
Database. They are generally of 500x500 pixels at S0um/pixel, although some of them may be
slightly smaller. These experiments are designed to evaluate the removal of noise associated with
the differentiation in shape between shot-noise and background versus microcalcifications, as
proposed by Yam [178, 179]. In Chapter 4, where the main evaluation of the algorithm is
described, we also use mammogram windows (both intensity and SMF) from the Oxford
Screening Database. They are samples from the same screening mammographic database, but
different windows of different mammograms, since we search microcalcification clusters this time.
The first tuning of parameters is therefore done on different images coming from the same
screening centre, a different collection of images, but with similar imaging characteristics (as they
are acquired and digitised using the same equipment).

The choice of the values for the parameters used in the anisotropic diffusion process has been
explained above; but a few more comments are in order. First, k is computed directly from the
image and its meaning (depict the most outstanding features in the mammogram) is independent of
the data set. o is strictly related to the size of microcalcifications and the image resolution; the
condition imposed here is that databases must be digitised at S0um/pixel. ¢ is set according to the
observed value of k and the proposed value of o; which are consistent over the Oxford Screening,
DDSM and MIAS databases (see Chapter 5). We perform tests with images from several databases
to prove the robustness of the algorithm. Moreover, we obtain good results both on images with
and without normalisation.

We presented a working example of tuning the parameters of anisotropic diffusion to an

application. In a more general framework, anisotropic diffusion is a feature detector, namely an
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edge detector. k, being closely related to the gradient in the image, can be derived according to the
percentage of features that we desire to enhance in an image. o gives a measure of scale and must
be set according to the size of searched features at the image resolution (multiscale analysis may
be performed). The literature proposes stopping criteria for ¢ as well [23, 171] as functions of o,
which can be well related to noise removing, but may be more difficult to combine with feature
enhancement for some applications. With the automatic tuning of parameters that we propose,
anisotropic diffusion can finally be used as a robust parameter-free process using little, but
essential, a-priori knowledge. This should be a great relief in applications of diffusion, a
controversial method for its parametrical dependency.

The other parameters employed by our method are the kernel of inner object (O) used to
compute L in Section 4.3 and the value of the minimal perceivable contrast c,. The size of O is
established according to the size of the microcalcifications for the resolution of the tested images.
A kernel of 9x9 pixels has an area of 0.4x0.4mm?’, which is just below the average surface of a
microcalcification. It is desirable to have a slightly smaller kernel than the microcalcification
diameter to assure the detection of small calcium salts, which are overlooked by larger kernels.
Still, the size of O must not be extremely small to avoid overlapping O and N for slightly bigger
microcalcifications. The last parameter, c,, is related to the image contrast (c.f. Section 4.3) and
empirically it has values typically between 0.002 and 0.005 for good detection results. We noted
that adapting the value of ¢, to the image characteristics gives better responses to
microcalcifications than a constant c,,. Since k is a value of image contrast, we simply had to scale

it to the suitable range of values for c,.

4.5.3 Discussion

Though it is acknowledged that the state of the art of microcalcification detection is probably
represented by R2’s ImageChecker, unfortunately (though understandably) no details of the R2

detection algorithm are published. The R2 method was originally based on the work published by
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Nico Karssemeijer at the University of Nijmegen [80, 81], but it is known that the R2
implementation has been changed substantially over the years (some researchers claim, with no
apparent justification, that the R2 implementation of ImageChecker takes the form of a neural
network). All other published microcalcification detection algorithms have significant
shortcomings, and sensitivities/specificities that fall short of R2’s ImageChecker. This appears (to
us) mainly because they don’t work on normalised images. The key point is that without
normalisation, for example by the #;,/SMF process described in the thesis, there is inevitably the
risk of confounding anatomical information (of interest) and imaging parameter effects (not of
interest), whose choice can affect contrast, brightness and level of noise, to name some of the
classical limitations.

