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Abstract
Currently, mammography is the most common imagiechnology used in breast
screening. Low dose X-rays are passed througlbtbast to generate images called
mammograms. One type of breast abnormality isustet of microcalcifications.
Usually, in benign cases, microcalcifications refuam the death of fat cells or are due
to secretion by the lobules. However, in some sadasters of microcalcifications are
indicative of early breast cancer, partly becausi® secretions by cancer cells or the
death of such cells. Due to the different attelomatharacteristics of normal breast
tissue and microcalcifications, the latter idealypear as bright white spots and this
allows detection and analysis for breast cancessitflaation. Microcalcification
detection is one of the primary foci of screeningl das led to the development of
computer-aided detection (CAD) systems.

However, a fundamental limitation of mammographyhiat it gives a 2D view
of the tightly compressed 3D breast. The depthentities within the breast are lost
after this imaging process, even though the brissie is spread out as a result of the
compression force applied to the breast. The supesition of tissues can occlude
cancers and this has led to the development ofatligreast tomosynthesis (DBT).
DBT is a three-dimensional imaging involving an a§¢rtube moving in an arc around
the breast, over a limited angular range, produemgtiple images, which further
undergo a reconstruction step to form a three-dsoaal volume of breast. However,
reconstruction remains the subject of research sméll microcalcifications are
"smeared" in depth by current algorithms, preventietailed analysis of the geometry
of a cluster. By using the geometry of the DBT wstjion system, we derive the
"epipolar” trajectory of a microcalcification. Asa first application of the

epipolars, we develop a clustering algorithm attsing the Hough transform to find



corresponding points generated from a microcahtibe. Noise points can also be
isolated. In addition, we show how microcalcifioat projections can be detected
adaptively.

Epipolar analysis has also led to a novel detectigorithm for DBT using a
Bayesian method, which estimates a maximum a postéviAP) labelling in each
individual image and subsequently for all projestiateratively. Not only does this
algorithm output the binary decision of whetherigepis a microcalcification, it can
predict the approximate depth of the microcalctimain the breast if it is.

Based on the epipolar analysis, reconstructiojustfa region of interest (ROI)
e.g. microcalcification clusters is possible andsitmore straightforward than any
existing method using reconstruction slices.  Tipstentially enables future

classification of breast cancer when more clinizth becomes available.
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Chapter 1

Introduction

Sad to say;lt is estimated that 207,090 women will be diaged with and 39,840

women will die of breast cancer in USA in 201QQuoted from [1]). These huge
figures, representing only one country in the woddould have sufficiently captured
the reader's attention to the severity of the thoéareast cancer. In fact, every woman
in the world, not necessarily those in USA, is asoisk of breast cancer. What should

we do to fight against breast cancer?
1.1 Understanding Breast Cancer
1.1.1 Prevalence of Breast Cancer

Breast Cancer is one of the most common cancersaimy countries, causing many
deaths every year. To have a more global pictbhoeitahow serious it is in different
countries, statistics of incidence and mortalitiesacan be obtained from the relevant
authorities. For example, according to the HonghdK@€ancer StatisticR007 from
Hong Kong Cancer Registry, breast cancer is theomegncer in women with an
incidence rate of74.2 per 100,000 women, causing a mortality rate a#.5 [2],
comprising the third leading cause of cancer deatidong Kong. In the United
Kingdom (UK), the situation is even worse. Theidenice and the mortality rates per
100,000women arel21.4and?28.4 respectively, calculated as three-year averages fo
2003-2005 making breast cancer the major cancer in womehtla@ second leading
cause of cancer death in UK, figures obtained ftbmreport issued i2008 by the
Office of National Statistics, UK [3]. The situati in the USA is similar to the UK,
with a slightly lower death rate. From the statstetrieved from the National Cancer
Institute, the incidence and the mortality rateseobon cases diagnosedl1i4.0 (in

2004-2008 and 24.0 (in 2003-2007 respectively [1]. Further to this, GLOBOCAN

1
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2008, a project on cancer incidence and mortalityldwide in 2008 by the World
Health Organisation [4] has reported that an edatha. 38 million new breast cancer
cases were diagnosed 2008 All these figures have revealed that the prevadeof
breast cancer in the world cannot be neglectedtatdnore efforts are required to fight

against breast cancer.
1.1.2 What is Breast Cancer?

We need to understand what breast cancer is. Boaager is the result of DNA
alterations, such as mutations, damage, or abnachaiges in the genes, leading to
uncontrolled cellular proliferation forming tumoufs, 6]. Benign tumours do not
invade neighbouring tissues or spread to otherspaitthe body, while malignant
tumours do. Breast cancer refers to “a malignamour that has developed from the
cells in the breast” [6]. To understand the situgta brief overview of breast anatomy

is presented.
1.1.3 Breast Anatomy

Here, a simplified breast anatomy is shown:

Chest wall
Pectoralis muscles
Lobules

Nipple

Areola

Duct

Fatty tissue
Fibrous issue

Skin

e ® N ;R W N =

Figure 1.1: Basic Breast Anatomy (Modified from.]jﬂ

The breasts sit over the pectoralis muscle andralerge part of the chest wall. They
are composed of three main types of tissues: {attypose), fibrous (connective) and
glandular (parenchyma). Fatty tissue surroundsniteeior of the breast, like a cushion;

fibrous tissue is the connective support for theabt and gives it its shape; glandular
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tissue is functional, and includes the lobules @hlgontain milk glands) and the ducts
(responsible for the production and transmissiothefmilk to nipple). The figure also
shows a region called the areola, the circular est@ah surrounds the nipple and which
contains glands for providing lubrication to th@ple during nursing [5]. Sometimes,
the fatty and fibrous tissues are collectively tedrthe stroma, which refers to the
structural tissues or connective tissues, as opptséhe parenchyma, which are the
functional parts of the breast and are mainly redehe ducts and lobules.

Figure 1.2shows the breast in another view. It depictssth@ma, lobule, duct,

lymph nodes and vessels:

\Lymph nodes:

*Lymph vessels

Figure 1.2: Breast showing stroma, lobule, duathh nodes and vessels. (Extracted from [8].)

Usually, cancer cells originate in the cells ¢fe tlobules or the ducts.
Sometimes, however, they can also be found intiloengl tissues. It is observed that
there exist some lymph nodes and vessels undartie These are part of the immune
system and help filter out foreign bodies suchaddyia and viruses. Unfortunately, if
the cancer cells spread into the lymph nodes, iaee a pathway to other parts of the

body. Most cancer deaths result from metastases.
1.1.4 Types of Breast Cancer

In general, there are two types of breast canamr:imvasive and invasive. The non-
invasive types are the two very early types haahgormal cells inside ducts (DCIS —
ductal carcinoma in situ) or lobules (LCIS — lolywdarcinoma in situ) of the breast; but
which have not yet started to spread into the sumdong breast tissues. It is noted that
DCIS, although non-invasive, is more severe thafSL&hd needs to be treated as early
as possible. This is because about one-fourthlloD@IS cases will develop into

invasive cancer within 10 years if there is notireent [9]. On the other hand, LCIS
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generally does not become invasive, although wowiém LCIS face a higher risk of
developing breast cancer.

The invasive types include invasive ductal cancinp invasive lobular
carcinoma, inflammatory breast cancer and Pagetsade, and some other very rare
types such as medullary breast cancer and tubrdasbcancer [10, 11]. Ductal breast
cancer is the most common type of breast canceguating for 70-80% of cancer
cases [10]. Invasive ductal carcinoma refers &dituation in which cancer cells are
not only found in ducts, but have broken througé tmalls of the ducts into nearby
breast tissue. Instead of ducts, invasive loba&rcinoma refers to the situation in
which cancer starts in the cells that line the lebwf the breast and the cells spread to
other nearby tissues. Abal@% of breast cancers are invasive lobular carcindif [

The following figures depict DCIS, LCIS and invasiductal / lobular cancer:

Invasive cancer

Diagram showing ductal
4 S 4 Diagram showing labular
cancer in situ (DCIE)

. carcinoma insitu (LCIS
Copyright @ CancerHelp UK Copyright & CancerHe(Ip Ulg

Figure 1.3: (Left) Ductal carcinoma; (Right) Lobulearcinoma. (Extracted from [10].)

One preliminary approach to classification of btezncer into malignant and
benign, currently used by the radiologists, is Hasa the shape of clusters of
microcalcifications or the distribution of microcdications that appear in
mammograms. This can partly be explained by tkation of the cancer cells in the
breast that produce calcium secretions. For exanifIS can sometimes be identified

when curvilinear shaped microcalcification clustars observed in a mammogram.
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1.2 Breast Screening

As mentioned, unusual DNA changes can cause bopsdist to become cancerous.
Some DNA changes are inherited. However, moshef@NA changes that lead to
breast cancer occur during a woman'’s life instedduawing been inherited. The causes
of these DNA mutations are still not determined][1Blence, in fighting against breast
cancer, two effective methods may be consideredly ediagnosis and effective

therapies. These constitute respectively breastesmg and the availability of

chemotherapies, particularly Tamoxifen and relatedgs. In this thesis, breast

screening is focused upon.
1.2.1 Breast Screening: A Reason of Mortality Rate Decreses?

From a paper in the BMJ [13] in Augu&®1Q breast cancer mortality in women30
European countries betwe&f87-1989vas compared with that betwe2004-2006 It
was found that the mortality rate of the UK hadefalfrom 41.9to 28.1 per 100,000
people. Of course, there are multiple factors tiaat account for the fall, e.g. lifestyles
changes, better treatment. However, the impattteoignificant change in early breast
cancer detection brought about by the introduatibthhe breast screening programme in
the UK in 1988 must not be ignoredFigure 1.4shows a comparison of the mortality
from breast cancer in some European (EU) countriddost of them have seen a
significant fall in the rates. (Some examples lvé taunch year of national breast
screening: Netherlands started nationwide breasesmg aroundl989 [14]; Ireland
started in1999[15].) On the contrary, Bulgaria is the only ctynn the EU that does
not have a screening program for cancer a258fJune 201(16]. Its death rate from

breast cancer has seen a slight increase durirgathe period.
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Mortality from breast cancer
Deaths per 100,000 women 1987-89 W 2004-6
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Source: BMJ
Figure 1.4: Mortality from breast cancer in somer&pean countries in the periods of 1987-1989 and
2004-2006 (Extracted from [17].)

Some studies have also supported breast canesngtg. As early a8002 the
International Agency for Research on Cancer (IARCthe World Health Organisation
(WHO) published a handbook of breast cancer sangenn which it states that
mammography is proven for the efficacy of screenvmgmen agedb0-69 years in
reducing mortality from breast cancer [18]. B#©07 a case-control study was
completed on the impact of the East Anglian breaséening programme on breast
cancer mortality and it suggests that the prograrhateachieved a reduction in breast

cancer deaths [19].
1.2.2 Current Imaging Modalities

Breast screening refers to the use iofaging technologiesto detect breast
abnormalities as soon as possible if they exist, so that eaalgrwbsis can take place to
prevent the cancer from proliferating. In this tset we highlight some current
imaging modalities and then discuss them in moraildan Chapter 2. In the next
section, we present a very short summary on theratalities found in the breast which
will be further expanded in Chapter 3.

Thanks to advances in imaging technologies, e.gayX-ultrasound, magnetic
resonance imaging (MRI), researchers are using ttezhiniques for early detection of

breast cancer. Among these imaging modalities, magnaphy is the most common
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technology used in breast screening, after coraider of the trade-offs of costs and its
higher sensitivity and specificity. Among th@ countries responding to a survey on
characteristics of breast cancer screening program2002 all are based on
mammography [20]. Mammography is the process stipg relatively low dose X-
rays through the breast generating images calledmmgrams. Due to the properties
of X-rays and the different characteristics of tireast tissues and the abnormalities,
these 2D mammograms may show signs of cancer inrdast, so that radiologists may
mobilise their knowledge and experience to deteemvrmether or not the woman is
suspected of having breast cancer.

In some cases, e.g. women with highly dense brdastsa large amount of
glandular tissues in the breast), a mammogram ne&ybe able to show the actual
situation of the breast. In this case, some supghary modalities, such as ultrasound

or MRI, may be used for better diagnosis.
1.2.3 Detection of Breast Abnormalities

There are three major signs of breast cancer wbach be found in mammograms:
masses, microcalcifications and architectural disto. Among these three, we focus
on microcalcification detection in this thesis, there has been a key finding that
microcalcifications may be an early sign of canc&snlike masses, they cannot be
detected by palpation (a physical examination teatean abnormality by hand).

Microcalcifications are tiny bits of salts, primigricalcium, and may appear in
clusters. Usually, in benign cases, they are ¢alt of the death of fat cells or are due
to secretion by the lobules. Sometimes clustermiofocalcifications can also indicate
early breast cancer, partly because of the sensety the cancer cells or the death of
such cells. They are one of the findings, appegaam small white dots, which can be
seen in the mammograms.

Examples of mammograms showing these three brbastraalities are shown

in Figure 1.5
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Figure 1.5: Mammograms with mass (Left), microdaations (Middle) and architectural distortion
(Right). (Extracted from [21].)

1.2.4 Current Problems in Breast Screening and Mammograpi

Despite the encouraging news about breast canceersng, there remains some
opposition to it [22-24]. One argument is that mmamomen would be wrongly
diagnosed with this life-threatening disease, mgkivem worried and causing them to
undergo unnecessary treatment. Some people mesfdhee suggest that breast cancer
screening may be doing more harm than good. Whédebenefits of breast screening
and the effectiveness brought by mammography cadmndbubted, as can be seen from
Section 1.2.1, we should nevertheless look for weysnake the detection more
accurate and thus minimize the number of falsetipesi This is precisely what this
research addresses.

A fundamental limitation of mammography is thatgives a 2D view of the
tightly compressed 3D breast. As one may imagime depth details of the breast are
lost after this imaging process, in addition to pfaén experienced by the woman due to
breast compression. Tissue overlap is an issi®nme cases and this is why people
argue that mammography wastes a lot of resourcampacessary diagnosis. Hence,

some 3D solutions should be considered for bettration accuracy.
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1.2.5 Computer-Aided Detection and Classification of Micocalcifications (CAD)

in Digital Breast Tomosynthesis (DBT)

In theory, computed tomography (CT), which is arotK-ray imaging technique, may
be considered. CT takes multiple X-ray picturesheforgan over the fuB6@ angular
directions and then the organ is reconstructedDru8ing a reconstruction algorithm.
However, CT is currently not feasible because #ubation dose would be too great,
although some scientists e.g. [25] are investigaitin On the other hand, people have
developed something between mammography and CTs sbmething should be able
to generate a 3D form of the breast similar to @@ at the same time the radiation dose
should be limited to be similar to mammography.e Tompromise consists of taking
projections over a limited angular range — Dig@e¢ast Tomosynthesis (DBT).

DBT is similar to mammography and CT, both usingkaray tube moving over
the breast. The difference is that X-rays progiare captured in DBT over a limited
angular range, instead of at most two in mammograpgthese multiple images are the
advantages of DBT because it allows the reconstructf the breast in 3D, while
retaining the dose of mammography. Recently, dysf26] has reported that DBT is
comparable or superior to digital mammography faecracalcifications in95% of 103
cases. The following figure shows a comparisonvad X-ray images generated by
digital mammography and DBT, of the same breasttaioimg a cluster of

microcalcifications:
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Figure 1.6: Digital mammography (Left) and DBT (Rigwith microcalcifications. (Extracted from [2§].
It can be seen from the figure that the clustenush clearer in the DBT images.

In addition to considering new 3D imaging technglognother approach to
resolve the current problems in breast screeningoeaan automatic accurate detection
technique to assist the radiologists in the diagnos

To date, most detection tasks rely on the knowledgd experience of
radiologists. The workload of radiologists shoulat be underestimated. In addition,
human manipulation is always subjective and matagits often generate unexpected
errors which should never happen in computer systénthey are designed and
implemented correctly. Hence, it is necessarythier development of good computer
systems and algorithms to find suspicious breasbtus for further diagnosis.

There exist some good computer-aided detectioresygste.g. Hologic's R2
ImageChecker CAD [27], which was the first FDA (B8od and Drug Administration)
approved CAD system for mammography, and can lgghlmost of the suspected
regions with microcalcifications accurately, alegithe radiologists for further analysis.

Unfortunately, it is a commercial product for whichany details have not been

10
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published. Regarding DBT, with reference to theorein [28] by the National Health
Service UK (NHS), with the possible exception of GBEalthcare, all other vendors do

not yet provide CAD in DBT.
1.3 Objectives of this Project

Combining all these observations, we arrive atntiaén theme of this thesis: To design
and develop a good algorithm for the computer-aidetéction and classification of

microcalcifications (CAD) in digital breast tomogkisis (DBT).

1.4 Contribution of this Project

In this thesis, we develop a novel approach to ecmcification detection and
reconstruction in DBTthe Epipolar Curves Approach, which subsequently facilitates
the classification of breast into malignant andigpen

The core idea, epipolar curves, starts from thegeokation of combining all
microcalcification candidates from all DBT projexis into a single 2D coordinate
frame, with the assumption that these microcakiifon candidates are detected by
some detection algorithms (Sdegure 1.7). Some examples of these detection

algorithms can simply be those already used in magnaphy.

Results of Microcalcification Detection Using 7 DBT Views

140
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Figure 1.7: Microcalcification candidates from 7 DBrojections in a single 2D coordinate frame.
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It is readily observed that the set of correspogdrojection points from each
microcalcification forms a cluster (red ellipseghe figure) which is a single trajectory
in this 2D coordinate frame, and that isolated {somay be considered to be noise. We
call this trajectory, an epipolar curve. Using tipeometry of the DBT acquisition
system, mathematically, each epipolar curve catebeed.

With the use of the epipolar formulae, we illustrat clustering algorithm using
the Hough transform to find corresponding points negated from one
microcalcification. The epipolar curves approadh e presented in more detail in
Chapter 6.

Previously, we have assumed that microcalcificatietection algorithms are
available. This is partly true because we canyapipise that have been developed for
mammography. However, as one may expect, there fsee lunch: the image quality
in a single X-ray image is considerably worse inTDBan in mammography, as the
total radiation dose for both techniques are similBhe good news is that for DBT we
have multiple projections. Extending the epipotarves approach, we can detect
microcalcifications adaptively. Those missing geim the initial detection round can
be detected using other projections ($egure 1.§. This adaptive approach will be
introduced in Chapter 7.

12
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. PI9_RCC_4,pgm_AD_10.1if [EIBIHE | . p19_Rec_ 4.pgm_AD_10.5if: 14 EIBE & p1o.rec \pam AD_10.1if; 10
1]

Figure 1.8: Original images (Left); Detection rewuinitially (red arrow indicating possible missing
point) (Middle); Detection results after threshadjustment (Right) of patient 19.

We will also show a new detection algorithm for DBsing Markov random
fields and belief propagation in Chapter 8. Byhgaing all the detection results in
single projections, we can label a pixel eitheaasicrocalcification or not, and even its
depth in the breast if it is a microcalcificatiosych that the labelling is found with
maximum posterior probability for the projection.

Now, knowing the correspondence across the DBTeptigins, we can easily
find the 3D positions. Basic geometry tells ust thah the 3D positions of th@
sources an@ projection points, the intersection point is tleeresponding 3D position
of the microcalcification. Instead of using thimple intersection method which may
be sensitive to noise, we further extend our epipaurves formulae and the 3D
positions of the microcalcificationa b,c) can be obtained in a straightforward way.
This is covered in Chapter 9.