This is the framework where Yam’s work (see Section 2.2.3) is the first to claim results that
appear to rival those published by R2, though it must be acknowledge that her results are from a
smaller database. Nevertheless, her work is based on SMF, which was the point of departure of the
thesis. The advantages of her technique are straightforward and the incentive that we should build
on Yam’s work followed, but it is important to understand what we considered to be the problems
with Yam’s algorithm, hence why it needed improvement.

In very few words (more details can be found in Section 2.2.3) Yam’s technique works in two
steps: (i) detect thin towers in the SMF (towers appear because the SMF generation process is
based on the fundamental assumption that the breast (more precisely, the vast majority of projected
pixels) contain only fat and “interesting tissue”, not calcium. A consequence is that a calcification
appears approximately 26 times higher than it should (this is the factor by which the attenuation of
calcium exceeds “interesting tissue”); and (ii) then test a 26 fold reduction with footprint in image
as a plausible calcification. The major problem arises in step (i) since the SMF is extremely noisy.
Yam’s solution is to introduce a Wiener filter; but we found that in many cases, which we
considered during the first year of our research that this blurred the edges of the
microcalcifications, therefore hampering both steps (i) and (ii) above. Faint microcalcifications
become “too small” and “less sharp” to be detected, while the remaining noise imposes strong

constraints on removing false positives and the algorithm further misses some microcalcifications
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(see Figure 76 for comparative results). While clusters of microcalcification are generally still well
detected as a whole, some individual calcifications are overlooked and so statistical analysis of a
cluster is compromised.

Our suggestion was to develop an alternative way to smooth the image/SMF, namely
anisotropic diffusion, a process well known for its quality to smooth while preserving edges. Our
initial idea was proposed as in Figure 79.a, as an alternative to Figure 79.b, but in reality, what is

done corresponds to Figure 79.c. This is the point where the work done in this thesis intervenes.
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[mage | T oarets
Intensity N Wiiener N ShF Anistropic Dietect
Image Diffusion || T owrets

Figure 79: The original idea for the detection of microcalcifications: (a) what we initially

proposed; (b) what we thought it was done; (c) what was done in reality; (d) our solution.

The final diagram that we propose is represented in Figure 79.d, adding the anisotropic
diffusion filter after the SMF generation and before the detection of towers. Of course, this
immediately poses the question: why use two different smoothing filters, namely the Wiener filter
and anisotropic diffusion. The noise removal is carried out in two separate steps; the Wiener filter
models a noise process (quantum mottle and film granularity), but not glare. Glare, along with
scatter and extra-focal radiation and the anode-heel effect, is removed within the SMF generation,
which massively reduces SNR by amplifying high frequency noise (see Table 4). Thus, glare
removal solves the problem associated with the presence of this type of low frequency noise and
sharpens the image, but also creates a new difficulty, the lower SNR. The newly amplified high-
frequency noise is a major source of false positives and governs the difference in SNR between

columns 2 and 3 in Table 4.
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At this point of the SMF generation, most imaging artefacts are dealt with either by the A,
model (scatter, glare, anode heel, extra-focal) or the Wiener filter (quantum mottle, film grain).
However, as emphasised in Section 2.3, the SMF generation has its imperfections. Yam comments
in [178] about the drawbacks of her noise deconvolution arising from the simplification existing in
the estimating theory of quantum mottle and the available physics parameters of film-screens.
These possible sources of errors leave residual high-frequency noise in mammographic images.
Digitiser noise, also of high frequency, and errors of SMF generation add to it. Nevertheless, we
can consider the Wiener filter together with the h;, generation as one main stage designed to
remove imaging specific parameters/errors, basically the image normalisation. The anisotropic
diffusion filter aims to smooth the remaining high-frequency noise that interferes with our specific

application, the process of detecting microcalcifications.

Table 4: The variation of SNR in generating SMF.
SMF SMF SMF

with Glare no Wiener |no Glare no Wiener no Glare with Wiener

SNR 39.86 5.37 29.24

More specifically, would replacing the Wiener filter with anisotropic diffusion have eliminated
the need for Wiener and subsequent anisotropic diffusion? Glare would amplify any residual noise
after SMF generation, hence would have continued to interfere with the detection of
microcalcifications. It follows that smoothing after SMF is needed for any application dealing with
very small anatomical features, in particular microcalcifications. On the other hand, not smoothing
before computing the SMF would amplify noise to very high levels during the image
normalisation process (see Table 4) , which would make it extremely difficult to detect small
structures and the subsequent filtering would be inefficient in properly removing noise while
preserving microcalcifications. The Wiener filter has the advantage, stressed by Yam, of modelling

particular kinds of mammographic noise (see Section 2.2.3).
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We implemented the diagram in Figure 79.d for the detection of microcalcifications, as
illustrated in Section 3.2 and further in Chapter 4, where a simulation of the detectability
properties of the human visual system replaces the detection of towers. Thus, besides the SMF
generation and its normalising action, we use two non-linear blurring filters: anisotropic diffusion
(see Section 3.1) and Wiener (fundamentally a probabilistic assignment to signal and to noise).
Through them, we address two different problems: the Wiener filter models quantum mottle and
granularity of film, whereas the anisotropic diffusion filter smoothes the SMF image, but retains
the signal (in the form of towers).

The subsequent filters (Wiener, SMF related, and diffusion) model and correct for specific
image analysis problems, rather than trying to amalgamate into a single (linear or nonlinear) filter
that attempts to do everything. Separating them should make things clearer for the developer of
such a filter, even if, for the end user, it is all reduced to a ‘“black-box” that detects
microcalcifications. Hence, we have a collection of blurring/low-pass and deblurring/high-pass
filters. Is there any danger that they simply counteract/undo each other? As explained above, the
Wiener filter and the deconvolutions within the SMF generation address the physics and the
condition of the imaging process its controlling parameters. They separately attack different
problems on the way to a normalised image. So does the anisotropic diffusion filter for the purpose
of detecting salts of calcium, using data estimated parameters. The Wiener filter is a deconvolution
tuned for quantum mottle and film grain noise; the glare deblurs and sharpens the image revealing
anatomical details (calcium for example), but noise as well; the diffusion filter blurs again, but this
time just the high-frequency noise, without losing the anatomical details emphasised in the
previous step. The last filter may have to undo the noise amplification, but will preserve the
valuable anatomical information that would not have been available without the glare removal.

Furthermore, we have a normalised image to work on.
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4.6 Conclusion

In this Chapter we presented an algorithm for the detection of microcalcifications in X-ray
mammography. The robustness of the algorithm has been demonstrated by the ROC analysis
performed over a range of parameters. In each case, the method achieved a 100% TP ratio. Similar
results were obtained on intensity images, although for the lower scale of FP/image there is a more
marked difference in results.

Our method was tested on mammographic samples for faster processing and simpler
validation, and also on whole mammograms. We further compared the performance of our
algorithm on data from different institutional databases with good detection results. Adding
adaptive contrast segmentation based on characteristics of the human visual system dramatically
enhanced the detection of microcalcifications. The parameters are set according to the image
attributes and the method is fully automated. In future work, the algorithm could incorporate

additional knowledge of X-ray attenuation.
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CHAPTER 5

5 Temporal Comparison of Feature Enhanced
Mammograms for Mass Detection

What hath night to do with sleep?

John Milton — “Comus”

The development of reliable CAD systems for breast mass detection in digital mammograms
remains an important problem that is still only partially solved. In this Chapter, we present a new
method for alerting the clinician to “suspicious” dense regions in temporal mammogram sequences
that combines feature detection and temporal comparison. We envisage using this during post-
screening assessment, when a radiologist recalls a woman for more in-depth analysis after a
suspicious mammogram. At this point, the clinician compares the most recent mammogram to
previous ones in order to detect significant changes. An important problem in automatic mass
detection is the large number of candidate masses. The method presented in this Chapter uses
anisotropic filtering (cf. Chapter 3) as a pre-processing step in order to significantly reduce the
number of candidate masses, while preserving the important anatomical information about each
mass. The method has been tested on the 15 temporal pairs currently available from the Oxford
Database, where pathology has been diagnosed in the most recent image. Though we detect 100%

of the masses, the number of false positives remains significant, necessitating further work.
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CHAPTER 6

6 Discussion

Any man who reads too much and uses his own brain
too little falls into lazy habits of thinking.