Finally, clusters of microcalcifications can becgastructed. Analysis of the
shape and distribution of microcalcifications witha cluster, which are some of the
most important criteria in assessing malignancy, loa performed. In Chapter 10, we

present a feasibility study by considering thepshiidal shape of the clusters.

13
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1.4.1 Conference Papers

The work in this thesis has led Boral presentations antl poster presentation i8
conferences with the following conference papei20ihQ

1. C.P.S. Ho, C. Tromans, J. A. Schnabel, and Mdrarhe reconstruction of
microcalcification clusters in digital breast tomothesis,” presented (oral) at
SPIE - Medical Imaging, San Diego, USA, 2010.

2. C.P.S. Ho, C. Tromans, J. A. Schnabel, and Mdfré&Microcalcification
Detection in Digital Breast Tomosynthesis Using &pipolar Curve
Approach,” presented (oral) at International Wodgsh on Digital
Mammography (IWDM), Girona, Spain, 2010.

3. C.P.S.Ho, C. Tromans, J. A. Schnabel, and Md®gréA Clustering Method
for the Extraction of Microcalcifications Using Hailar Curves in Digital
Breast Tomosynthesis," presented (oral) at Intevnak Workshop on Digital
Mammography (IWDM), Girona, Spain, 2010.

4. C. P. S. Ho, C. Tromans, J. A. Schnabel, and MdgradClassification of
Clusters of Microcalcifications in Digital Breasbihosynthesis, ” presented
(poster) at the Annual International Conference lBEE Engineering in
Medicine and Biology Society (EMBC 2010) at Buen@ises, Argentina,
2010.

1.5 Overview of the Thesis Structure

Here is a route map through the thesis from ChdpterChapter 11:

14
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1.5.1 Background Information

Chapter 1-4 provides the reader with an introductmthe topic:
Chapter 1: Introduction
This introductory chapter gives readers a veryflnteoduction to breast cancer and the

need for early detection. The objective of thissik is also given.

Chapter 2: Breast Imaging Modalities and Digitald&ist Tomosynthesis

In Chapter 2, current breast imaging modalitieshsas mammography, magnetic
resonance imaging, ultrasound imaging and compot@dgraphy will be summarized.
DBT is discussed in more detail, including its dsdion systems, its technical features,

the advantages and challenges it faces, someatlstiedy results and its role in future.

Chapter 3: Breast Abnormalities and Breast Caleaifions
In Chapter 3, the three breast abnormalities wdl ibtroduced, particular breast

calcifications.

Chapter 4: X-ray Images: Formation and Analysis
In Chapter 4, the formation of an X-ray image Wil explained. This will be followed
by a discussion on the analysis of the X-ray imageluding its appearance, breast

density, image contrast and image noise.

1.5.2 Datasets and Materials

Chapter 5: Datasets — Simulations, Phantoms, R&ll Datasets
In Chapter 5, we review current simulation modetsl @resent our own simulation
model for illustration in our approach. Then, wegent other datasets that we use

throughout the project, including the phantoms a@lisd some real DBT datasets.

1.5.3 Epipolar Curves Approach and Its Extension

Chapter 6 — 10 are the main chapters which comtaircore ideas and extension of our

epipolar curves approach. A summary has been giv8ection 1.4.
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Chapter 6: Detection and Reconstruction of Micredatations in DBT: an Epipolar
Curves Approach

Chapter 7: Epipolar Curves Approach I: An Adaptipproach in Microcalcifications
Detection in Individual DBT Projections

Chapter 8: Epipolar Curves Approach II: Belief Pagation for Microcalcification
Detection in DBT.

Chapter 9: Epipolar Curves Approach lll: The Redounstion of Microcalcification
Clusters in Digital Breast Tomosynthesis

Chapter 10: Feasibility Study of Classification Gfusters of Microcalcifications in
DBT

1.5.4 Conclusions and Future Work

Chapter 11: Conclusions and Future Work
Finally, the thesis will end with the conclusionsdauture work. We will explore the

possibilities of ongoing research on our epipolawves approach on CAD in DBT.
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Chapter 2

Breast Imaging Modalities and Digital
Breast Tomosynthesis

A variety of imaging modalities is currently beiagplied to breast cancer detection.
Some key factors to consider when evaluating each modality include: the number
of false positive findings that it typically giveagrcess by the relevant population of
women to the modality; workflow considerations; acamist effectiveness [29]. An
introduction to three major imaging modalities e in Section 2.1. Of these,
mammography is currently the most commonly used w& have seen, it uses low-
dose X-rays to generate an image called a mammograimt is proven to decrease
breast cancer mortality in screening populatiobsfortunately, its performance is not
very good for women with dense breasts. Thus,radlternatives such as magnetic
resonance imaging (MRI) and breast ultrasound intga¢dreast USI) are considered as
supplementary. In addition to these, we also aeenbreast computed tomography
(breast CT), as this may be another promising t&lclgy for breast screening in the
future.

In Section 2.2, we further expand on the limitasi@i mammography. Due to
its inherently 2D nature, some cancer cases a@edn while some normal cases are
wrongly considered as cancer. This has led recéntthe development of a new 3D
modality — Digital Breast Tomosynthesis (DBT), whiovolves an X-ray tube moving
in an arc around the breast over a limited angaage and producing a set of X-ray
images. With the 3D nature of DBT, tissue supedsifion problems found in
mammography are reduced by DBT. In Section 2.3diseuss DBT in more detail,
including existing acquisition systems, their teicahfeatures, as well as the advantages
and current challenges. A brief review of the perfance of DBT in clinical studies

will also be given. The results of DBT are promgs Having said that, since DBT is
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still a very new modality, its role, either as aypary screening and diagnostic tool or as

an adjunct to conventional mammography, is yeetaddétermined.
2.1 Current Imaging Modalities

In this section, we discuss the most common imagmoglalities which can often be
found in hospitals: Mammography, Magnetic Resonanoeging (MRI) and

Ultrasound Imaging. Breast CT will be briefly inttuced at the end of this section.
2.1.1 Mammography

Mammography is an imaging method which uses loved$gays (whose frequency
ranges betweef.7 - 3.6 *10'® Hz) to examine the breast and generate an X-ragém
called a mammogram. Conventional mammography d€sefitm mammography
(SFM)) uses film to record the image. Digital maagraphy (DM) is an advancement
to SFM. This has been around fii2 years and is widely adopted in some countries.
For example>80% of hospitals are using DM in the USA, ah@0% in Netherlands
and Ireland. DM employs the same principles andcesses as screen-film
mammography except that a digital detector replécesscreen-film combination and
converts X-rays into digital signals. An exampfeaomammography system, Hologic

Selenia [30], is given as shownkigure 2.1(Right):
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Figure 2.1: A schematic representation (Left) (Mizdi from [31].); a model (Hologic Selenia) (Right)
[30] of a typical digital mammography system

A typical digital mammographic system consists mfXaray tube, compression
plate, anti-scatter grid, automatic exposure cérgnal an image detector (SEeure
2.1 (Left)). Radiologists analyze the images eitirem films/digitized images or
through the computer display/outputs to check wéretiiere is any sign of breast cancer,
such as calcifications, that warrants follow-upuridg most routine breast screening,
two mammograms are generated for each breast: ro@ecranio-caudal (CC) view
(taken from above a horizontally-compressed brpaste in mediolateral-oblique
(MLO) view (taken from the side and at an angleaadiagonally-compressed breast)
[32] (Figure 2.2, in order to capture as much of the breast detsl possible for

analysis.

() (b)

Figure 2.2 : Pictures showing how the view is takaed the mammograms generated from each view. (a)
Cranio-caudal view; (b) Mediolateral-oblique vie®ixtracted from [33]and image data obtained from
MammoGrid database [34].)
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(As the basic principle of mammography, i.e. therfation of an X-ray image, is very
important in our research, a more detailed disonssiill be presented separately in
Chapter 4.)

Currently, mammography is the most cost-effectikeabt imaging modality for
women who are of, or approaching, screening age,ish typically from50-69 It has
been proven to reduce breast cancer mortalityndamized clinical trials for this age
group. Hence, it is always chosen to be the ficseening tool before any others are
considered. However, mammography has its weaksesf®nse breasts can make
mammograms more difficult to interpret because othours and dense tissues appear
as similarly solid white areas on the mammogra®o, a tumour can be easily missed
in dense breasts [35].

To cope with this situation, additional breast gimg modalities have been

considered:
2.1.2 Magnetic Resonance Imaging (MRI)

A breast MRI scan is a non-invasive imaging methethg radio frequency waves at
approximately64 MHz (for 1.5T machine) ol27MHz (for 3T machine) { Tesla (T) is

10* gauss), which penetrate the tissues in the bregignals caused by the magnetized
spins of the hydrogen protons returning to the loareergy state during free induction
decay, form a stack of 2D slices of the breast.eRample of a slice with breast cancer

is shown in the following figure:

Figure 2.3: Breast cancer detected by MRI (arroi&tfacted from [36].)
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Basic Principles of MRI

(This section gives a brief overview of the basimg@ples of MRI. An excellent
description can be referred to the book “MRI ThesiBs' by Hashemi et al. [37] and
theses by Olivier Noterdaeme [38] and Lydia Natadranner [39].)

A hydrogen nucleus is a single, positively chargedton. The proton spins
about an axis, creating a magnetic dipole momednt.a magnetic field, it has two
energy states which correspond to the spin beiigarsame or opposite direction of the
magnetic field. The random orientation of the wundiial hydrogen spins means the
dipoles cancel each other in each tissue.  Nuwakdi an odd number of protons or
neutrons can be used for MRI. However, hydrogeansed because of its abundance
that approximately0% of the body is water. Hydrogen protorisi | can be found in
water (H,0) and fat ¢CH, -).

A MRI unit consist of a large cylindrical tube whicontains a powerful magnet,
providing an external magnetic fiel),. Patients lie on a moveable examination table
that slides into the center of the magnet. Theydce down on their stomach with their

breasts hanging freely into cushioned openingspsading by a breast coil.
——

Y
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Figure 2.4: A patient lying on an examination tafide a MRI breast scan (Extracted from [40].)

,_._‘_:_,

The spinning hydrogen protons in the breast becomagnetised, aligning
themselves such that approximately half of thergnalivith the magnetic field in a
“north” direction and half align with “south”. Alub one in a million extra spins point
north, equivalent to aboubt'” excess hydrogen protons pointing north in eacmgra
tissue (as there are ova®® molecules per gram of tissue). This makes the net

magnetization point in the direction ef which is pointing north.
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When the protons are placed in a large magnett, fieey begin to “wobble” or
precess about the axis of the external magnetit fig. The rate at which the proton
precesses around the external magnetic field sngby the Larmor equation:

w=)B, Egn. 2.1

where « is the angular precssional frequency of the protprs the gyromagnetic ratio
which is proton specific, e.gH has ay =426 MHz/T

To create a MRI image, radio frequency (RF) pulges transmitted into the
patient. These pulses flip the longitudinal magragion (the external magnetic field in
the cylindrical tube), for example into the x-y péa and generate a signal when the RF
signal stops. The signals generated in this wayndb have to encode spatial
information and so it is not possible to determtine locations of tissues. Hence, we
need to spatially encode the received signal bygugie gradient coils corresponding to
the axes X, y and z in a three-dimensional cootdisgstem. For an axial breast image,
the three gradients are referred to as: slice-sefedient G,) which selects a slice
position and thickness; phase-encoding gradi&)) @nd frequency-encoding gradient
(G,) which encode the spatial locations within a slice

Recall that during the MRI imaging process, weéham external magnetic field
in a longitudinal ) axis M, and then RF pulsex-{ plane) are sent. Once the RF
pulses are turned off, the protons will have tdigeawith the axis of theB, magnetic
field and give up all their excess energy. Thiseisned relaxation, meaning that the
spins are relaxing back into their lowest energyestthe equilibrium state. The net

T T1 is tissue

magnetization over time t is an exponential funciio the form:1-e
specific and is the longitudinal relaxation timeigrhis the time taken for the spins to
realign along the axis. There is another time constant which charees the rate at
which the magnetization component in tkg plane (M,,) (transverse component)
decays. In addition to this decay, there are spin-interactions which are the very
small magnetic fields affecting by the nearby pnstand are one of the two causes of
spin dephasing. The relaxation time of the detangverse relaxation time) together
with the time of the spin-spin interactions is edllT2 relaxation time. T2 is also tissue-

specific. Another spin dephasing is caused by ittmogeneities of the external

magnetic field. The inhomogeneities are very spit because of this, spins will then
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be exposed to slightly different magnetic fieldesgth, making protons in different
locations precess at different frequencies. T2dafined to denote the relaxation time
by the two causes of spin dephasing and it isiretifas it depends on the homogeneity
of the external magnetic field.

There are three parameters that define the RF puistorming different MRI
images: the flip angler, the repetition time TR and the echo time T&.is the angle
that the RF pulses flip the net magnetization itte x-y plane. TR is the interval
between successive RF pulses. TE is the shory gelaod between the application of
the RF pulse and measuring the transverse compohdéme signal. The image signal
(S) will then be related to the simultaneous dedady2* and the recovery of T1. By
considering TE and TR, we then have:

SON(H)M,(1-e ™™)e ™™ Eqn. 2.2
where N(H) is the number of mobile hydrogen protons

So, by acquiring images with short (long) TR, wsaance (reduce) the T1 effect
so that tissues with very different T1 values w#imonstrate greater (smaller) contrast.
By using a long (short) TE, we enhance (reduce)Ti®eeffect. Different flip angles

also cause different overall contrast in the image.

Insufficiency of Standard MRI on Breast Screening

A standard MRI of the breast can show soft tissutrasts, cysts, enlarged ducts or
lymph nodes, haematomas (a collection of blood &mfrwhen small blood vessels are
damaged, causing block leakage or bleeding intotidsies), and ruptured breast
implants [40].

However, it is unable in general to detect brehstormalities or tumors. This is
because the contrast between the fatty tissuesggfdndular tissues and the breast
abnormalities generated in the MRI image, govelmgthe tissues’ intrinsic relaxation
times T1 and T2, does not enable tumors to be tetec

Another main reason why breast MRI is not a pringmeening tool is that with
MRI, microcalcifications are difficult to be detect using standard pulse sequences [41].
Calcium deposits may appear as tiny signals anddeéesction in MRI is not as reliable

as mammography.
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Dynamic Contrast-Enhanced MRI (DCE MRI)
This section gives a brief overview of DCE MRI whiis summarized from [38, 39, 42].

The basis of contrast-enhanced breast MRI is th@venous injection of a
contrast agent before the acquisition of the MRages. In this way, the cancer
surroundings are enhanced. Cancer is not juststife tissue contrast, it is a
physiological abnormality. One major sign is amgioesis (the growth of new blood
vessels from existing ones) and so cancerous sistia@e a chaotic and leaky
vasculature in general. On the other hand, therasinagents are distributed in the
extravascular space and tend to accumulate iregssith rich vascularity. As a result,
the use of contrast agents help “highlight” theceairtissues.

Currently, the most widely used and only clinicalyproved contrast agents are
Gadolinium chelates. Gadolinium is a paramagenstiostance which has seven
unpaired orbital electrons. The external magnidid B, of the MRI system causes
these electrons to magnetized, in the same dire@s this external magnetic field,
leading to a reduction in the T1 and T2 relaxatiomes for protons in tissues near or
with the contrast agents. This explains why caneetissues show a relatively higher
and earlier uptake of Gadolinium-based contrasintagiean the normal tissue. A
baseline scan is then subtracted from the postasinimage to provide information
about the contrast agent take-up as a functiomrdd, twhich is related to the vascular

density, essentially giving information about tisgerfusion

Advantages of DCE MRI

DCE MRI screening may benefit patients with higékror dense breast tissue which
can sometimes hide a tumour on a mammogram FEggee 2.5. Also, it can also be
used to measure the size of tumour before treatnaeming, and after neo-adjuvant

chemotherapy.
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Figure 2.5: A patient with invasive ductal carcinemLeft: Mammography did not show any evidence of
malignancy; Right: Coronal MR early subtraction igeadisplays an ill-defined 1.7 cm enhancing mass
(arrow). (Extracted from [43].)

Problems of DCE MRI in Breast Screening

A concern regarding DCE MRI is the potential siffeas from the use of gadolinium-

based contrast agents. It is not advised for piEti@ith a range of hepatic disorders or
those with acute or chronic severe renal insufficie Certain patients may have an
increased risk for developing a serious systembrofing disease, Nephrogenic
Systemic Fibrosis [44]. Despite the toxicity, iaynbe justified for use in women which

have a high risk in developing breast cancer.

Another major drawback is the limited specificity DCE MRI. The problem is
that some benign entities e.g. fibroadenoma, ssilggoadenosis, may also enhance
similar to malignant cases [43], causing false fpascases.

Other disadvantages are its high cdd6$500 compared withUS$100 for
mammography) and its long screening tirh8 ihinutes, compared with possibly a few
minutes for mammography). Also, some patientfesidfom claustrophobia and find

the confinement discomforting.

2.1.3 Ultrasound Imaging (USI)

Similar to MRI, breast ultrasound is a non-ionisimgaging modality using sound

waves having frequencies above the audible rarygécally 7.5 MHz or higher [5],
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which penetrate into and through the breast tisstiéese sound waves reflect at breast
tissue boundaries, creating “echoes”, which arerdsd by the computer, yielding an
ultrasound image. An example showing a 2D ulwasoimage with a simple breast

cyst is shown in the following figure:

MFluid filled cyst

Normal breast tissue

Figure 2.6: A 2D ultrasound image with a simpledsecyst (Extracted from [45].)

In recent years, 3D breast ultrasound has gradiumden used in hospitals.
Instead of a single 2D image, a volume consistih@ stack of 2D slices can be
obtained. This allows the display of the cororlahp of the breast for improvement in
breast diagnosis and biopsy procedures. (An inttmaty chapter on 3D and 4D breast
ultrasound can be found in the book of Ultrasoundobstetrics and gynecology:

Gynecology by Eberhard Merz [46].)

Basic Principles of USI
The following summary follows the discussion frof, 47].

Typical ultrasound equipment contains a hand-keidl called transducer. The
transducer is usually composed of a piece of plezté& material e.g. lead zirconate
titanate (PZT), which can generate ultrasound gudsel receive echoes from the breast
tissues.

Normally, a patient lies supine on the examinatalole with the hand placed

under the head as shown:
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Figure 2.7: A patient lying on an examination tafide an ultrasound breast scan (Extracted from [48]

This positioning makes the breast thinner and diattallowing adequate
ultrasound pulses to penetrate to the chest wadl,mainimizing the effects caused by
some breast tissues which may be otherwise stedpiguely oriented in upright or
prone positions [49].

Ultrasound pulses are generated by inducing theoplectric material to vibrate,
by applying either a sinusoidal electric field orsharp electrical spike across the
material. The ultrasound waves then enter thesbi@ad pass through different tissue
types in the breast. Depending on the tissue typleish have different acoustic
impedance and attenuation coefficients, the souadew can be reflected, scattered,
absorbed or attenuated. Echoes are then retuntketing a varying voltage across the
piezoelectric material. By measuring and recordhmy strength of the signal of each

returning echo, an ultrasound image can then beuted.

Advantages of USI
The major benefit of ultrasound is its ability tetérmine if an abnormality is a solid
malignant cancerous tumour or fluid-filled beniggst; as the sound waves have
different behaviour towards different compositioRor example, a solid mass reflects
the sound wave while the wave may pass througffiultefilled cyst, hence producing
a different signal or echo in these two cases. s Taiuseful in the analysis of the
composition of the tumor, which may not be possiblmmammography or MRI.