Albert Einstein

The thesis presented a method for early feature detection of cancer in digital mammography. The
detection of microcalcification clusters and breast masses was investigated with both Standard
Mammogram Form (SMF) images (c.f. Chapter 2) and original intensity images from multiple
institutions. The following section summarises the work and discusses its limitations, followed by

some concluding remarks.

6.1 Summary and Discussion

6.1.1 Mammographic Image Filtering

The thesis began with a filter model for SMF images to ‘clean’ the noisy appearance of 4;, images
and enhance structures of interest. Initially, the filter was designed for the detection of
microcalcification (c.f. Chapter 3), but later in Chapter 5 the same filter was used to enhance

mammographic masses as part of a temporal detection method.
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The need for a pre-processing filter comes from the poor signal-to-noise ratio (SNR) of SMF
images and the difficulty this causes in spotting small salts of calcium in a mass of textured
ambiguity. Furthermore, it is desirable to have enhanced structures of interest prior to
segmentation for a simpler differentiation between microcalcifications and mammographic
background.

The use of partial differential equations (PDE) and in particular anisotropic diffusion led to the
following observations:

e  The parametric format of the proposed filter allowed the user to obtain very reliable results

given the right choice of parameters. The appearance of the image was improved, but a non-

parametric approach is desirable to make the algorithm robust;

e The filter was stable in time and offers a good alternative to filters previously described in

the literature;

¢ Quantum mottle was smoothed by the filter and errors were minimised, without disrupting

microcalcifications;

e Microcalcifications can be depicted according to their physical appearance as thin towers

in a smoothed background;

¢ The main source of false positives (FP) were shot-noise, caused by dust or hair on the film,

and curvilinear structures (CLS), long thin bright structures in a mammogram corresponding to

blood and lymph vessels, ligaments, ducts or tumour spiculations.

6.1.2 Complex Pre-processing

To eliminate some of the difficulties outlined above, a complex pre-processing step was introduced
prior to image segmentation to reduce the number of FP in the detection algorithm. Our aim was to
eliminate shot-noise and CLS from mammographic images, as well as to filter mammograms for

the purpose of detecting microcalcifications. This adaptive step was designed to improve the
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robustness of the algorithm and to obtain consistent results independent of the user’s experience
and dexterity in setting parameters.

By removing glare in the %;,, generation process, shot-noise was marked on a binary map that
made it easy to remove (c.f. Chapter 4). Information gathered from local energy (LE) and phase
congruency (PC) was used to detect and remove CLS from mammograms (c.f. Chapter 4). Using
the anisotropic diffusion-based filter described in Chapter 3 and the statistical analysis of the local
image characteristics, the parameters of the diffusion process were computed automatically and the
pre-processing step became fully automated. A few remarks are necessary here:

e The number of FP was significantly lower after pre-processing;

e CLS removal, being scale dependent, tended to eliminate some microcalcification
candidates. To avoid this, we only used a subset of the scales at which CLS were detected.
However, as a result, some disruptions appeared in the CLS map, which can leave small
bright dots on the processed image. These dots may be interpreted as FP by the
segmentation algorithm. A better solution could be provided by an alternative CLS
removal algorithm, as proposed in Chapter 4;

e The computation of the diffusion parameters by statistical analysis was robust and
consistent over the database. The same computation was used both for intensity and SMF
images with similar results, although their image characteristics were different. The value
calculated here was further used to automate the segmentation step. Note that the ‘natural’
contrast of the processed images was not altered. Images with very high contrast would be
smoothed more and therefore a prior contrast enhancement of the analysed images (as
found in the literature) could lead to different values of the automatically computed
parameters. Since the method is adapted to image characteristics, results would still be
robust but not optimal, as a different computation of the parameters used to set the

minimal perceivable contrast ( 70) may be required.