Other advantages of USI include its relativelyxjpensive cost, and the mobility

and portability of the machine.
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Microcalcification Detection Using USI — Limitation of USI in Breast Screening

Many articles e.g. [50] have suggested that midedazations cannot be seen in USI
due to their small size and the low resolution &LU Microcalcifications are always
confused with the complex structure of breast @sand the substantial speckle noise
[51]. This is the major reason why USI is now pementary breast screening tool to

mammography, when a mass is suspected.

2.1.4 Breast Computed Tomography (Breast CT)

As briefly mentioned in Chapter 1, X-ray computedbgraphy is a medical imaging
method which generates a 3D image of the objeat fnondreds of 2D X-ray images
spanning36(. This allows a complete picture of the breagtresented as a stack of

image slices, to be reconstructed by a suitablenstouction algorithm.

Basic Principles of CT
The following summary is extracted from a lectured @ thesis in the KTH Royal
Institute of Technology [52, 53].

The basic idea is explained using the projectibnrac2D object. Similar
extension can be applied to 3D. The projectioa 8D object on a 1D detector array is

shown in the following figure:
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Figure 2.8: Projection of a 2D object onto a 1D eletor array (Extracted from [53].)
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At different anglesp and offsetsp from the origin of a defined 2D coordinate
system, a projection is formed. The intendityin simple terms, is a measure of the
attenuation of the X-ray on the tissue column althrggpath from the source with initial

intensity | , (More details on the formation of X-ray will besdussed in Chapter 4):

| = |Oe’f””’”dS Eqn. 2.3

wheredsis a line element along the path of the ray.

The projection of the ray at anggeand offsetp is defined as:

P(p,¢) = —|n@ =ju(x, y)ds Eqn. 2.4

This is the Radon transform which maps the fumctio(x,y) to a
functionP (0 ,¢), whereP p ¢ )s the line integral ofu X y Qver the line defined by
¢ and p. Given an angl@, the 1D Fourier transform along equals the 2D Fourier
transform of the objecl along the line in Fourier space defined oy The Radon
transform is invertible and hence the reconstracttan be done using the inverse
transform and the Fourier slice theorem. (An idtrction to reconstruction algorithms

is given in Chapter 9.)

Limitations of Conventional CT
The radiation dose is always a concern in conveaticCT. For example, a
conventional diagnostic chest CT imparts a radmatiose oR0-50 mGyGrayGy is the
Sl unit of absorbed radiation dose of X-ray) to bneasts of an average-sized woman
which is equivalent to taking0-25two view mammographic examinations [54].
Another limitation is the spatial resolution whigh150 to 400um, a size too
large for detecting microcalcifications.
For these reasons, breast CT has not to date beeted for breast screening or

indeed for regular breast imaging.

Dedicated Breast CT
Many researchers are still investigating differéethnologies on X-ray tubes and
scanners, hoping to improve this imaging technguitable for screening. An example

is the dedicated breast CT system proposed by Betoale [25]:
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panel

detector x-ray tube

. SIDE VIEW |

Figure 2.9: Drawings of a dedicated CT system pegubby Boone et al. (Extracted from [25].)

As reported by the authors, the design prevergsutinecessary exposure of
tissues in the thoracic cavity and breast comprass not required. Also, the dose
levels are claimed to be comparable to mammogragpyheir recent paper in IWDM
2010 [55], they performed a computer modeling of massions (but not
microcalcifications) synthetically added 848 breast CT cases obtained from patient
volunteers in a Phase Il clinical trial. The btaasage data is also projected to simulate
mammographic projections. They then compared énfopnance using a pre-whitened
matched filter model observer study. They clainiedhe paper that “tomographic
imaging of the breast may lead to better cancezatien rates for smaller and earlier
cancers”.

Dedicated breast CT may be promising. Howevesrethremains a question
about microcalcification detection, as said by Boam2008[56], "We feel the breast
CT was superior to traditional mammography for mkessons, but mammography
remains superior over breast CT for microcalcifaas.”

To conclude about dedicated breast CT, the comnignBoone are borrowed,
“The role of breast CT is evolving and will depemal continuing research and how it

bears out”.

31



Chapter 2: Breast Imaging Modalities and DBT GaHO

2.2 More on Mammography: Its Limitations

Despite the fact that mammography is the most widskd imaging methodology in
today’s breast screening programmes, a numbemitations exist in mammography.
As discussed previously, two-dimensional mammograamot represent a complete
picture of the three-dimensional breast. Tissupesmposition is a fundamental,
intrinsic problem which will always limit the diagstic information provided by

mammaography.

For example, the shape and spatial aspects of calcification cluster can be
greatly distorted by the angle at which it is viemi®7] so that a two dimensional

projection does not exactly reflect the true pietaf breast calcifications:

(a) (b)

Figure 2.10: (a) 3D representation of 3 individwallcifications. (b) 2D projection of calcificatisn
showing false clustering. (Extracted from [58].)

The morphology and distribution of breast calcificas are two of the most
important clues for assessing the implications afrotcalcifications for breast cancer.
Such an image can easily lead to false-positivas, more seriously, false-negatives.

In addition, women always feel uncomfortable havaagnammogram. One
reason is that the breast is squeezed and thisajesgain. However, in order to keep
the image quality for the detection of breast cared at the same time minimize the
radiation dose, tight breast compression is necg$58]. In terms of image quality,
the tissue is spread out in a way that small abalities are less obscured by overlying
breast tissue. In terms of radiation dose, thadires now thinner which means less
radiation dose is used.

Hence, with the advance in X-ray detectors and rotbehnologies, a novel

imaging method has been proposed: Digital BreastoBynthesis (DBT).
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2.3 Digital Breast Tomosynthesis (DBT)

(Some of the materials covered in this section wab&ined from the NHSBSP

Publication No69 on Digital Breast Tomosynthesis, Septen2@t0[28].)
2.3.1 Introduction

In DBT, instead of only taking CC and MLO viewsgtiX-ray tube moves in an arc
around the breast over a limited angular range ir.glegrees;20 to 20, producing
multiple projections, typically9 to 25 with a few degrees difference between

projections, while the total examination dose inTOB similar to that in mammography.

The following figure shows the principle of the acgjtion of DBT projections:
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Figure 2.11: Principle of digital breast tomosyn#ieacquisition.

These DBT projections are then reconstructed dlguorcally to form a three-
dimensional volume of the breast, for example ie form of a set of depth slices
parallel to the detector plane. (Reconstructigodihms will be reviewed in Chapter 9.)
The in-plane (XY) spatial resolution is determinieg the spatial resolution of the
detector and the resolution in the third dimensfdh is limited due to the limited
angular range. A typical DBT reconstruction 5&®s100um in-plane pixel size ant
mm slice thickness. From [28], Dexela mentioneat their minimum reconstruction
slice thickness i9.5 mm while all Hologic, Sectra, Siemens and XCounterlamm
and GE is confidential. The optimal slice thicknés1l mmfor Dexela, Hologic and

Siemens.
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2.3.2 DBT Acquisition Systems

Similar to a typical digital mammographic systemDBT acquisition system also
consists of an X-ray tube, compression plate, aatanexposure control and an image
detector, except that the anti-scatter grid maybeotised after the considerations of the
radiation dose with a DBT projection geometry [60].

Currently, there aret main manufacturers researching and developing DBT
acquisition systems and related technologies: GiHggic, IMS and Siemens. Some of

the DBT systems are illustrated as follows:

Figure 2.12: Senographe Essential by GE (Top L[6ft); Selenia Diﬁgnsions by Hologic (Top Right)
[62]; Giotto by IMS (Bottom Left) [63]; MAMMOMAT #piration by Siemens (Bottom Right) [64].

In February2011, Hologic’'s Selenia Dimensions was given approwathe U.
S. Food and Drug Administration (FDA). This is ajor step towards the possible

future widespread take-up of DBT technology.
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2.3.3 Technical Features of DBT Systems

(a) Geometry

To generate multiple projections, there are, inegeh two different geometrical
configurations of the acquisition system: (a) syste¢hat use a completely isocentric
motion; and (b) systems that use a partial isomentotion. In the first of these, the X-
ray tube and the detector rotate about the sanse &xithe second case, only the X-ray

tube rotates and the detector remains stationary:
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Figure 2.13: Complete isocentric motion (Left); Bakisocentric motion (Right). (Extracted fromgR)

The geometrical configuration varies considerdi@yween manufacturers, e.g.
For IMS and Hologic (as it appears from publishefbimation), their systems adopt
the method of partial isocentric motion, whereasn&ins uses the complete isocentric
motion.

The epipolar analysis developed later in the thesis be applied to either
configuration. Common to both is the planar motadnthe projector, irrespective of
whether or not the detector moves. We have chtisdlustrate our method with the

partial isocentric configuration. More details Midé discussed in Chapter 6.

(b) Radiation Dose

In DBT, the total radiation dose is the sum of doses for each of the projections [65,
66]. This should be comparable to the dose us&Mn From the report by NHS [28],
the mean glandular breast radiation dose ranges Irto 2.5 mGy which is similar to
that in DM. This also fulfills the average regurents of American College of
Radiology which recommends that the mean glandidge to a breast that 4s2 cm

thick and composed &0% fat and50% glandular tissue should not exceethGy [5].
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However, since there are more projections in DBTS to be expected that the image
guality will deteriorate due to the lower dose &tk projection. The challenge has been
met by minimizing noise in the images by advandhmtechnology of X-ray detectors

and X-ray tube which are to be discussed shortly.

(c) X-ray Detector

The main requirements of a suitable DBT detecterthat the detector should have a
large imaging area, a rapid readout rate and a dégbctor quantum efficiency (DQE)

which is a measure of the combined effects of theas and noise performance of an
imaging system. Flat panel detectors fulfill dltleese requirements. Two of the major

developers are Dexela and Anrad and their deteatershown as follows:

Q“Q‘h ) L =1 . -
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Figure 2.14: Detectors by Dexela (Left)[67] and Adr(Right) [68].

The detector type varies between different manufacs e.g. the Dexela one is
based on CMOS technology while the Anrad one isrphaus Selenium-based. The
detector size is approximate®d cm * 30 cm and the detector pixel size which is the

image resolution i50-100pum.

(d) X-ray Tube (Anode/Filter Materials)

Until recently, the target/filter materials werarparily molybdenum (Mo). In recent
years, other materials giving high energy speaich @s rhodium (Rh) or tungsten (W)
as target, and rhodium (Rh) or aluminium (Al) olvai (Ag) as filters have been
introduced. With such a change, X-rays become meretrating. This can lead to a
lower breast dose, while at the same time a greuditeton flux can reach the imaging
detector which produces a better signal to noise, ras the relative amount of quantum

noise in the image is reduced.
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2.3.4 Advantages of DBT

(@) Solving the superimposition problem
The key attribute of DBT is to facilitate the visity of malignant lesions which may be
hidden in the 2D mammographic image (false negatiases) or to reduce the
ambiguous but normal cases (false positive casés)a 3D modality, DBT can reduce
the tissue overlap problem encountered in 2D mamapby and hopefully improve the
accuracy of diagnosis of breast cancer.

Clinical examples have shown that DBT can help esdhe false-positive and

false-negative issues found in mammography:

(b)

Figure 2.15: Clinical examples. (a) Tubulolobukdenocarcinoma not seen well in digital mammogram
(Left) is shown much better in the DBT slice (Riglit) Suspicious areas in DM can be resolved with
DBT. (Extracted from [69].)

(b) Minimal breast compression force

In DBT, tight breast compression is not necessaggabse the breast can be
reconstructed to 3D. Instead, breast compressiarséd to minimize blurring of the
image caused by motion. Some researchers aremwgooki pilot studies to assess how
reduction in compression can affect dose and intagdity. Having said that, it is
hoped that less compression can be applied anc hess pain will be caused in future

breast screening but at the same time providingie& mccurate result.

(c) Similar acquisition systems as digital mamma@dna
Most existing 2D mammographic systems can be uggréa have DBT capability [28].
For example, Hologic’s Selenia Dimensions sharesstime imaging chain as Selenia

digital mammographic system [70]. The seleniumedketr, tungsten X-ray tube with
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rhodium and silver filtration are a direct conversirom the DM system. It means that

hospitals can upgrade their existing DM systenB3Bad easily.

2.3.5 Challenges Encountered by DBT

(@) Null-space problem in reconstruction

Unlike CT which images the breast ow@$(’, DBT views are only captured over a
limited angular range. It can be imagined thatadat insufficient causing certain

uncertainties in the reconstruction, which is a@hltee null-space problem (the null-
space problem will be discussed in Chapter 9.). cQfrse, there exists some work-
around in the reconstruction algorithms, e.g. regedtion, by adding more constraints
and using Bayesian models. However, the null-spagklem is intrinsic to the design
of DBT. Continuing research may at most improve teconstruction outcomes. As
reported by the thesis of Dominique Van de Somp#] [vho worked intensively on

DBT reconstruction algorithms, “Reconstructions undersampled tomography are
strongly influenced by the particular Bayesian mageed. The problem resides in the
fact that inaccuracies in the model may not or omlgakly be countered by the
projection data.” Even for the work-around, adbeffort is still required to investigate

the robustness of constraints on the reconstrusttutions.

(b) Processing time by both computers and radicisgi

In DBT, multiple projections are generated inste&tivo. It can be imagined that it is
more demanding for the acquisition systems. Famgde, the read-out rate of
detectors must be improved. Many detector manurfacgt have put a lot of effort in to
solve this problem. Also, the processing time franstruction and display needs to be
shortened, which can be as longasinutes for machines developed by Dexela Ltd. as
reported in [28].

For radiologists, instead of viewing two X-ray ineggfor each case, they will
need to look at more slices which may comprise, 8alices for a case. It is hoped
that the additional workload can be balanced byefewnecessary recalls and biopsies.
More research is required to improve the workflowd draining is necessary for the

radiologists to adapt to the new technology, whempmared with the current workflow.
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(c) Balance between dose and image quality

The image quality in each DBT projection is inelltaworse than in mammography.
(More about the image quality and image noises balldiscussed in Chapter 4.). As
mentioned, the advance in technology has helpedowephe situation. However, more

research is required for better image quality.

(d) Availability of CAD for masses and calcificats

Reconstruction artefacts are unavoidable duringpnsttuction (More about DBT
artefacts will be discussed in Chapter 4.). Thisynmake tumour detection more
difficult in some cases, e.g. microcalcificationSvidently, there are new challenges in
developing new computer-aided detection algorittepscifically for DBT. To date,
apart from GE Healthcare, which claims to have abCgystem available, all other
vendors do not yet provide CAD in DBT. In this sfee we will address this issue, and

hopefully, contribute a new approach in the develept of a CAD system for DBT.

The various ongoing challenges posed by DBT explaihy it has taken such a long
time for manufacturers to obtain FDA approval atieesearch group at Massachusetts
General Hospital came up with the DBT idea in m88Gs, although DBT is definitely

an improvement to mammography in terms of tisswexlapping issues.
2.3.6 Clinical Studies of Performance of DBT

To obtain FDA approval, one must go through a pr&etaapproval (PMA) process,
which requires clinical tests to assure safety effitacy. For Hologic, the FDA
reviewed results from two clinical studies in whibbard-certified radiologists were
invited to review 2D and 3D images from more tI3% mammography examinations
[72]. In both studies, @6 improvement was obtained if radiologists werelneg both
2D and 3D images instead of only 2D ones.

In addition to these clinical results, there atemerous clinical studies of the
performance of DBT which supports this new techgglo For example, [73]
consideredl25 breast cases assessed8bgxperienced radiologists. It was found that
combining both DM and DBT, there was38% reduction in recalls for the false

positive cases compared with the use of DM alodsing DBT alone can also reduce
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the recall rate by approximatel@%. In [74], 100 single-breast cases were analyzed
3 experienced radiologists, each of whom were giweages of same breasts taken by
both DBT and mammography. The results demonstrB{€ guperiority for conspicuity

of findings and showed potential for superior daliperformance.

2.3.7 Role of DBT: Primary Tool or Adjunct to Mammography

“The role of DBT as a primary screening and diagieotol or as an adjunct to
conventional mammography has yet to be determing®]. It is unclear whether
DBT will replace conventional mammography or willsf be an adjunct to it, or
whether some combination of these approaches withployed. As mentioned in the
last section, some literature suggests that usitig BM and DBT may reduce recall
rate more than DBT alone. Some studies suggesb®ia is superior to DM. As more
DBT acquisition systems become commercialized afehsed in the market and more
research and development are performed, the waevkfiahe real clinical environment

of using DBT will be clearer in the future.
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Chapter 3

Breast Abnormalities and Breast
Calcifications

Early detection relies on searching for breast aabties such as masses, architectural
distortion and microcalcifications, as they areguole signs of breast cancer. In this
chapter, we first briefly present the former twamabmalities. Breast calcifications will

then be given in more detalil.
3.1 Masses

Masses are defined as a central space-occupyiium lesth different densities. Their
shapes and margins shown in mammograms help deterthe benignancy and
malignancy of the breast. For example, circumsctrilbval and round masses are
usually benign, such as cysts and fibroadenomdasses with irregular shapes and ill-
defined or spiculated margins have a higher likedh of malignancy. Some examples

of masses in mammograms are shown in the follofwnges:

Figure 3.1: Left: Benign cyst, showing a rounctaimscribed mass; Right: Invasive ductal carcinoma,
showing a mass with irregular shape and speculatadyins. (Extracted from [76] .)
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3.2 Architectural Distortion

Architectural distortion is defined as distortiointlee normal breast parenchymal pattern
with no definite mass visible. Spiculations arerseadiating from a point. It can be
observed in benign conditions, such as radial scat sclerosing adenosis, or in
invasive breast carcinoma. An example of a sudnithitectural distortion is shown as

follows:

Figure 3.2: Invasive carcinoma presenting as a kulitchitectural distortion. (Extracted from [76].)

3.3 Breast Calcifications

Breast calcifications are tiny calcium depositschsias calcite, aragonite, calcium
oxalate, apatite, in dried secretions and damag#s with necrosis, within the breast
[77]. Due to calcium’s higher linear attenuatiooefficient, the amount of X-ray
radiation absorbed, in comparison to other bresstui¢s, such as adipose and glandular
tissue, breast calcifications appear as small wigtggons on a mammograrfigure

3.3.

Figure 3.3: Breast calcifications (Extracted fromg].)
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3.3.1 Types of Breast Calcifications

There are several ways to classify breast caltifina: size in the mammogram [79, 80],
type of breast disease, or chemical composition:
(a) Size in the mammogram

According to their size, we classify them either macrocalcifications or
microcalcifications.

Macrocalcifications:

These are larger and coarser calcium deposits @meba as large white regions

with size >500um. In almost all cases, macrocalcifications aradren

Microcalcifications:

These are smaller in size. Any white region whieh< 50Qum is called a
microcalcification.  Microcalcifications may appeardividually or scattered in a
mammogram, or they can appear as clusters. Migifications can be benign,
indeterminate or malignant. Since the early stafjdseast cancer are often signalled
by the occurrence of microcalcifications, their edgion and analysis has been
considered to be very important and the analyskzedst calcifications always refers to

microcalcifications.

(b) Breast disease
In terms of breast disease, calcifications can igdiyebe classified into benign and
malignant. However, some calcifications are indeieate and may be found in cancer
precursor lesions. Radiologically, the morphologfy individual regions and the
distribution of breast calcifications are used fas fundamental assessment criteria in
classification [81]. Typically, benign calcificatis are coarse and round shape; while
malignant ones are linear and branching. The topimicrocalcification classification
will be covered in Chapter 10.

The following shows some occurrences of calciiora in breast disease:

Benign
Benign calcifications are caused by benign bressiades (obtained from [80]):
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()  Fibrocystic changes leading to benign cysts. Qalcdeposits are found within
the fluid of these cysts;

(i) Fibroadenoma (a benign lump in the breast);

(i) Sclerosing adenosis (excessive growth of tissuéseitreast’s lobules).

(iv) Previous injury in the breast area forming postrtnatic fat necrosis calcification

(v) Dilated milk duct;

(vi) Inflammation due to infection or mastitis;

(vii) Dermatitis or residue from metallic particles in waters, ointments and
deodorants forming skin (dermal) calcifications;

(viii) Radiation therapy for breast cancer;

(ix) Arteries containing calcium deposits called vasca#cifications;

Malignant
Calcifications found in malignant lesions, spedalfig DCIS and invasive cancer.

Indeterminate

Some calcifications are found in cancer precumssiohs such as LCIS.

(c) Chemical composition

In terms of chemical composition, microcalcificasooften occur as one of two
basic types: Type I: calcium oxalate (dihydratefl diype II: calcium hydroxyapatite
[82-84]. Two papers [82, 83] suggest that Typppears to be found in benign lesions

while Type Il can be found in both malignant andiga lesions.

Type I: Calcium Oxalate (Dihydrate)

“Type | microcalcifications were found only in begni cysts and were not
associated with carcinoma or epithelial hyperplagg2]. “The presence of oxalate-
type microcalcification appears to be a reliableeaon in favor of the benign nature of

the lesion or, at most, of a lobular carcinomaitin.’s[83].

Type Il: Calcium Hydroxyaptite
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“Type Il microcalcifications were associated witbniign or malignant lesions.”
[82]. *“Calcium hydroxyapatite (HA) crystals aresasiated with both benign and

malignant breast tumors.” [83].

3.3.2 Formation of Benign Breast Calcifications

Benign breast calcifications can be caused by ¢a¢hdof fat cells or due to secretion by
the lobules [85].

Some benign calcifications develop because féd cethe breast die after injury,
for example caused by surgery, trauma or infectAternatively, the breast may be
exposed to radiation. In other cases, a benighmgy be formed. After the fat cells
die, fatty acid will then be released and combinth walcium in the breast, forming
benign calcifications.

Calcifications can also be found in the glanduissute where milk is produced
and in the milk ducts to the nipple. The lobulesymsecrete small amounts of calcium-

containing fluid which may be crystallized, formioglcifications.

3.3.3 A Deeper Look at the Causes of Breast Calcificatianin Breast Cancer

In this section, we further explore the causesrehst calcifications in breast cancer.
Interested readers are suggested to refer to odierences if they would like to

understand it more biologically.

(a) Breast cancer cells secrete parathyroid hormoglated protein occasionally.

To start with, calcification, in general, is thecamulation of calcium salts in
soft tissue. It is found that breast cancer celisnetimes secrete a parathyroid
hormone-related protein (or PTHrP) [86]. From [8®THrP can be found in about
60% of breast cancer tumours. Normally, PTHrP faatiis the development and
maintenance of normal mammary gland [88]. In thsecof breast cancer, the breast
tumour secretes this hormone which circulates énblood causing the bones to release
calcium [89]. The blood calcium is then increasddence, when excessive calcium

accumulates in the breast, it forms breast ca#tifims, which can be an indication of
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breast cancer. (For interest, [90] suggests“tuaitrolling PTHrP production in breast

cancer may be useful therapeutically”.)

(b) Death of the cancer cells

A paper by Harvard Medical School [85] presentedesd reasons for the
connection between calcifications and breast cancer

In DCIS, a calcified line along the duct will remaf the cancer cells die when
these cells do not receive sufficient nutrients dlabd. Calcifications can also be
found with invasive cancer in areas where cancdls deve died or in damaged

connective tissues between cancer cells.

3.3.4 Some Examples of Calcifications in Mammograms

The following figures show an example of one offebenign and malignant case:

Figure 3.4: Left: Coarse calcification (arrow) ohe rim of a fibrodenoma; RightThe fine, linear and

branching calcifications (arrow) are highly susmiois of intraductal carcinoma. Biopsy revealed
comedocarcinoma with calcification of necrotic dsbn the center of tumor-filled duct. (Extractedm
[76].)

3.3.5 Microcalcification Detection in Mammograms

The microcalcification detection task, no matterragliologists or computer programs,
is often difficult. In some cases, the true mialodications are sometimes hidden by
the surrounding tissues (poor image contrast).other cases, other white spots e.g.
noise points appear in the mammogram and may bieisesh with microcalcifications.

To better understand microcalcification detectioh,is necessary to have some
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knowledge of the image formation process of a magramm and analyse the

mammogram in details. The topic will be addresagdhapter 4.
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Chapter 4

X-ray Images: Formation and Analysis

In this chapter, a mathematical model of mammognaage formation [91] is first
discussed. We explore the path that the X-raygisfollow. Next, we look at the
outputs of mammography — the mammogram, discussiage quality and noise [92].

We will consider the situation in DBT as well.
4.1 X-ray Image Formation
4.1.1 Mammographic System: How is a digital mammogram fomed?

A typical digital mammographic system consists wfX&aray tube, compression plate,
anti-scatter grid, automatic exposure control andiraage detector. A schematic
representation of such a system can be referrEgjtoe 2.1in Chapter 2.

When a mammogram is performed, a beam of X-ray guisptwhich has a
spectrum of energies that is characteristic ofttlie voltage and anode material, is
generated in the X-ray tube. This X-ray radiati®mlirected through a very small area
called the focal spot. A filter is installed soaththe low-energy photons, which
contribute to patient exposure, but not to the ienfmgmation, are filtered out. The
collimator is used to confine the X-rays to theaaog interest. The breast is squeezed
between two compression plates. The beam is dat@ttrough the compressed breast.
Next, it passes through the anti-scatter grid wineshoves a proportion of the scattered
radiation. This is important since scatter is gamdegrading factor in image quality.
The automatic exposure control in the system aomsontrol the amount of radiation
reaching the image detector. Finally, the bearphaftons arrives at the image detector

which converts the photon energies to digital dgjfarming the digital mammogram.
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4.1.2 Mammographic Imaging Process Model: The Path of th&-ray Photons

The subsections follow the path of the X-ray pheton

0] From X-ray tube to breast

Incident radiation starts from the X-ray tube. #e electron beam hits the target
material at the anode, X-ray photons with differenergies are produced, forming a
poly-energetic X-ray beam (a spectrum). Differarie voltages applied to different
anode materials produce different energy spectrums.

The penetrative power of the photons depends on émergies, the material
they pass through, and the thickness of the méatetiawer energy photons can pass
through relatively shorter distances. In orderatmid the patient being exposed to
unnecessary radiation (i.e. the photons are abddogethe tissue only, without any
contribution to the image), a filter is used in Xweay tube.

The average photon energy (in units kd#V, kilo-electron Volts) can be
controlled by adjusting the tube voltage which bags ofkVp (peak of the waveform
of the kilo-Voltages against time). In addition tike average photon energy, the
number of photons is also a measure of the amolrX-madiation. Higher tube
voltages produce higher photon output (per unitrenir and area) (in the unit of
photons/mA/mf) and higher average photon energy. Higher tulbeeots (in units of
mA, milli-Amperes) and longer exposure times produnecere photons (in terms of
overall radiation). With the tube voltagg, photon outputf(V;) (photons per unit
current and area) and tube curré&(¥;) (current per unit time) we can compute the
photon flux ¢V, , x, y) over the area corresponding to spatial posifigry) The units of
flux are photons per unit area per unit time:

PV X Y) = F(V) 1 (V) Ean. 4.1

The incident radiation, i.e. the incident energy arsmall aregA,) of the
compression plate (before entering the breastpatiad position(x, y), with time of
exposurdty), is the summation over the ener@y) the photons possess, over the given

area and the exposure time. Mathematically:

gmax
EP™° (% Y) = e, X WAL [ NG (Ve ) edle Eqn. 4.2
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where we use\® (V,, £) to represent the number of photons per unit enatgnergy
¢ relative to the total number of photons in the detit spectrum and, ., is the
maximum energy a photon can acquire.

Then, the X-ray photons pass through the compnegsiate where some are
absorbed. The number absorbed is related to tite’plthickness,.and its linear
attenuation coefficient at each energy leygl,. £ .(By Beer's law,

Number of exiting photons

o (£) Egn. 4.3
H H - ate ate £
= Number of incident photons € ~ " # »=
We therefore have the total incident energy taoiteast:
Egreast (% y) = oV, % y)AptSIOEmax Néel (Vt’g)ge—hplate//plate () ye Eqn. 4.4

(i) Through the breast

It is of great interest how the photons travel tiglo the breast. Recall from the Breast
Anatomy section that a normal breast consists @feréint tissue types: fibrous,
glandular and adipose (fat) tissues, and sometirnes,rarely, calcification. The
penetration of the photons is different for diff@réssues. For photons having the same
energy, they are *“attenuated” much more by cakgiion than adipose tissue.
Quantitatively, we use the linear attenuation dordiit 4 to represent the attenuation of
different tissues at a particular energy level. e Tlarger the value of the linear
attenuation coefficient of the tissue, the moreghetons are attenuated when they pass
through that tissue. An example of the linearmttdion coefficient of different tissue

types at different photon energies is shown irnfeflewing table:

Tissue Type u(cm™) at photon energy (keV)
18 20 25
Adipose 0.558 0.456 0.322
Fibrous 1.028 0.802 0.506
Cancerous (Infiltrating duct carcinoma) 1.085 0.844 0.529
Calcification 26.1 19.3 10.8

Table 4.1: Linear attenuation coefficient of diffiet tissue types at different photon energies\fég
obtained from [91].)

From the Table, it is evident that at higher phataergies, the linear attenuation

coefficient decreases for all materials. We cao ake that calcification has the highest
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linear attenuation coefficient regardless of thetph energy. Fof8 keV the linear
attenuation coefficient is approximaté&?g times higher than that of fibrous tissue and
even much higher than that of adipose tissue.s lthis behaviour of calcium that
enables us to detect calcifications in mammograiifss leads to the bright spots seen
in images and detection algorithms are developedn fthis. Detection will be
discussed in more detail in later chapters.

By applying Beer’s law again, we can obtain theathin of the primary beam
leaving the breast:

; Emax - =
ngn(breasb (X, y) - Wt , x, Y)Aptsjo N(r)el (Vt,E)ée hp\atauplale(f)e h,u(f)dg Eqn 45

where hu(g) is the photons being attenuated at energwith linear attenuation
coefficient i € ), by passing through the breast with thickrness

Note that in Eqn. 4.5 we show only the primary beam. In reality, thare
other components namely scattered radiation (plsotndrich do not follow the original
direction they should have) and extra-focal radratjphotons that “leak” away from the
focal spot), making up the signal exiting the bteafReaders may refer to [91] for
further discussion of these components.) All thesenponents contribute to the

intensity observed in the mammogram.

(i)  Reaching the image detector

Finally, the photons arrive at the image deteatdnich converts the energy to a digital
signal and sends this digital signal to the outperice. Different detector materials
have different sensitivities to different photomgergies. It is pointed out in [93] that
Caesium lodide has poor absorption at higher eeem@nd Selenium is a better choice.
The different amount of absorption of photons emsrcgat different location of the

detector gives rise to the difference in the intgria the images.

4.2 Analysis of X-ray Images

4.2.1 Appearance of a Mammogram

Now, a mammogram is formed after the journey of theay photons. In a

mammogram, the brighter region, on a greyscaleofgmsed to the region in black
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colour) shows the region of interest, i.e. the breadipose tissue appears to be darker
while denser, fibrous and glandular tissues apfmehbe lighter. The pectoral muscle is

shown if the mammogram is taken in the MLO viewheTfollowing figure shows a

typical mammogram at MLO view:

Pectoral
muscle _Skin

Glandular tissue
supported by
connective tissue

Adipose
tissue
- appeared
“to he
darker

“~._Dense
fibrous septa

Figure 4.1: A typical mammogram in MLO view. (Extied from [94].)
There exist individual variations in terms of magliaphic appearance. This is

caused by the differences in the relative amountsX&ray attenuation characteristics

of adipose and connective tissue [95] — breastityemsbreast composition.
4.2.2 Breast Density

Breast density is related to the features of tleadirtissue as seen from a mammogram
[96]. On a mammogram, due to differences in X-a#tygnuation, the fibroglandular
tissues of the breast appear as shades of grayite, while adipose tissue appears
much darker. The difference in visual appeararengesed by these different tissue
compositions in a breast has been classified bo#iitgtively and quantitatively as a
way to describe breast density [96]. Classifmatschemes have been proposed for
breast density. One such is the American Colldgeaaliology (ACR) Breast Imaging
Reporting and Data System (BI-RADS). Dependinghefbreast appearance (which is
measured by the percentage of the breast that mpgease — the “amount” of glandular
tissues in the breast; a review of the measuremientammographic density can be

found in [97].), the breast is classified into faypes: Typel (<25%) Breast is almost
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entirely fat; Type2 (25-50%) There are scattered fibroglandular densitiegeBy(50-
75%) Breast is heterogeneously dense; T4§e75%) Breast is extremely dense. The

following figure shows an example mammogram of ezfdihesed types:

Figure 4.2: Different mammographic appearance simgwdifferent breast composition. BIRADS overall
breast density categories 1-4 from left to righExtracted from [98].)

Breast density is an important topic in breastceamesearch. Studies e.g. [99]
show that breast density is strongly associatel thi¢ risk of developing breast cancer.
As regards our research, the consequences ofatifferammographic appearance from
different breast composition, forming different kgmunds, has a major impact on

microcalcification detection and this will be dissed in later chapters.

4.2.3 Mammographic Image Quality Against Radiation Doseimage Contrast

and Image Noise

There are other factors that affect the appearafice mammogram, better images
making detection tasks simpler. In the followinge discuss some other factors
affecting the image quality, which unfortunatelyrédated to the radiation dose that is

detrimental to the patients’ health.

() Image Contrast [92]

The quality of a medical image often refers to hdear, how distinctive, how much
detail of the object we can see. This is oftefeotéd in the image contrast, which is
represented by local differences in image inteesitiAn object within the body will be
visible if it has sufficient contrast relative tbet surrounding tissue. Contrast exists

because different materials have different physicathemical properties (e.g. physical
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density and effective atomic number). The fact th#ierent materials absorb different
amounts of radiation, together with the differengeshe thicknesses of the materials
that the photons pass through, results in the rdifteintensities in the image. In
addition, the contrast we see in an image dependieoquality and the quantity of the
image spectrum generated by the X-ray tube (whiely farther depend on the breast
thickness being imaged), which are determined leydmoice of the anode and filter
materials; the tube voltage; the current suppked} the exposure time. In [100], Dance
et al. conducted a study of the influence of arfdtes/ material and tube potential on
contrast, signal-to-noise ratio (SNR) and averagsoded dose in mammography.
They found that, in digital mammography, the stadd&lolybdenum/Molybdenum
combination is superior f& cmbreasts, yielding the lowest dose for a given SR
tube voltage o8 k\V. For other breast thicknesses, other combinatéramodef/filter
and tube voltage may be more suitable.

Please refer tdable 4.1on the linear attenuation coefficients of diffedréasue
types at different photon energies. It is foundtthhe difference between the
attenuation coefficients of the breast tissuesngigh lower energy and thus there is a
greater difference in the X-ray signal exiting threast when a lower energy beam is
used, leading to more contrast in the image. d#&nsethat we should generate a
spectrum with low photon energy. Neverthelessaise need to consider another very
important factor — dose to the patients. Dosersefethe amount of radiation absorbed
by the patients. The lower the dose, the fewairdental effects are caused to a patient.
At very low energies, the contrast is high, but plemetration ability of the photons is
low, resulting in a higher dose to the patients tke other hand, the penetration ability
is higher for photons with higher energies. Tladuces the dose but also the contrast.
Hence, we always need to strike a balance betweettast and dose. The optimum
spectrum between contrast sensitivity and radiatiose for an average size breast is

one with most of the radiation with photon enerdiekw abou0 keV [92].

(i) Image Noise [92]
Image noise reduces image quality and this makésctilen tasks more difficult.

Understanding noise generated in mammography satrto design a good detection
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algorithm. Many studies [101-103] have appliedoess@ model in the design of CAD
algorithms in mammography and DBT. (We will dissubese algorithms in later
chapters.) So, what is noise and what causebl@i®e is a random signal that can hide
the signal that provides the useful information.

(a) Quantum noise

In the imaging process of generating X-ray photdhs, photons are distributed in a

random manner within the image. The following fglustrates the concept:

Keray beam 108 80 103 Average:
J' 100 photons per area
102 95 114

I Standard Deviation:
94 105 89 +- 10 photons i.e. 10%

1026 1007 930 Average:
Photons distributed in 1000 photons per area
random pattern on a

small area of detector o7 984 1016

Standard Deviation:
1010 1046 964 +- 33 photons i.e. 3.3%

Figure 4.3: The Concept of Quantum Noise. (Redriam [92].)
Although the average number of photons is fixed, dbtual number of photons varies
randomly at different locations. These randomlgtributed photons cause some
unpredicted differences in image contrast and #ffexct the image quality. It is also
shown in the figure that the larger the average bramof photons (meaning higher
exposure), the smaller the standard deviation et &xation. Hence, this reduces the
quantum noise. However, since dose is an impoféambdr which we need to consider,
we therefore need to find an optimal trade-off esw the image quality and the dose

absorbed by the patients.

(b) Electronic Noise
The electronic noise is in the form of random eleat currents produced by thermal
activity within the device. In digital mammographthe electronic noise may be

generated when the radiation is converted to @eidrsignals.

55



Chapter 4: X-ray Images Candy HO

(c) Structure Noise (Tissue Noise)

Structure noise refers to the tissue overlap innt@nmograms. In mammography,
only 2 images are obtained. This may obscure some iaaartformation in the breast.
In DBT, it is expected that the structure noisd i reduced as 3D slices are generated
which can reduce the tissue overlap. However,obyiane artifacts are still found in
the slices in DBT due to reconstruction. (Furtdecussion on DBT related to image
quality, contrast and noise will be found in thexingection.) An example of structure
noise in mammography and the tissue overlap besdgaed in DBT is shown in the

following figure:

OO0 OBOO N O®

] Leison being ] Tissue overlap
obscured. reduced.
2D image One 3D Slice

Figure 4.4: Structure Noise. (Modified from [104].)