169



Marius George Linguraru

6.1.3 Human Vision Based Segmentation

The method for detecting microcalcification clusters was completed with the segmentation of the

microcalcification. The aim of this stage is to produce a reliable detection map that indicates the

location of clusters by maximising the number of individual calcium salts detected and minimising

the impact of FP. A contrast measure based on a model of human vision was introduced in Chapter

4. This new measure is locally adaptive in each processed image and uses the results of the pre-

processing step (statistical analysis) to become non-parametric. Combining the pre-processing and

the segmentation steps in building a microcalcification detection method, we can conclude the

following:

The method is non-parametric and fully automated, and produced comparably reliable
results on both SMF and original intensity images; the technique was also reliable using
data from different institutions;

The variation of parameters showed consistent results with small differences in the
detection ratios when parameters were varied around their optimal values;

The receiver operating characteristic (ROC) curve analysis demonstrated that by adding
adaptive contrast segmentation based on human foveal processing the detection of
microcalcifications was significantly improved;

The technique was tested on both mammographic samples for faster processing and
simpler validation, and on full mammograms to show robustness; results were similar, but
a faster implementation would be necessary for better clinical manipulation of full images;
The detection rate reached 98% TP fraction at 0.1 FP/image and converged to 100% for
each ROC curve when the number of FP/image was 1.1;

Some measure of the calcium X-ray attenuation combined with image normalisation

would be useful in the detection process;
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e A cluster classification step is desirable for a complex detection and classification of
microcalcification clusters method; possible features to be used by such a detection-

classification system include size, shape, distribution, density and orientation.

6.1.4 Temporal Mass Prompting

Another application presented in this thesis was mass detection by temporal comparison of feature
enhanced mammogram pairs (c.f. Chapter 5). This represents an expansion of the mammographic
image filter originally designed for microcalcifications to breast masses, in combination with
image registration and texture analysis. The algorithm enhanced structures of interest, in this case
breast masses, and blurred the uninteresting background. The detection of masses came as a
natural completion of the microcalcification detection in the early detection of cancers, to assist the
clinician in interpreting images and establishing reliable and early diagnosis of pathology.

The algorithm consists of three steps that conclude with mass candidates being prompted in

the pair of temporal mammograms: (i) image registration for accurate temporal comparison; (ii)
adaptive image filtering for feature enhancement; and mammogram segmentation to define breast
dense regions and prompt mass-candidates. Note the assumption that masses appear denser in
mammograms than other tissue. From experimental results, the following observations can be
drawn:

e The adaptive anisotropic-diffusion filter was robust when used for mass enhancement in
digital mammography; some of the diffusion parameters (size and time) were different
than for microcalcification enhancement, but the contrast was automatically computed
from the statistical analysis of image appearance;

e The algorithm correctly detected all the masses in the tested images; the number of
candidate masses dropped significantly after diffusing the images, but the number of FP

remained high;
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However, registration facilitated further reduction of FP by temporal comparison of
mammograms through the accurate matching between the mass candidates depicted after
texture analysis;

The algorithm would benefit from incorporating fully automated mass matching and FP
reduction in the temporal sequence;

For mass detection, more experiments must be performed on larger databases.

6.1.5 Novel Tumour Features

Using image filtering, similar to pre-processing used to detect microcalcifications, some breast

tumour related features were identified. Once the tumour is detected, a number of features can be

signalled from its physical and morphological qualities (c.f. Chapter 5). The following

characteristics of benign and malignant masses were noted:

Benign masses, which are more homogenous within their boundaries, diffused differently
than malignant masses, which have a more complex internal geometry; diffusion maps can
differentiate between types of masses.

The vector flow of the image Gaussian derivative corresponds respectively to the
uniformity versus roughness in benign and malignant masses, through the differing radial

or chaotic vector patterns within the masses and along their boundaries.

Note: A mathematical model of these two features would have to be incorporated into a mass

characterisation algorithm.

6.2 False Positive’s Charateristics

The most obvious room for future improvement in the detection of microcalcifications is the

elimination of false positives (FP). The main observed source of FP remains the presence of

curvilinear structures (CLS). These have high attenuation and their thin appearance may make
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