4.2.4 Digital Breast Tomosynthesis

We now look at the situation in DBT. The fundanargrinciples of X-ray image
formation in DBT are the same as in digital mammapbgy. Regarding image quality,
DBT can reduce tissue overlap when viewing fronoesponding slice, as pointed out
previously in the context of structure noise. Thisproves cancer detection.
Nevertheless, there are a number of noise issughwquire attention in DBT. Two

dimensions are taken into consideration: the ptiges generated during acquisition
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and the slices produced after reconstruction. Neagh projection is formed using, for
example, about one-sixth of the dose as that imamogram (considdr3 exposures
for DBT and2 for DM), so that the total examination dose usedimilar in these two
modalities. It is expected that the quantum naevdebe greater in DBT (Refer to
Figure 4.3that standard deviation of photons distributiotarger for smaller amount of
dose). When designing a good detection algorithnDBT based on projection images,
this factor must be considered. There exist aersatifacts (“tomosynthesis noise”)
which are found in DBT only but not in mammograpbkince slices are generated in
DBT but not mammography. It is found that some-tmwtrast shadows of a high-
contrast object are seen in the planes outsidpléme of interest. Out-of-plane artifacts
in slices can be explained by the following simpéeonstruction idea and figures

extracted from A. Smith’s paper [105]:

7 +

Figure 4.5: Three projections acquired from diffiet@ngles (Left). Two slices are formed after
reconstruction (by shifting and adding the projen8). The object is more visible in the planentdriest
while object at other height is blurred, causing thut-of-plane artifacts(Right). (Modified from HI0)

As seen from the figure, the circle object is #drin the slice when the star object is

clearly displayed and vice versa. The followingufie shows this out-of-plane artifacts

found in real reconstructed slices [33]:
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(a) (b)

Figure 4.6: Out-of-plane artifacts. (b) Planeinferest with the object (red arrow); (a) and (dicBs
that are located 4mm below and above the planetefést respectively. (Extracted from [33].)

From the figure, some low-contrast shadows are édrim other out-of-plane
slices. Some reconstruction algorithms may resulfewer out-of-plane artifacts.
Nevertheless, such noise should be catered for wdemigning a good detection
algorithm based on reconstructed slices. We waéifly introduce a method by Badea
et al. [103] for noise removal in DBT in Chapterwhen the microcalcification

detection algorithms in DBT is presented.
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Chapter 5

Datasets: Simulations, Phantoms, Real
DBT Datasets

In this thesis, we have experimented with a rangdatasets to develop and test our
ideas.

We begin with software-generated X-ray projectigeserated by a simulation
model. It is common in the medical imaging resea@mmunity to develop simulation
models. One reason is that the availability of degasets with confirmed lesions is
always limited e.g. because only a small percen{a@d®o -- 14,166 cases of cancer
diagnosed whei.8 million women agedt5 and over were screened 2008-2009 of
cancer cases in the mammography screening populdid®], or due to privacy issues.
Another reason is that the methods and algoritheveldped can be evaluated more
accurately using simulation models. In Section & Xeview of different simulation
models with breast microcalcifications is first dissed. Some models generate
microcalcification clusters on the basis of readtistics from mammograms and
superimpose the clustered microcalcifications omammographic background [107,
108]. The mammograms generated by these modetsviery similar to real ones, but
we cannot adopt such models, partly because trseneoi yet sufficient data for
reasonable statistical analysis. Other mod€19,[110] use algorithmic and software
approaches to simulate a 3D breast with microcestibns and produce synthetic
mammograms. One 3D model [109] is very comprelenand nearly fulfilled our
requirements. Unfortunately, it is too complex anay not be flexible enough in some
cases which, e.g. we may simply want a very simpbeckground; and the
microcalcification locations are randomly sampladhe current software version; but
what we need is a more flexible way in setting 3Repositions of microcalcifications.

The second model [110] has its own merits but i®nunately not applicable in our
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case, because the simulation is simply placed malanammographic background, but
we need the accurate 2D positions of microcaldifices on the projections taken at
different angles. There are two other models [IIP] which are more tailor-made to
simulate DBT projections at different angles, boed111] is too primitive while the
other [112] generates images from a biopsy specimenhich we cannot have an
accurate ground truth of 3D positions for our mathgcal derivation and verification.
We therefore developed our own simulation modelgemerate DBT projections
containing clustered microcalcifications and thisdal will be presented in detail in
Section 5.2. Our model helps ensure that the mahes of the methods to be
presented in Chapters 6, 9 and 10 is correct, hadthe subsequent algorithms are
correctly implemented.  Certainly, the projectiomse far simpler than real
mammograms; nevertheless, they enable the basis tddoe communicated.

In Section 5.3, a phantom procured from CIRS [148] be adopted. Our
model can only simulate a breast containing equaloumts of adipose and
fibroglandular tissues, which is sufficient for oderivation and development of the
epipolar curves approach (Chapter 6), with the yamalof geometric accuracy of 3D
positions of microcalcifications after reconstrocti(Chapter 9), and for our feasibility
study of the classification of microcalcificatiorlusters (Chapter 10), but is not
adequate to simulate a real breast. This phantonbeaised to assess the detectability
of various sized lesions within a tissue equivalectmplex and heterogeneous
background. This helps our analysis in the midmiteation detection in individual
projection to be discussed in Chapter 7.

Finally, a few real datasets, by courtesy of Dexafaited, a partner in the TSB
project which funded this research, will be introdd in Section 5.4, although, of
course, the ground truth is not (in general) abédla As a first taste, these real datasets
have been applied to demonstrate our concepts apaaetlthroughout Chapters 6-10,
and provide some promising initial results of ajppdy our proposed detection and

reconstruction algorithms in reality.
5.1 Literature Review

In this section, several simulation models for tdusd calcifications will be reviewed.
Most of the models discussed are designed for magrapby, so some are limited to
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two-dimensions [107, 108] (Section 5.1.1), thoubbkré are some three-dimensional
models [109, 110] (Section 5.1.2). Then, we revigwrototype which generates
simulated DBT projections without the use of X-raireectly for DBT analysis, with

the use of a phantom of clustered microcalcificaifl11] (Section 5.1.3). Finally, a
recently developed simulation model of microcatafions in breast tomosynthesis by

Shaheen et al. [112] (Section 5.1.4) is presented.

5.1.1 Two-dimensional Simulation Models

(a) A simulation model of clustered breast microdations

The simulation model developed by Lefebvre et a07] is a mathematical
model in which all the parameters are randomly dadhusing distribution laws
determined from a statistical analysis 4818 real clusters containing a total 8f611
microcalcifications. 10 parameters are required, relating to: (a) the ajlébeatures of
the cluster; (b) the features of individual microdeations; and (c) the gray level
values of the individual microcalcification. Soroé the parameters include; the
number of microcalcifications within the cluster giobal feature parameteny,, the
mean area of the microcalcifications within thestén (a size parameter for an
individual microcalcification); o, the standard deviation of the contrast of the
microcalcifications within the cluster (a contrgsirameter for the assignment of the
gray level values to the individual microcalcificat). Statistical analysis is performed
on the raw data4Q8 clusters,8,611 microclcifications). They computed the mean,
standard deviation, skewness, kurtosis, and mininamth maximum values of each
parameter. For example, the mean and the stamgardtion of the mean area of the
microcalcifications within the cluster, i.e. therpaetem,, is 17.5and5.7 respectively.
Then, statistical methods are used for the simarati A graphical display of the
distributions of the observations led them to used statistical distributions, namely,
Gaussian, logarithm of a Gaussian, and a gammabdisbn. For example, for the
parametem,, they assumed a logarithm of Gaussian proballgribution. For each
generation of a cluster, thE0 parameters are sampled using the distribution laws
previously observed. Finally, the clusters arenthsperimposed on a normal

mammographic background. The model was evaluatedaotest set 0f100
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mammograms with the help of two radiologists. Tiesults did not reveal any
statistically significant differences between tirawdated and the real clusters.

The model enables the generation of simulated magrems with
microcalcification clusters that appear similathose in real mammograms. This can
be used as an initial evaluation of the detectmrueacy of computerized methods. It is
also useful in cases in which a large number of magrams is required e.g. large scale
testing in microcalcification detection algorithmd-dowever, the appearance of the
simulated mammograms generated is strongly deperaenhe statistics of the real
datasets. The distribution law applied to eaclap&ter may not necessarily hold.

The simulation model is not applicable in our caderequires a huge dataset to
derive the statistics for the sampling. As DBTaisiew technology, the number of
datasets is limited and does not have accuratéstsiat Even if we try to use
mammographic data as an alternative, there arerdewof issues which need to be
resolved. Mammographic data can be used to gens@nhe parameters such as
number of microcalcifications in a cluster, but parameters such as mean contrast of
the microcalcifications within the cluster, becauttere are significant intensity
differences between a mammogram and a DBT projectiddoreover, we want a
simulation model to generate series of DBT progwj and to have the true 3D
positions of the clusters of microcalcifications feerification after the reconstruction

process.

(b) Comparison of real and computer-simulated ehest microcalcifications on digital
mammograms. ROC study.

The approach used by Lado et al. is similar to lhefe et al.’s in the way that
the parameters are determined on the correspondihges extracted from real
mammograms [108]. The number of datasets theyigdad fewer than Lefebvre et al.:
58 mammograms witlv4 real clusters of microcalcifications. The simidat model
involves the detection of real microcalcificationsing wavelet transform techniques,
feature analysis, creation of a binary image, assent of gray level values to the
pixels of the binary microclacification, and baosgnd correction. Similar to Lefebvre,
their model also consists of global parameters tbg.number of microcalcifications,

the mean area of the cluster, and individual pararsef each microcalcification e.g.
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the size and location within the clusters and therage gray level value. Instead of
statistical laws employed in generating the paramsetor the simulation model, the
global features are extracted from the real clussémg wavelet transform techniques.
The individual parameters are randomly sampled feowide set of values centered on
the corresponding values extracted from the mamamogr The average gray level
value is calculated from the contrast value ofrtherocalcification and the background,
and from the gray level value of the surroundingefs. Finally, instead of
superimposing simulated clustered microcalcifiaaioon a normal mammographic
background, the microcalcifications were superinggosn mammograms containing
real clusters of microcalcifications.

The simulation model described in this paper iss lespresentative than
Lefebvre’s, because the size of the dataset theg issmuch smaller and they did not
explain clearly how they sample the parameters.e model suffers from similar

problems as in Lefebvre’s and is not suitable inaase.

5.1.2 Three-dimensional Simulation Models

(a) A three-dimensional breast software phantormfammography simulation

Bliznakova et al. [109] present a three-dimensi@oahputer model of the breast.
The complete software breast phantom representsnglex aggregate of a breast
external shape, duct system, abnormalities, mamepbgr texture, Cooper’s ligaments
and pectoralis muscles. After all these elementsnaodelled, breast abnormalities
including microcalcifications are inserted to costplthe breast phantom.

They consider three basic shapes in simulating ao&cifications: round or
ovoid, elongated and irregular shape. The rourapeshs modelled as spheres and
ellipsoids with different radii and semi-axes vaugeing assigned. The elongated
shaped microcalcifications are simulated using lgorghm similar to the duct tree
generation. The irregular shape ones are repexsdnt 3D voxel matrices and are
generated using a 3-D random walk algorithm. Tieronalcification cluster is defined
by the cluster centre and the randomly sampled gnatintree branches and lobules.
The number of microcalcifications within a clusielassigned by the user. The position
of each microcalcification is represented by a gphecoordinate with reference to the
cluster center. A Gaussian distribution is assumetktermining the distance between
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the microcalcification and the cluster centre, #repolar and azimuthal angles for each
microcalcification are chosen randomly.

After the software breast phantom is built, itsisbjected to simulation of the
radiographic imaging process. In this simulatithe, 3D imaging mode allows angular
projections by rotating the source by the corredpanangle. Synthetic mammograms
of the modelled breast can then be produced dfteimtage acquisition parameters have
been assigned.

The comprehensive model enables 3D phantom modeaind visualization, as
well as generation of simulated X-ray projectionagas from different angle views.
However, the current version may not be flexiblewggh and may be too complex in
some situations e.g. we may simply want a very krbpckground. Also, the positions
of microcalcifications are currently randomly saegpbnd the implementation does not
allow input of the 3D positions of microcalcificatis which we require for the

development and testing in our approach.

(b) Algorithmic 3D simulation of breast calcificatis for digital mammography

Nappi et al. [110] presented a model which incluttes following parts: (1)
simulation of the X-ray image acquisition; (2) alffomic 3-D simulation of the
calcification particles of a specified type; (3)D3simulation of the breast structures
associated with the calcifications; (4) placing tbe calcifications onto a real or
simulated mammographic background.

Firstly, the X-ray image acquisition model is basad the principles of the
actual physical process. It consists of three aomepts: an X-ray field, a simulated
breast volume and a film plane. The simulateddirealume will later on contain the
microcalcification clusters. Next, specifically rfanicrocalcifications, they have
developed three principal methods for modellingibakation particles: irregular, ovoid
and elongated. Since the growth pattern of mokification clusters relates to the
location and shape of the breast structures, leegdiict network and the terminal ductal
lobular units, within which the calcification patfés appear, they have also performed
the modelling for breast structures and mammogcapaickground. The purpose of this
is simply to get a detailed simulation of 3D catation clusters in a more realistic

shape as in the breast. It is therefore not nacgs$s place the simulated duct network
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into the breast volume for imaging. Finally, thepmbined the 3D simulated
calcifications with mammographic background, by lgsia of the intensities and
contrast of calcifications and the surrounding lgaokind.

The model provides a way to put algorithmically 8ibhulated calcifications to
real mammographic data. This model is less detdi@n the previous model e.g.
modelling the composition of the breast and thegima acquisition geometry. The
consideration they have in building 3D clustergd®d as a reference, but this is not

applicable in our case.
5.1.3 Prototype for DBT Analysis

The prototype proposed by Fernandez et al. [11H v&ry simple one which
involves the use of a slide projector and a comrakavailable scanner. The phantom
contains semi-transparent elements and is pladeeebe the projector and the scanner.
A semi-transparent paper is put on top of the semas image plane. The set up is

shown in the following figure:
]

Rotation
ratio

Axis of rotation BHARTER ﬁ

Axis of rotation @@

DET planes
il 2
k‘\ ) Semi-tranS@e nt paper
Image Plane Scanner
(a) Tomosynthesis (b) Prototype (c) Phantom

Figure 5.1: The proposed prototype and the phambmicrocalcifications. (Modified from [111].)

They take different “projections” as the projectatates, similar to DBT.
Afterwards, they perform a shift-and-add algorithonreconstruct a 3D volume, as

shown in the following diagram:
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b) 80 degrees image with grid

110 El-egzre-a's ]mr:ge with gnd d) View of 30-cluster recanstruction

Figure 5.2: The simulated DBT projections and teeanstruction volume. (Extracted from [111].)

The prototype is good in the sense that it provides alternative to the
generation of DBT-like projections and is useful smme three dimensional analysis.
However, the model is very primitive in the senisattit does not consider biological
aspects such as the tissue constituents of thestprea the impacts of the X-ray
properties on different tissues and calcificationsThe image properties of the
projections produced cannot be compared with tigeserated by DBT e.g. the image
intensity and contrasts, as the images are onlgrgéed using a projector and a scanner.
We cannot apply it in investigating calcificatioretdction algorithms. Also, the
discussion of the generation of the clustered noadaifications phantom in the paper is
very brief. The size and the 3D positions of thieratalcifications in the phantom

seem not to be very accurate. It makes this ritdtda for our work.
5.1.4 Realistic Simulation of Microcalcifications in Breast Tomosynthesis [112]

One of the emphases in this approach is simulatbrthe morphologic
characteristics of microcalcifications accordingL#s Gal's classification [114], as the
shape of individual microcalcifications is one bktfeatures which can be used for
breast classification into malignant and benign.

There are3 steps in this simulation process. Firstly, a 3del of
microcalcifications is built using biopsy specimensontaining clusters of
microcalcifications with different Le Gal types aadnicro-CT scanner. The 3D model

is obtained after segmentation of the reconstruotemlo-CT images. Secondly, using
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this 3D model, a template is obtained after ragirg and modification according to the
corresponding DBT detector characteristics.  Fnalthis template containing
microcalcification clusters of different Le Gal B is inserted into real raw DBT
projection images of the biopsy specimen using al BBstem, Siemens Inspiration
TOMO.

The following figure shows some results of the \daited clusters against the

real ones of different Le Gal types:

Figure 5.3: Simulated vs Real clusters of microifiglations of different Le Gal types (Left to Righgpe
2 to 5). The simulated cluster is indicated byoars. (Extracted from [112].)

The simulation here is encouraging because iageth on the real shapes and
distributions of microcalcifications. As pointedtdy the authors, their verification of
the simulation procedure is performed in a simpbenbgeneous background. To
consider whether the simulation is really succdsgitther work is required in different
aspects such as insertion of the microcalcificatiaimder different anatomical
background, different breast glandularity, or iffatent positions into a breast.

The major characteristics of the model are that mhicrocalcifications are
modelled according to the Le Gal types, which ise oof the most common
classifications adopted in the research commuaitg, the use of real DBT projections.
However, the simulation is limited by the biopsesinens and the ground truth of the
3D positions of microcalcifications generated insthvay is not very exact, if not
unknown. It is also not flexible for us to generahicrocalcifications at designated

positions.

5.2 Simulation of DBT Projections with Clustered
Microcalcifications

In this section, we introduce a software-based Eitimn model which generates DBT
projections containing clustered microcalcificagson Our objective is to develop a
simulation model which allows X-ray projections gested at different angles and
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containing clusters of microcalcifications of diéat shapes at designated 3D positions.
For a study of mathematical derivation and analyhis tissue background needs to be
not too complex, a homogeneous background0&0 adipose to glandular tissue
composition is sufficient for our analysis of thpigolar curves approach. This can
easily be changed, if required.
The model consists of three parts: (1) generatibna othree-dimensional

calcification cluster matrix; (2) generation of DB3Jrojections by incorporating the
calcification matrix into a breast model in a horogous background; (3) addition of

noise in the simulated DBT projections.
5.2.1 Generation of a three-dimensional calcification clater matrix

The calcification cluster matrix is a three-dimemsil binary matrix, wher& indicates
the presence of a calcification. One matrix regpmés one calcification cluster
containingn individual calcifications. An individual calcifation, depending on its size,
may consist of a few neighbouring matrix elemeritke features we have considered to
date include: (a) shapes and size of individuatifieations; (b) distribution and
location of individual calcifications within theudters.
(a) Shapes and size of individual calcifications

Our model follows the calcification types definedtihe Le Gal classification, as the

types indicate the degree of malignancy of thedird@eases:

Type 1: Annular
The calcification of this type looks like a ringThe shape is formed by a thin
hollow cylinder (or torus).
Type 2: Regularly punctiform
The calcification of this type looks like a pointgphere given by” + y* + z2° < r?.
Type 3: Dusty
The calcification of this type is similar to TypeeXcept that = 1.
Type 4: Irregular punctiform
The shape is irregular. Given the size of theifiedtion, we start from the first

matrix element. For each element, there Z6eeighbour elements (except the
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boundary elements). The neighbours are then seleandomly until the number
of matrix element equals the size of the calcifarat

Type 5: Vermicular
Calcifications of this type resemble a worm. Fongdicity, we form4 types of
rectangular block of size: vertical, horizontal, tilted a45 degrees, tilted at35

degrees.

Different types of calcification shapes are gereztand shown as follows:

Type 1: Type 2: Type 3: Dusty Type 4: Type 5:
Annular Regularly Irregular Vermicular
Punctiform Punctiform

Figure 5.4: Calcification shapes according to Lel&alassification

(b) Distribution and location of individual calcificatis

We can assign the locations of individual calctilmas by deliberately choosing
some designated positions and set a valug iof those positions in the matrix for a
microcalcification. Otherwise, we can simulatentheccording to two breast conditions.
Benign breast conditions typically correspond ffudie clusters, while malignant breast
conditions tend to have curvilinear configurationgherefore, clusters of the two types
of distribution are simulated: diffuse and linear.

Each calcification is represented by a sphericardioate(r, 0, ¢), wherer is the
distance between the microcalcification and thetelucenter (the middle element of the
matrix), & andg is the polar angle and azimuthal angle with respethe cluster center
respectively.

For a diffuse distribution, we simply place theiindual calcification randomly in
the cluster. For a linear distribution, we busldinear equation forming the path of

possible locations of the calcification and theividlal calcification is then randomly

sampled along the path. (Note that the path igntbtated in the matrix. We simply
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use it for choosing the location of the calcificat) Clusters of microcalcifications

with different distribution configurations are showas follows:

Diffuse Linear

Figure 5.5: Calcification Distribution

The output of this step is a matrix of the sizeadfounding box of the cluster

divided by the resolution. For example, a bounding of size25 mm * 25 mm * 15

mm and a resolution 0.1 mm means a matrix @50 * 250 * 150elements.

element is eithet (microcalcification) o0 (non-microcalcification).

5.2.2 Generation of DBT projections

Each

Tromans has developed a comprehensive model ol Xrage formation [31]. This

model simulates the X-ray tube, ray tracing, thagereceptor, scattered radiation and

anti-scatter grid.

It generates X-ray projectioafier providing the

acquisition

B

parameters. An interface of the model is showthénfollowing figure:

X-Ray Equipment:
- Acquistion Typ

|iGE MEDICAL SYSTEMS - SENOGRAPH 2000D

HE S

® Conventional Projection Mammography
Single Focal Spot Position (mm from origin): x:

Tomographic Geometry:
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|z 650 | Pivet Point Height (mm from origin): |0

Target: [moLvBDENUM

:v.\ Primary Filter:

Tube Voltage (kvp): |28 E Exposure (mAs): | 100

|ilID_L;B_E:éNU!TfI 'v\ Focal Spot Size (mm): |l]_3_

~ Photon Output Calibratien

Output (MGy/mAs): |4842

| Exposure (mAs): |35

Measurement Focal Spot (mm from origin): x:

|z (650 | Pivot Point Height (mm from origin): ;-ES

Plate Present

Measurement Position {mm from origin): x: |95

ly: o |z |o

[%] simulate Scatter [¥| Grid | GILARDONI - Gridgil 36 Ip/cm 6:1

| ~| [[] compression Plate Present Compression Plate Height (mm):

~Image Receptor

() Film Screen

() Scintillator

(@ Direct
~Film Screen
Cassette: |z Calibration: ~|
Digitiser: Array Corporation - 2905HD Laser Film Digitiser ]
Scintillator - Direct
Equipment: GE MEDICAL SYSTEMS - SENOGRAPH 2000D |+ [PM369 01 Equipment: [ANRAD corporation (Analogic) - LMaM |+ |[2aY5x0010A |~|
Calibration: Calibration: |Manchester 03072008 =]

Width (mm): [171.36

| Height (mm): | 239.36

‘ Pixel Spacing (mm): bO?

| Cancel

i | Simulate Through Aperture | |

| Simulate

Figure 5.6:A screenshot of the X-ray Simulatioft&are developed by Tromans [31].

The acquisition parameters can be retrieved from s$lgstem by default

according to the X-ray equipment chosen or adjustedually through the interface.
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Users have a choice of either generating a singlmmmogram or multiple projections as
in DBT. For the latter case, a tomographic geoynistnecessary. The interface allows
users to specify the parameters for the X-ray tebg, the anode/filter materials, the
focal spot size, the tube voltage, the exposure By also have the option to simulate
scatter with or without an anti-scatter grid. Theay projections can then be simulated
as film-screen, or generated with a digital detecafter the image size and the pixel
spacing are given.

The model assumes a breast of box $@mm * 100mm * 60 mm and accepts
the calcification cluster matrix, the location atite size of the matrix in order to
generate the DBT projections with microcalcificaso One projection for each

calcification type has been extracted and is iatstd as follows:

Type 1:| Type 2:| Type 3: Dusty | Type 4:| Type 5:
Annular Regularly Irregular Vermicular
Punctiform Punctiform

(Note: Window/Level is performed for visualizatmurpose.)
Figure 5.7: DBT projection of calcifications withfi@érent shapes

Using this simulation model, we have generatedtaof&5 DBT projections
with a calcification cluster matrix of eight Typ2 microcalcifications in a linear
configuration. The dimensions of the bounding lmdxhe calcification cluster i25
mm * 25 mm * 15 mm with resolution .1 mm. In other words, the matrix contains
250 * 250 * 150elements.  The radius of each microcalcificai®fi.5 matrix units
and the microcalcification location is calculatethiarily using a simple parametric

functionf(t):
X =t;
f)=qy=t>+2t+1
z=t;
and choosind<t<8.

For visualization3 DBT projections are extracted as shown:

71



Chapter 5: Datasets Candy HO

Projection O Projection 7 Projection 14
[ cexE T £ER B —: DR
DBT
Projection
Focal Spot y: -208.49 y:1.73 y: 211.85
Position Z: 623.89 z: 660 Z: 622.68

(Note: The focal spot arrangement follows Dexetg@ing on 05/01/2007.)
Figure 5.8: Tomosynthesis projections of simulataltification cluster with linear configuration

5.2.3 Addition of noise in the simulated DBT projections

A major objective of microcalcification detectiofgarithms is to differentiate between
noise and microcalcifications, and to detect faimtrocalcifications. In order to

maximize the realism of the simulation so that BT projections contain noise, we
conducted a range of experiments to record theendistribution using a Hologic

mammography machine with a Lorad detector. A blotlpolymethyl methacrylate

(PMMA) was used and enclosed in lead, leaving emm diameter aligned pair of
apertures at the top and bottom, such that a ngsromary ray would pass through and
would be incident upon a prescribed position onithage receptor. Different tube
current values ranging frod2 mA to 325 mA at tube voltag@8 kVp were used and a
plot of standard deviation against he mean pixklesabtained from pixels in 2mm-

diameter circular region is shown:
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Figure 5.9: A plot of standard deviation againstanegixel value, showing results of noise distribotat
different values of tube current.

After the noise distribution was obtained, we addedb-mean additive Gaussian
noise using the standard deviation from the plotoam simulated images. One
projection of a linear cluster, simulating a malghone, before and after adding noise,

is shown:

Figure 5.10: Left: A noiseless projection showihg tinear malignant cluster; Right: The same
projection after adding noise.

5.2.4 Merits of our simulation model

In Section 5.1, we discussed several recent simolahodels. A very recent model
(Section 5.1.4) simulates DBT projections containolusters of microcalcifications
based on biopsy specimens. Their DBT projecti@rerated are very realistic. This is
a very good model to facilitate analysis of readisshapes and distribution of
microcalcifications. However, the simulation isited to those clusters in the biopsy
specimens and is not sufficiently flexible for us treate microcalcifications at
designated positions. On the other hand, our miedetally software-based. In theory,
infinite different shapes and distribution of micadcifications can be generated using
our model to fulfil any possible form in realityMore importantly, our model is based
on a mathematical and physical model of X-ray gati@m. This means that the ground
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truth information can be obtained, leading to octrrand accurate derivations and

calculations in terms of geometry, shape and Oigtion analysis.
5.3 Mammography BR3D Phantom

The DBT projections of our simulation model disagsn Section 5.2 are in a
homogeneous background, which simplifies our gedoattanalysis. However, real
DBT projections are formed from breasts of hetenegels breast tissues and different
breast glandularity. In order to facilitate ourabysis in the detection task, projections
in a complex and heterogeneous background are regfjui For this reason, our
laboratory acquired the CIRS Model 020 BR3D Mammapbly Phantom [113].

From the specification, the phantom consists sétaof6 slabs, each of which
has a unique swirl pattern, providing varying baokmd when arranged in multiple
combinations and thicknesses. One of@lsabs contain86 CaCQ specks of various
sizes ranged fror.13to 0.40mm, simulating microcalcifications. They are arratgn
circles according to their size & groups. The following figure shows an X-ray

projection of this phantom and the magnified viefnone of the groups o6 CaCQ

specks:

* SAR-BR3D-14mm-25KkV pHobo-WE-WBC-1.3.6.1.4.1.11023.1.4.8323329.3014.12721.... [C|[BIK]
91 40x229 i

Figure 5.11: Left: An X-ray projection of the Mamgnaphy BR3D Phantom; Right: A magnified view of
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a group of 6CaCQ specks
Using the projections of this phantom, we can destrate and evaluate the

microcalcification detection algorithms on a mowalistic background. More on

detection algorithms will be discussed in Chapter 7

5.4 Real DBT Datasets

To finally test the ideas presented in the follagvithapters, eight real DBT datasets

were obtained, from IMS by courtesy of Dexela Lexit

No Patient ID Histological Results
1 pP7 IDC + DCIS

2 P12 ILC + LCIS + DCIS
3 P13 IDC

4 P16 IDC

5 P17 IDC

6 P19 IDC+DCIS

7 P20 IDC

8 P24 IDC

(where IDC: Invasive/Infiltrating Ductal Carcinomalt.C: Invasive/Infiltrating Lobular Carcinomas;
DCIS: Ductal Carcinoma in Situ; LCIS: Lobular Caw@ma in Situ.)
Table 5.1: Real DBT datasets.

For each casd,3 DBT projections using an IMS DBT prototype machinere
generated in a CC mode. The geometry of the machilh be discussed in Chapter 6
when the epipolar curves approach is introduced.

The following is one of the examples froRatient 7 In this dataset, it is
obvious to see a number of calcifications underatimepit. One of the DBT projections
taken at angled.04 and the magnified region around the armpit arewshin the

following figure:
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L p7_RCC.dcmé.if (16.7%)
304 64x154 36 mm (3584x1816); 16-hit {inverting LUT); 12MB

B

p7_RCC.dem6
304 64154 36 mm (35851 816); 16-bit (nverting LUT), T2MB

Figure 5.12: Top: A real DBT projection; Bottom:mdagnified view under the armpit region showing a
number of bright white specks as microcalcificasion

The advantage of DBT is its 3D nature. By siripbking at the 2D projection
in the figures, it is impossible to imagine thel igtribution of the microcalcifications.
Here, we give the reader a glimpse and presentremanstruction outcomes of the
positions of the microcalcifications in this womamight breast, before we explain our
idea in later chapters, in the following figure the right (Left figure is used for

comparison.):
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Figure 5.13: Left: A region from one of the real DBrojections showing a number of bright white spot

Right: The reconstructed 3D positions after thepefair curves approach.

It can be seen that the spots are distributed 2ngpooups at different depths.

This shows that the reconstruction of microcaleificn clusters is feasible, making a

more accurate analysis on microcalcifications lier ¢arly detection of breast cancer.
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Chapter 6

Detection and Reconstruction of
Microcalcifications in DBT: an Epipolar
Curves Approach

Over the past two decades, many research groups dhewveloped microcalfication
detection algorithms, others have studied the m&coction of microcalcification
clusters. Due to the physical nature of the braadtthe limitations of mammography,
the detection results need further improvementtaedeconstruction outcomes are far
from satisfactory. By utilizing the multiple prajgons generated in DBT, in this
chapter we propose a new approach, called the Epi@urves Approach, to detect
microcalfications and reconstruct clusters, andgsghbently their classification.

Nearly all research groups working on DBT investig the algorithms to
reconstruct the 3D breast in the form of DBT slicesA new approach in
microcalcification detection using DBT slices caerefore be proposed, in addition to
enhancing existing detection algorithms on X-ragjgetions. We start this chapter
with a literature review on microcalcification detien in DBT. Our approach shares
some of the benefits of using projection viewsesearch groups that use this approach.
We explain the reasons why our approach uses piansdnstead of slices and give an
overview of our approach in Section 6.2.

Epipolar geometry is an important topic in 3D cargp vision or stereo-based
imaging [115-120]. 3D computer vision analyses t8iwinformation can be recovered
with two (or more) views of the same scene, infeyridepth information geometrically.
There are geometric relations between the 3D paridt the corresponding projection
points onto the 2D images, leading to constraietsvben the projection points. This is
called epipolar geometry. Given the imag the first view projected from a point X

in 3-space, an epipolar line associated with thetpocan be drawn in the second view.

78



Chapter 6: Epipolar Curves Approach Candy HO

This epipolar line determines where the image pwrinh the second view projected
from the same point X is. In our case, DBT gere=ranhultiple 2D microcalcification
projection points in each view from a cluster otrocalcification in the 3D breast and
one key task is to recover the cluster for subseigieeast cancer detection. DBT has
similarities to 3D computer vision. For this reaswe give a brief introduction to 3D
computer vision and epipolar geometry in Sectid 6.

Next in Section 6.4, we discuss the geometry offDBOur approach uses
coordinate systems: a world coordinate frame, asengor coordinate frame. With the
geometry and the coordinate frames defined, togethiéh the assumption that
microcalcification points are detected in each gebpn, the epipolar geometry will
then be applied to yield constraints in solving tberrespondence problem of
microcalcifications in each projection of DBT. Wpthe solution space of our
correspondence matching problem is reduced from(tB® whole image) to 1D (the
epipolar line). Furthermore, in DBT, there is ugua compression plate on top of the
breast. This limits the possible 3D positions led tnicrocalcification. With this, the
solution space in DBT can be further reduced, dde@ishown in Setion 6.5.

Nevertheless, the search space is still too laggpecially in situations where
there are too many projection points, either npisats or true microcalcification points,
in each DBT view. Also, there is no obvious waydtstinguish between the false and
the true ones. We will show that, given the DBBmgetry, the projection points from
all DBT views lie nearly on the same straight liwgh nearly constant spacing. We
have derived a curve of all the corresponding 2Bitmms in each DBT view from the
same 3D position. We call this an epipolar cubae analogy with stereovision. The
derivation will be given in detail in Section 6.6.

Now, given that each epipolar curve representsique microcalcification in
the breast, we demonstrate how our epipolar cuappsoach helps in typical situations
of breast containing n microcalcifications. By Bumang all the projection images
simultaneously and putting them in the same 2D dioate frame, we show in Section
6.7 that our approach finds all the correspondermmfesach microcalcification and
identifies noise points and missing points.

Ideally, if there aren DBT views, there will ben projection points lying on the

corresponding epipolar curve. Thesgoints represent the same microcalcification in
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the breast. So, if there anemicrocalcifications, then there will b&m points in the
same 2D coordinate system. Our next task therédaie cluster the*m points inton
groups, with each group containingpoints. We develop in Section 6.8 a clustering
method to perform this clustering task.

In Sections 6.3 to 6.8, we primarily use simuladathsets and the corresponding
DBT geometry to present our concepts. The chapteompleted in Section 6.9 by
showing our approach applied to a real DBT datgseierated on a prototype DBT
machine that has recently been announced commigreat which has a geometry that
is slightly different to that discussed in Sect@®8. In Section 6.8, we introduce one
clustering method to extract microcalcificatioria.this section, we also present another
method, based on the Hough transform, a featumaatidn technique which can help
identify lines in an image. We demonstrate howHloeigh transform can be applied to

our clustering task. The chapter ends with a amich and discussion section.

6.1 Literature Review

In this section, the literature on two differenpamaches (using slices or projections) is

reviewed.
6.1.1 Detection using DBT Slices

(a) Noise removal in tomosynthetic mammographicgimg

Badea et al. proposed a noise removal method usisg mask subtraction [103,
121] which is performed on the slices after recatston. The method generates a
noise-mask on the plane of interest from the naisy;of-focus planes. The selected
out-of-focus plane is projected for every tomogiapangle used onto the image
formation plane. Then, these projections are rsttoated and synthesize a blurred
image on the plane of interest. Now, the blur tvaginates from the selected noisy
plane appears on the plane of interest. This fahasnoise-mask. After subtraction,
the noise in the out-of-focus plane is removed.teBt@n can then take place on the

slices after the noise structures are removed.

(b) Noise model for microcalficiation detectionrgconstsructed tomosynthesis slices
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Similar to the noise model in mammography, Karssgme group has also
investigated a noise model for microcalcificatiategttion in reconstructed DBT slices
using the techniques of local contrast normalizatjt01]. The method, like that
developed for mammography, first involves calcolatiof the local contrast at each
pixel, which is obtained by subtracting a smootimdge from the original one, where
the smoothed image is generated by convolving tiginal image with a Gaussian
kernel. Then, the pixel values are divided intosbof fixed length. In each bin, the
mean and standard deviations of the local coni@ees are computed. Karssemeijer’s
group considers this local contrast as noise aedsthndard deviation of this local
contrast to be equivalent to the standard deviadiothe noise. For the detection of
microcalcifications, Karssemeijer's group uses atght local contrast valuesn,
calculated from the smoothed image using anothers§an kernel and values in the
neighbourhood. This local contrast featagas considered to be a feature for detection
without the noise model. To compare the resultsdetection with noise model
implemented, the group normalizes the local contfaature m by the standard
deviation of noise i.em =m /o(y,) whereo(y, )s the standard deviation of the noise
in pixel valuey;. The preliminary results suggest that image noeggends on the signal
and can be modelled. Detection performance cammipeoved with the use of the

estimated noise model.
6.1.2 Detection using DBT Projections

(a) Microcalfication detection in digital tomosyetis mammography

Instead of considering the noise in the slices, &l8reet al. have developed
another noise model based on the projection imEg. They generate calcification
residual images for each of the projection imaggsdmputing the quantum noise,
electronic noise and the tissue noise variancaelt pixel. The noisy estimate of the
calcification residuatD:n i(} B modelled as:

e, i) = Vo, 1) = b, ) Eqn. 6.1

where in simple terms;D/n i (j, 18 the projection andin i (j, s the low-pass filtered
projection obtained using a 2D Gaussian smoothienxed ofgln (,j), and the noisy

O
estimate of calcification residual i (, i3 the difference between the two.
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Then, the noisy estimate of the calcification raalds divided by the variance
of all the noise including quantum, electronic disdue noiserD:nG, j)/aéna, ]) where
ainﬂ, j) is the variance of the noise of théh projection which is estimated from the
projection data. (Readers may refer to [122] details of how the estimation is
performed.) Next, they calculate the vaIIID)eby making use of the calcification residual

of all N projections and the minimum variance estimator:

O N O N
D=[ZC”G’j)/UEnG,j)}/leaénG,j) Eqn. 6.2
n=l n=1

O
Finally, the valueD is thresholded for the detection of calcification.

(b) Automated detection of microcalfication clustdor digital breast tomosynthesis
using projection data only: A preliminary study

Reiser et al. have proposed a comprehensive datealgjorithm [123] which is
independent of the particular reconstruction atpan, and uses the projection views
only. Within this detection scheme, each projectimage is treated as a separate
mammogram and analyzed separately. A binary inmg@eeated for each projection
with sites corresponding to microcalcification calades set to one. All binary images
are backprojected into the breast volume. Invhlame, high intensity regions indicate
an increased likelihood for the presence of a mommfication. Calcification
candidates are identified in this feature volumeamalyzing the maximum-intensity
projection (MIP), which is formed by selecting thraximum intensity value along the
ray for each pixel. Thé, y, z)coordinates of each microcalcification candidat¢hie
feature volume are identified by finding the sliggh a pixel value equal to that in the

MIP image.
6.1.3 Discussion between the Two Approaches

To date, there is little clinical DBT data availaldnd almost all DBT machines have
been prototypes. As a result, the performancdldha studies on microcalcification
detection in DBT remains to be proven.

In the previous sections, we have reviewed a faeratures using either
approach. Regarding detection approach using DIEEss as DBT reconstruction
algorithms are still being developed and optimided, unavoidable that many artefacts
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cannot be removed, affecting the detection resulkis approach definitely requires
more research effort for more satisfactory outcomes

For the detection approaches using projection isage expected (as Reiser et
al. [123] admit in their paper) that the signalAmise ratio in the projection images may
be too low for the detection of subtle microcatmtions. It seems as if this approach
is not any better than the other approach. Howeret crucially, as we will show, the
microcalcification does not need to be detecteeviery projection image in order to be
detected in the point backprojection. In theirexgnce, a microcalcification that was
detected in eight projection images (amountingltoud75%) becomes conspicuous in
the point-backprojected image. This means th&t ot necessary to have a perfect
detection algorithm which can detect microcalctii@as in every single projection, but
only a good detection algorithm which can deteatrogalcifications in the majority of
projections. The weakness of the detection approaog projections i.e. poor signal-
to-noise ratio in each projection, can thereforecompensated by utilizing detection
information from other projections.

Furthermore, judged from the aspect of computatiefiéciency, approaches
using projection views should be computationallyrenefficient, because abodb

projections need to be analyzed for each breastr#ban, for exampld0-90slices.

6.2 Our Proposed Approach
6.2.1 Reasons for Using Projection Views

We propose a novel approach based on Epipolar €umed which is based on
projection images. There are many benefits togugiojection data over DBT slices:
Firstly, refer to the previous discussion, our aggh shares the advantages of
computational efficiency in processing projecti@talinstead of slices, and Reiser et al.
[123]'s experience that not a full set of projentiomages may be required in
discovering some microcalcifications (but at theneatime, our approach hopefully
improves, if not resolves, the issues encounteyeBédiser et al. about the detection on

subtle microcalcifications).
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In addition, the generation mechanism of projectroages in DBT is similar to
that in mammography. Detection algorithms in DBEd not be re-invented, rather the
algorithms can be similar to those used in mamnpdgravhich have been studied
extensively and thoroughly by many research grawes many years.

Furthermore, detection using slices is complicaiaede the artefacts are serious
in slices which are out-of-plane. This makes fficlilt to design suitable algorithms to
identify the microcalcifications which are only dinahite spots without having too
many false positives due to artefacts and noige dietection task) and determine the
correct slice (i.e. depth) of the microcalcificaiso (i.e reconstruction task). The
following figure shows the same region of a mictodation in a number of
projections and a few slices above or below thmedhat the microcalcifications are in-

plane:
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Figure 6.1: Left: Projections 4,5,6,7 and 8 of &racalcification; Right: Slices 15,20,21,22 and @b
the same microcalcification

From the figure, we can see that microcalcificaiitetection using slices seems
more complicated and requires more intelligencen tdaing the same task with
projection images. For example, in slidésand25, the white blocks are the artefacts
of the microcalcification caused by reconstructioDetection algorithms that use slices
are required to overcome these issues. Also, wmatadetermine the depth of
microcalcification (e.g. whether the center of ragalcification is at @, 21, 22 or 19,
23 which are not shown here) as well.

Hence, with all these benefits from projection datal foreseeable simpler

detection algorithms, we have adopted an approsicig projection data.
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6.2.2 Overview of Our Proposed Approach

The flow chart of our proposed approach of CAD iBTDis shown as follows, and is

developed over this and the following chapters:

DBET
Acquisition
Zeometry

DBET
Frojection n

DBET
Frojection 0

DBET
Frojection 1

Detection in Individual DET Projections
{e.q. borrow from existing detection algorithms in mammography)
[Chapter 7)

)

Epipolar analysis and epipolar clustering
[Chapter 6)

i i !

Epipolar Curves
Approach |:
Adaptive approach

in microcalcification

Epipolar Curves
Approach II:
Eelief propagation
for microcalcification

Epipolar Curves
Approach llI:
Reconstruction of

detection in " detection in DET Microcalcification

individual DET [Chapter 8) Clusters in DET
Projections (Chapter 9)
(Chapter 7)

¥

Classification of
Microcalcification
Clusters
inDBT
(Chapter 10)

Figure 6.2: Flow Chart of the proposed approactC#D in DBT
Our approach utilizes both the DBT acquisition getm and the individual

DBT projections. Using both inputs, we start witle detection in individual DBT
projections. As DBT projections are generated invexy similar way as in
mammography and many readily available algorithnaseh been developed for
mammography e.g. corner detectors, image filtersaete natural approach is to adopt
such algorithms (albeit with minor modificationsg.ethresholds setting) in DBT.
(Since the detection algorithms in single X-rayjpctions have been studied for a long
time, we postpone discussion of such algorithnthémnext chapter.)

For the moment, assume that we have detected ralciication candidates in

each projection; we now develop epipolar analysisl @pipolar clustering. By
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combining results from each projection, and with tise of the acquisition geometry,
we derive the trajectory of projection points cepending to the same
microcalcification in the breast. This helps uwdfthe corresponding projection points,
isolate noise points, identify missing points amdvde a more accurate means of 3D
reconstruction of microcalcification clusters. \Waroduce the core idea in the
following sections. Also, one clustering algorithosing the Hough transform, will
also be presented to illustrate one way in findohgsters of 2D projection points
representing one same microcalcification in theste

With this in hand, a number of extensions are dlesdr which further improve
the detection and reconstruction results. Therg Ioeacertain subtle microcalcification
points missing during detection individually in semrojections. We show that we can
adaptively change e.qg. the thresholds, in the tletealgorithm, which is applied to the
predicted positions in those failed projectionshisTcan improve our confidence in
believing some points belong to true microcalciimas. This adaptive approach will
be presented together with the review of existimgection algorithms in the next
chapter.

Another extension of our approach is a novel detedilgorithm combining all
individual projections detection results in DBT téaf adaptive detection for better
performance optionally), with Markov random fieldsd belief propagation. Not only
does the algorithm detect microcalcification caatkg in individual projections, it can
also estimate the depths of the suspected micricatons in the breast. This
algorithm will be introduced in more detail in Chep8.

Having at least two corresponding points, we caentheconstruct the 3D
positions of the microcalcification in the breastsing our epipolar curve approach, we
can immediately compute the 3D positions of therowalcifications. Some real
reconstruction results will also be shown in Chapte

Now, with the 3D positions available, we can furtlamalyze the shape and
distribution of microcalcification clusters to attaour ultimate goal of classification of
the breast into malignant and benign. In Chapdemie will present a feasibility study
in classification in DBT. This illustrates its f&hility and completes our CAD in DBT
study at present. As soon as more clinical datarnes available, further analysis will

be possible. This will then improve the accuratglassification results.
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6.3 3D Computer Vision and Epipolar Geometry

Epipolar geometry plays a fundamental role in tbeespondence problem in stereo

vision, in the way that the epipolar constraintueek the search space of corresponding

points from two-dimensions to one-dimension inetematching between two views.
A

Epipolar
7 Lines —

_Epipoles

Baseline R

Figure 6.3:Epipolar Geometry (Extracted from [120]
Figure 6.3demonstrates the concept of epipolar geometry][1BOthis figure,
it shows two cameras indicated by two centers L Bndnd the image planes. The
object A produces the projectiomas andar in the two views. The correspondence
problem is that given the poiat, we need to findar from the right image. At first
sight, the answer lies within a 2D search spaagtuRately, the poirdr can only lie on
a line passing througk andag. We call this line the epipolar line af. It is sufficient
to search just this 1D epipolar line fag. Similarly, if ar is given, the correspondence
of ag can be found in the epipolar limga,. In the figure, the plane ALR is called the
epipolar plane and the epipolar lingsy anderar are the intersections of the epipolar
plane with the left and right image planes respebti The epipolar constraint reduces
searches from 2D to 1D. Hence, the correspondaatehing process can be faster and

fewer incorrect correspondences will be found assérarch space is now smaller.
6.4 Geometry of DBT: An Initial Example

As an initial example, we have assumed the DBT iadgpn system has a partial iso-
centric motion, in which the detector is stationangl the X-ray tube rotates about some
point of rotation. (Note, however, that the geamesed here is for illustrative purpose

only. The concept presented in this chapter caadlapted to any DBT geometry.)
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Jo(Dsin 8,,0,—D cos8,)"

f; (Dsin@, 0,~-Dcos8,)”

Figure 6.4:An example of the geometry of DBT.

Figure 6.4shows the geometry: the image detector plgnehe pivot pointP
about which the X-ray tube lever arm rotates, thealf spotf, (central projection, i.e.
g, =0°) and another focal spat when the X-ray tube lever arm rotates &y Note
that the length of rotation arm is of lenddhmm and thaP is located. mm above the
image detector.

We define the pivot poin® as the origin of the world coordinate franvgred
arrows). For simplicity, we assume that the liomipg the focal spot, to the pivot
point P is orthogonal to the image detector and intersbetsletector & We use the
right hand rule for the world coordinate frame. eTibcal spot position is related to the
angle in which the X-ray tube lever arm rotatefie Toordinates of each focal spah
the world coordinate frame ar®sing 0-Dcosg)" if it is € away from the pivot.
(Note that as usual a superscript distinguishechvhoordinate frame we are using.)
We place the origin of the sensor coordinate frarfggeen arrows)),, at the upper left
corner of the image detector. The pds u mm andv mm away from the origim, in
thex andy directions respectively, so has coordingie)®. We can relate the sensor
frame coordinates to world frame coordinates dsttéagwardly  by:

(xy0° o (x-uy-v,L)".
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6.5 Epipolar Geometry on DBT

After introducing the DBT geometry, we derive th@ipwlar lines which the
corresponding projection of other views may lie oWe will also put an extra

constraint specific to DBT to limit searches.

6.5.1 Derivation of the Epipolar Lines in DBT

Figure 6.5: Epipolar geometry on digital breastrtosynthesis

Consider a microcalcificatioM in the 3D breast. In the figurey andm; are the
projections of the microcalcification by focal spptand f; respectively. Applying
epipolar geometry in DBT, we derive the followinigservations:

1. The image pointsn andm,, space pointM, and the focal spots, and f; are
coplanar. Denote this plane by

2. The planer is determined by the baselirfef; and the ray defined by,. The
plane containing the baseline is the epipolar plane

3. The ray corresponding to the pomf lies in planer. This implies that the point,
lies on the line of intersectida (the red line in the figure) between the planand
the image plane (the detector). The line of irgetionl. between the epipolar plane
and the image plane is called the epipolar line.

4. In DBT, image planes fom andm; are the same (the detector). This means that the
epipolar line of the second view correspondingh®itmage point in the first view is
the same line as the epipolar line of the firstwarresponding to the image point
in the second view.

5. The epipolee is the point of intersection of the line joininget baselinef; f; with
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the image plane (the detector). In other wordss the intersection between the

baselinef; f;and the epipolar link.

Now, suppose that the projectiomy has sensor coordinateg ,y,0)° Ii.e.
(% —uy, -v,L)"in the world coordinate frame. We also hawe(Dsing 0,-Dcosg )"
and f;=(Dsing, 0,-Dcosg;)". As noted above, the epipolar line is the intetiea of the
plane defined by {;, f;, m} and the detector plane i.e=L (in the world coordinate

frame).

Applying the scalar triple product, the equatiornha plane passing through tBgoints

{fi, f;, m}is

X=X +U y-y, tv z-L
Dsing —-x, +u  v-y; -Dcosg -L |=0
Dsingj-x +u v-y, —Decosd; -L

Solving this and putting =L, we get the epipolar line in world coordinates:
G +6;  0,-6
(X+u=x)(v-y; )sin > sin > )+

g +0,

. . : G -0 6+6;, . 6 -6,
(y+v-y)(Dsin( - j)+(u—x )2sin sin > +2L(cos > sin > ) =0

Converting to sensor coordinates, we get:

I N
(X=%)(v-y; )Xsin 2 sin 5 )+
PR G +8;, . 6-6, 6+6; 6-6, Eqn. 6.3
(Y= ¥i)(Dsin( = j) +(u=x )2sin > sin 5 +2L(cos 5 sin 5 ) =0

Now, given a projectiom, (x,y;,0)° by focal spot,, we know that the corresponding

projection by focal spot; must lie on the epipolar lineEqgn. 6.3)
6.5.2 Further constraints on the Epipolar Line

As noted above, correspondence matching is reduced2D (the whole image) taD
(the epipolar line). The solution space can béh&rrreduced in our DBT situation.

Consider the following figure:
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Myound

Figure 6.6: Further constraint on the solution spaof our correspondence matching problem.
In the figure, we show the top compression plat&iven a projection
m (x,y;,0)° by a focal spot;, the possibl&8D location of the microcalcificatioM is
within T (top compression plate) amd Following the geometry, this means that the
possible solution space is within,,,, andm, a line segment of the epipolar line found
in the previous section.
The following figures show the results of the epgpdine segment drawn on

other DBT views given a projection on a view usouwy simulated projections:

O

Figure 6.7: Epipolar line segment. Projectiondreircle) on DBT view 7 () (Left). Epipolar line
segment drawn on view 0 (-19°p8Middle). Epipolar line segment drawn on view(15.98°) (Right).

The results show that the corresponding projegbimints in other views indeed

lie on the corresponding epipolar line segmentsmia projection point in one view.
6.5.3 Multiple DBT Views

To extend the concept of epipolar geometry in twenvg, one may think that more
constraints can be employed using multiple vieWe have investigated and looked for
the corresponding epipolar lines in multiple viewldowever, due to the geometry of

DBT that there is only a slight difference in tleedl spot positions, the corresponding
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epipolar lines are nearly overlapping. The resaoftsising multiple views in this case
are not satisfactory for our purpose. On the roti@and, we have derived an epipolar
curve, a curve of projection points of a 3D poiahgrated by corresponding focal spot
positions. In other words, instead of the 1D deamace, we now formulate the exact
2D position of the projection points given the 3@spion. Of course, we do not know
the 3D position in reality, but this formulationvgs us a way to solve the

correspondence problem, which will be discussdtiencoming sections.
6.6 Epipolar Curves: Its Derivation

In the hypothesised DBT geometry, the 2D projectpmints are related to the 3D
position of a microcalcificatiorM (a, b, c) and the focal spot position (which is
represented by the angléhrough which the X-ray tube lever arm rotates\)e derive
the equations of the projection points given a 8Bifion of microcalcificatiorM at (a,

b, ¢)" andg .

The line that containfs , M is given by (in world coordinates):

0 a
gi:f0+)l(M—f0): O |[+A] b Ean. 6.4
-D c+D gn. 6.

This line intersects the sensor plazie= Lwheni :%. Inserting this value

into the above equation:

Eqgn. 6.5

Now consider projection points from equal and ojgeo®cal pointsf,,, f_,. It

is straightforward to show that:
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Dsing, +[Lcoseij(a—Dsin0i)+u
5 = c+Dcosf,
" o L+Dcosd |
c+Dcosg
- Egn. 6.6
—-Dsing, +(%§g§§](a+ Dsing)+u
x5 = i
' o L+Dcoss |
c+ DcosG,

After further simplification, for the focal spots 8 and 4, the 2D coordinates

in the sensor coordinate frame are given by théovesS andx® given(a, b, c)" as

follows:
I L+ Dcos8 |
— " |+u )
s c+Dcosg Dsing |c-L s s
Xy = t— =W +U;
L + Dcosg, c+Dcosg | O
b ————F|+v
c+ Dcosg,
- Z Eqgn. 6.7
L + Dcosg,
—— L |+u )
s c+ Dcosg Dsing |c-L s s
X5 = T i = Wi U
L+ Dcosé v c+Dcost | O
c+ Dcos,

Egn. 6.8is the epipolar curve da, b, ¢)”. An example ofl6 simulated DBT
projection points lying on an epipolar curve iswhan Figure 6.8 The intersection of
any two points on the epipolar curve with the cgpanding 3D positions of the focal

spot generating the X-rays is the 3D position efrficrocalcification in the breast.
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Figure 6.8: An example of an epipolar curve represgy a microcalcification

6.7 Benefits of the Epipolar Curves Approach

In this section, we show how our approach helpsestihe correspondence problem.

We begin through the use of an example. The folgwiigure show2 DBT views

taken at different focal spot positions of the seaimeulated breast containing a diffuse

cluster of12 microcalcifications (benign) and a linear clustérl5 microcalcifications

(malignant). For simplicity, the linear cluster b4 microcalcifications (out ol5) are

magnified and shown here:
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tom Tomo 9. dem (400%)
2 mm (3328x4036), 16-biL 26ME

Figure 6.9: Two DBT views at different angles obgal from the same simulated breast, magnified avith
curvilinear cluster of 14 microcalcifications. 1tef0.16. Right: 5.5.

Our aim is to find the correspondences of the nelmfications highlighted in
red circles between the views as shown in the éiguiWe first use the epipolar
geometry to address correspondence, and then weeisdishow our approach can
improve the sensitivity and specificity of microcification detection. We also briefly

mention other benefits of our approach at the drhi section.
6.7.1 Solving the Correspondence Problem

In the previous section, the derivation of an el@ipacurve was presented. To

emphasize it, we explain it pictorially here:
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Figure 6.10: An epipolar curve representing a maateification
Now, if one microcalcification is represented byea@pipolar curve, how aboRf

3, 4, ..., or 10... or n microcalcifications? EvidentlylO microcalcifications will be
represented b%0 epipolar curves:
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Figure 6.11: An example of 10 epipolar curves reprding a cluster of 10 microcalcifications in the
ideal case (One red ellipse represents one micaifedtion)

So, we observe that by putting all the detectedraoglcifications in all
projections in the same 2D coordinate system, we ioanediately determine the

correspondences. Note that the projection pointonging to the same

microcalcification automatically form a clusterNdte the use of “cluster” here. It

refers to the group of projection points.)

The correspondence solution to our example is fiieretraightforward:
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Combining the linear cluster and the diffuse cluster in the same coordinate plane of
2 DBT Views (T and 8) [Lecation extracted from intensity image) (Ground Truth)

180
170
160

#+ tomo¥ (malignant)

E.
150 B tomod (maglinant)
140 temo7 (benign)
tomod (benign)
130 %
ke
120
11':' T T T T T
a5 65 75 85 95 105 115

Figure 6.12: All projection points extracted fronDBT views in the same 2D coordinate system.
We put all the extracted projections onto the s&@bDecoordinate system as
shown inFigure 6.12 For better visualization, we only sha®vDBT views. The
projection points of DBT view and8 showing linear cluster df5 microcalcifications
(malignant) appear at the lower right hand cornerthe figure. This is our
correspondence solution. With this figure of 2mbnate system, we can easily tell

the rresponding projection poi n DBT vié\ﬂnd

EIEx dem (400%)

L Calcl )

Figure 6.13:The correspondence answer of two DBWsiat different angles obtained from the same
simulated breast, magnified with a curvilinearstler of 14 microcalcifications. Left: -0.16Right: 5.5.

With the help of our epipolar curves approach, cbeespondence problem is

straightforward. This can be further highlightgdidmth circlest in the figure. Without
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our approach, it may not be noticed at the firstance that they correspond to each

other from their 2D positions. With our approacie, can give the correct answer.

6.7.2 Identify Noise Points

Our epipolar curve approach automatically distisggs noise points from
microcalcification points, based on the assumptiwat noise is usually random. In
Section 6.5.1, we mentioned that microcalcificatppnjection points coming from the
same microcalcification form a cluster of projentipoints. It is unlikely that noise
points are detected in the majority of DBT viewslsthat it forms a cluster like a true
microcalcification. On the other hand, noise poiate more likely to be isolated points

when they are viewed in the 2D coordinate systdime following figure shows such a

scenario.
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Figure 6.14: An example of 10 epipolar curves reprding a cluster of 10 microcalcifications withise
points highlighted as red circle
From the figure, it is very likely that the is@dtpoints are noise, while the other
points come from true microcalcifications. Thisduees the false positives and
improves the specificity of microcalcification deten. This is a benefit of DBT that

seems not to have been noted previously.
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6.7.3 Identify Missing Points

In addition to reducing noise, another goal of emgrocalcification detection algorithm
is to find as many true microcalcifications as plases We know from Section 6.7.1
that true microcalcification projection points awatically form a cluster in an orderly
fashion if they come from the same microcalcificati Hence, it is easy to visualize
from our epipolar curves approach where there shbalmicrocalcification projection

points:
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Figure 6.15: An example of 10 epipolar curves repréing a cluster of 10 microcalcifications wittdre
arrows showing some points are missed in some ¢iiojes.

From the figure, it is likely that the locationgdinated by the red arrows should
contain microcalcification projection points fromet corresponding DBT views. This
improves the sensitivity in detection in individyabjections.  Although this may not
directly help us find a microcalcification, as att@rresponding points have already
given us the information, this helps us in furthevestigation on the detection
algorithms and looks for why this missing poinnet detected and subsequently helps

refine the algorithms.
6.7.4 Other Benefits

Epipolar curves provide a new perspective in DB3eegch. In addition to the detection

improvement mentioned and to be discussed in Chapéad 8, we are now ready to
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reconstruct the microcalcification clusters (todcussed in Chapter 9). Moreover, the
approach further helps registration and convenB&T reconstruction (reconstruction
of the whole breast). By extending the conceptsitgply a normal 3D point, we can
add constraints based on our epipolar curves dueggstration and reconstruction,

improving the outcomes (for future work).

6.8 Clustering Methods for the Extraction of Microcalcifications
Using Epipolar Curves

To automate the process of detecting microcaldiboa using epipolar curves,
clustering algorithms are required to group poiioisnd in the individual projection
images into epipolar curves, alternatively rejegtthem as noise. There are many
different possible algorithms to serve this purpo¥ée have developed two such. One
is the application of the Hough transform, a featextraction technique which can help
identify lines in an image. We discuss the Houglmgform in the next section. In this
section, another algorithm is applied. This isduse this algorithm highlights the
necessary considerations when designing such aeghg algorithm, so that better
algorithms can be designed and developed in futased on these observations and

considerations.
6.8.1 Background Information

Recall that the first step in the detection processshe application of a detection
algorithm to each of the individual projection ineagin order to identify candidate
microcalcifications, similar to the methodology &pg in mammography, except now
that we apply the detection algorithms to multipl®jections. Of course, the poor
signal-to-noise ratio of the individual projectiamages means that some of the
candidates will turn out to be noise points, argljadly, some microcalcifications may
be missed in some views. Either way, the inpuh&clustering algorithm is a list of
the 2D positions of all the microcalcification céhates. The output of the clustering
algorithm is the set of clusters of 2D points, eattwhich corresponds either to an
epipolar curve (hence a microcalcification trackeer most of the projections) or is

identified as a noise point. The algorithm alsgigates those microcalcifications that
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have been missed in which (small number of) views.also indicates the likely
positions in the projection images, potentially ldimay a subsequent application of the
detection algorithm with adapted parameters, ssdbaal thresholds.

In the initial test reported in this Chapter, inler to evaluate our method against
ground truth, we used the X-ray simulation softwdexeloped by Tromans [31] to
generate simulated DBT views of a cluster contgrii spherical microcalcifications
with radii ranging from0.0355t0 0.075mm and lying in a curvilinear arrangement (to
simulate a ductal set, to which we return in arlateapter). Statistical noise of the
amount expected with current detectors in each isitigim image is added to better
simulate reality. As a demonstration, we sele¢hedmiddle7 DBT views out of the
total 15 views, taken at angle8.65, -5.8T, -2.99, -0.16, 2.67, 5.5, 8.33 (we refer
to these as tomo4, tomo5, tomo6, tomo7, tomo8, &rtemol0 respectively). Note
that the angles used follow a plausible DBT actjoisi geometry. We have
deliberately chosen one of the simplest detectitgordhms, namely a top hat
transformation, which effectively equates microdaations with small, locally bright
points, and is expected to miss fainter microciations [124].

In our plausible DBT acquisition system, D660 mm, L =40 mm,u = 143.36
mm, v = 232.96 mm and detector resolution 07 mm. We have also used these
settings in the demonstration. Also, in this exeEmnghex-, y- coordinates are directly
obtained from the projections and the coordinaten& used is the one used by the
simulated software. A coordinate frame transforomais applied to transform it to our
sensor coordinate frame used in the derivationhef épipolar curve. Here, for-
coordinate, we mean the transformation of2Heelement inEqn. 6.7 for y-coordinate,

we mean the transformation of thi@element inEqn. 6.7
6.8.2 Observations

Our clustering technique is based on the followaigervations, which would have

analogues in any similar acquisition geometry:

1. Eqgn. 6.7implies that the DBT views generated from equal dpposite directions
(8 and 4) will have the same value in one of the coordisatBy assigning
typical values used in DBT into the variables ie #guation, this implies that tlke
values from th& projections are nearly equal.
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2.

The values in the other axes will follow a specticler with respect to the angles
taken to generate the DBT views. In this caseytha&lues are in descending order
with respect to the angles taken to generate th€ d&ws and the differences jn
values between neighbouring projections are vergilai for the same
microcalcification.

Due to the sizes of the microcalcifications and ¥ieving angles, the number of
projection points for each microcalcifications aapd in each DBT view are
different.

Since noise is assumed to be random and is statigaherated randomly, it is
expected that a noise point in a projection appea single point.

The superimposition problem in mammography imptiest one projection point
may be generated fro@ or more microcalcifications in the breast. Howevhis
situation is unlikely in all but a minority of DBVWiews, due to different acquisition
angles and differences in the 3D positions of the&ranalcifications. In
Observatior2, we mentioned that the differencesyimalues between neighbouring
projections are very similar for the same microdalation. For different

microcalcifications at different 3D positions, thdifferences” varies.

6.8.3 Clustering Steps

Taking account of the above observations, our etugy method comprisdssteps:

1.

Sort all the points in ascending orderxofalues and descending orderyofalues.
(Observationg, 2

Classify the points into noise points and into groof same values.

If only one point has a particulatr value, label this point as a noise point.
(Observatior)

Assign points having samevalues into same group. (Observatign

Determine noise points within a group. The noieafs are those points whoge
values do not follow the specific order with redpecthe angles. (ObservatioRs
Combine groups witkx andy values within a preset range into a cluster. THis
because a microcalcification can be larger than pnhel in a projection.

(ObservatiorB)
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6a. Check each cluster and see whether it shaulgplit due to projection points
being too close together but actually they are ogmifrom different
microcalcifications. (c.f. superimposition problenm mammography or
microcalcifications in the breast are being tosselto each other.) (Observatidn
5)

6b. Recheck the noise points. If they are withipreset distance from a cluster,
include it in the cluster. One cluster corresporidsone microcalcification.

(ObservatiorB)
6.8.4 Results

Figure 6.16shows the ground truth of all the projection psiot15 microcalcifications
from 7 DBT views obtained visually and manually. We hagsigned a numbérto 15
to each microcalcification for identification. Tlnguts of our clustering technique are

points detected by top hat in each DBT view.

Ground Truth of 7 DBT Views

140
135
= tomo4
130 = tomo5
E + tomo6
E 125 m tomo7
> tomod
120 x* tomo9
+tomo10

115

110 T T T T T T T
96 98 100 102 104 106 108 110 112

X (mm)

Figure 6.16: Ground truth of all the projection mts of 15 microcalcifications from 7 DBT views
obtained visually and manually. (Note: Some miglcifications cannot even be visualized by human
eyes in tomo4 (microcalcification 1), tomo5 (mi@atwifications 4, 13) and tomo10 (microcalcificatid)
due to limitations in acquisition.)

The detection results by top hat in each individd@8IT view are recorded imable 6.1
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DBT view Microcalcification No. of No. of noise points
detected microcalcifications detected
detected in each view
tomo4 2,6,7,8,9,12,14,15 8 2
tomo5 1,2,5,6,7,8,9,11,12,14,15 11 4
tomo6 2,5,6,7,8,9,10,12,14,16 10 1
tomo7 2,7,8,9,11,12,13,14,1% 9 5
tomo8 2,3,5,6,7,8,9,11,12,15 10 7
tomo9 2,3,7,8,9,10,11,15 8 1
tomol0 2,7,8,9,11,12,14,15 8 0
Max no. detected: 11 Total
(3 views: 13
7 views: 20)

Table 6.1. Detection results of individual projeos (tomo4 to tomo10) using top hat transformation

To assess the effects of using different numb&mBT views, we applied our clustering

algorithm using3 and 7 DBT views. The detection results are shown graglyidn

Figure 6.17
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Results of Microcalcification Detection Using 3 DBT Views
140
135 1
130 +
T ¢ tomo6
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Results of Microcalcification Detection Using 7 DBT Views
140 -
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Figure 6.17: Detection results using epipolar ciesveop: 3 views; Bottom: 7 views. (Red EllipSese
Positives; No Ellipse: True Negatives; Black ElépsFalse Positives; Green/Blue Ellipses: False
Negatives; Dotted Red Ellipses: True Positives/E&ggatives (depends on implementation.)

and are summarized frable 6.2
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No. of True True False False Uncertain
Views Positives Negatives | Positives| Negatives| (counted as
used (out of 15 (counted as | (counted| (out of 15 no. of
microcalc.) isolated as no. of| microcalc.)| clusters)
(counted as points) clusters)| (counted
no. of clusters) as
no. of
clusters)
3 8 11 0 5 2
(2,7,8,9, 11, 12, 1, 3, 4, (5, 6)
14, 15) 10, 13)
7 12 18 1 3 0
(2,3,5,6,7,8,09, (1, 4, 13)
10, 11, 12, 14, 15)

" refers to the microcalcifications.

Table 6.2. Detection results of using epipolaneuapproach. (The effects of using different fi@iewvs
are also shown.)

The algorithm is explained pictorially by magnifgithe detection results using

7 DBT views figure 6.17b0tton) in Figure 6.18

Step 2(a). noise
* Step 2(b). Same x

valles, same group 6

Step 2 Determine noise
points within a group

Step 4 Combine several

Aroups 1 one group +—Ctep 5 Splitinte 2 groups L
{The ground truth is the N Sten & Thisis
projection points of conzidéred -
microcalcifications 7 and N ———
10in DET view no. 5 are becausegthwswg
very close. cf e only paint
superimposition problem in 15 ithet i
mammmography.) but now it isin ‘
the cluster
3
Figure 6.18: Explanation of the clustering algorithstep-by-step pictorially (Extracted from Fig@éd7
Bottom).

It can be seen that the epipolar curves can greaflyove the detection process.
Most of the noise points (false positives) can rtyebe distinguished. If we use more
views (7 in this example), the results are better thanghonsany individual projection.
We can detect2 microcalcifications using views while at most 1 microcalcifications

are detected in any single projection. In addijtibtells us which points are missing in
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the view by looking at the clusters. This allovgsta adapt our detection algorithms for

better results.
6.9 Application of the Epipolar Curves Approach: A Real Example

In this section, we demonstrate the use of ourad@ipcurves approach in a real DBT

projection image set.
6.9.1 A Real DBT Projection Image Set

We have obtained a real image set showing a regfianbreast containing a number of
bright white spots which are possibly microcalations. In this study, we have

extracted these bright white spots for analysignagnified view is shown here:

L p7_RCC.dem6. dem (150%)
3046415436 mm (3584x18716); 16-hit (inverting LUT); 12ME

B

Figure 6.19: A magnified view o one of the 13 péahy projection images taken at -0.04®ntaining a
number of bright white spots.

6.9.2 Geometry of DBT Prototype Machine

The geometry of the commercial prototype machinedu® generate the DBT set is
almost the same as the one mentioned in SectiorexXcépt that there is an offset in the
y-direction of the world coordinate frame defineflflee source position from the plane
containing the pivot point, the origin of the worddordinate frame. It is presented as

follows:
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source at 0 deg. fy (Dsingy -y, -Dcos By

Dsinb i D-Dcosg,

(J-\
S~ source at §; deg. f, (Dsing,,-yy;,-Dcos G

P=Crigin (0,0,0}* \'/xw-

Figure 6.20: Geometry of DBT prototype machine.

Some points regarding the geometry are highlighted:

1.
2.
3.

X-ray tube moves in the play = yuf = 5.95mm.

2" is orthogonal to the image plane and is pointiogmvard.

Image plane coordinates are chosen so thatndy® are parallel tox" and y”
respectively.

L (=53 mm) is the height of the origin P from the detecto

D (=64 Omm) is the length of the rotation arm.

0; is the angle the X-ray tube rotates for each viewanged betweet7.0f to -
17.00 for 13 projections, approximately’ Between each view.
S=(u,v,05(=(u,0,0)) is the intersection point between the line passimgugh the

origin and perpendicular to the image plane andrtfage plane.

6.9.3 Derivation of an Epipolar Curve

Using the DBT geometry discussed in the previougi@a®e and similar derivation in

Section 6.6, the equations of the projection poigisen a 3D position of

microcalcificationm at (a, b, ¢}’ andg; are derived:

o | D=2 ging + (u+ (= DO
{Xi}: c+Dcosg c+Dcosf

Yo V(O Yo ) Do
off off C+DCO$0i

Egn. 6.9
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6.9.4 All Detected Microcalcification Candidates in the @me 2D Coordinate

System

After the detection results of each DBT view areaoted (Detection algorithms are

discussed in Chapter 7.), they are put in the seitlneoordinate system as shown:

320

X (mm)
200 220 240 260 280 300
0
m * + -
o= -
5 "_xﬁ*" vm ¥ e 4 =
o x®y - 5
10 -~ 3 7 ~—
+ n JOK'¢’+L>K)K"+>K"*‘-|:'
» ? X‘+'¥ bt _
€ o, R r
E 15 .01%:*.2¢'+-
- x "§+ Y RN -
o +
20 hd
* | ]
* |
25 T * - 4 — .
30

« tomo0

» tomo1
tomo2
tormo3

x tomo4

s tomob

+tomo6

- tomo7
tomo8
tomo9
tomo10
tomo11

tomo12

Figure 6.21: All microcalcification candidates deted from 13 DBT views on the same 2D coordinate

system.

At a first glance, it seems that reality is morenptex than the simulated examples

mentioned in previous sections. However, the nitgtjof the detected projection points

tend to form different clusters which are consisteith Egn. 6.10 that we say the

points in a cluster have similguposition. The benefits of our epipolar curvesrapph

can still be applied and are highlighted as follows

1. Correspondence matching
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Figure 6.22: Correspondence in 3DBT views.

This is possible to visualize some clusters of ggtipn points generated from same

microcalcifications in the breast. In the figuoee of the clusters is circled in red. The

corresponding microcalcification projections36f the13 DBT views are also circled

in red.

2. ldentification of noise points and missing points
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Figure 6.23: Identification of noise points and siig points.

In the figure,3 cases have been highlighted e.g. a projectiont possibly missed in

DBT view 5; a noise point is wrongly considered as a micwfeation in DBT view

12. Our approach can also help point out the defoyeof the acquisition system and

hence the failure in generating the projectione @btted line represents the edge of the

detector. We can deduce from the figure that sprogction points cannot be captured

because the detector is too small.

6.9.5 More on Epipolar Curves

As shown in the previous section, some clustethén2D coordinates diagram can be

easily visualized and grouped both manually andraatically. However, one may

argue the feasibility of the epipolar curves apphoand question whether any

clustering can be applied in situations where iitdsthat obvious:
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Figure 6.24: A closer look at the 2D coordinateagtam e.g. cluster circled in blue can be visualize
easily, clusters inside the red box may not belyedsstinguished at the first instance.

In the figure, some clusters may be easily idesdife.g. the one in the blue ellipse.
Note that the projection points in the same clustér have similary-coordinates.
However, some clusters cannot be distinguishedaihse.g. there should be more than
one cluster in the red box and some better algosgthre definitely required in order to
distinguish the clusters.

In the following, two parts are presented to explaow the clustering method is
developed. Our observations regarding the didiohuof the projection points are

presented first, followed by the mathematical emateon of the phenomenon:

1. Observations

In order to tackle the problems, we have first obse the distribution of the projection
points inside the red box. To make the things &mgince the-coordinates of these
projection points are all withid1-12 mm, we ignored thg-coordinates for the time
being and drew the plot of thecoordinates against the projection ID of all the

projection points inside the box:
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Figure 6.25: A plot of projection points of x-coordte against the corresponding projection id whegre
coordinate is between 11mm and 12mm.
Immediately, it appears that there shouldbhmbusters of projection points in this figure.
If we develop some mathematical support for thisecahen our clustering task will
then be solved very easily.
Before we move o observations regarding the projection points e $hme

cluster are reiterated as follows:

Observatiort:
They-coordinates are approximately the same.
Observatiorg:
(a) Thex-coordinates have approximately equal spacing;

(b) Plotting thex-coordinates against projection id gives a straliglet with slopes.

2. Mathematical Explanation

Recall that we have derived the epipolar curves as:

o |- ysing +(u+alc ol
I:Xi}z c+ Dcosg c+ Dcosf,
y

s L +Dcosg,
' = Yoft +V+(b+yoﬁ)m
I

Egn. 6.11
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In the equation, there is a non-linear te'ﬁcfgc—ossjwhich is one of the major terms
C COSG;

controlling the positions of the projection poinfsdifferent focal spot positions. Hence,
we will take a look at the change between (kd)™ and thei™ term. Note that the
angle separation between DBT vidit-1) and viewi is approximately3® i.e. 0.05
radians. We call i) radians (i.ed = 6.1 - 6). It follows that cog =1 and sid} =a.

Using Trigonometry Formula, the approximation weégust made and the Maclaurin
Seriedl-x)™" =1+x+x%+x*+..., we have:

L+Dcosg

c+Dcosg

_L+Dcos@ +9)

T o+ Dcos@ +9;)

_(L+Dcosg)-DJ; sing,

" (c+Dcos8 ) - D4 siné

_L+Dcosf (, _Dgsing j(l_ D& sing, j‘l
c+Dcosg (L+Dcos8) (c+ Dcosé.)

L + D cosf), D sing, D& sing, Do sing )
= 1- 1+ + +...
c+Dcosg, (L+DcosG) (c+Dcosb) (c+Dcost,)
_L+Dcosg 1+ (L-c)DJ,; siné,
c+ Dcosg, (L+Dcosg)(c+Dcos8)

+0(6€)J

Note that the values of the last 2 terms are nibdgigvhen using typical values in our
real example. e.g. wheh = 53 mm D = 640 mm ¢, = 17.01°, ¢ = -53 mm

(L-c)Dg; sing,
(L+Dcosg)(c+Dcos8)

= 0.0027.

Hence [L+Dcos€)i+lJ: L + D cost,

c+Dcosf; c+ Dcosf,

If we take a look at the epipolar curve again:

L+Dcos, | . L + D cosb,
s DA-——)sing +(u+a(———
X7 | _ c+D cosb, c+Dcosé,
yS - L+ D cosé,
c+Dcos6,

This justifies the observations presented in tle¥ipus section:

)
Egn. 6.12

~ Yort +V+(b+ yoff)

Observation 1:
They-coordinates are approximately the same.

Explanation:
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Projection points coming from same microcalcifioatiat(a, b, c)will have y-

L +Dcosé

coordinates approximately equal to a cons +v+(b+ - —
pp y €q tayk ( yoff)C+DCO39i

Observation 2:
(a) Thex-coordinates have approximately equal spacing;

(b) Plotting thex-coordinates against projection id (i.e. viejwgives a straight line

with slopes.
Explanation:
xsz(l—Lcosgi)sinai +(u+a(LCOSHi) is an equation of a straight line
c+Dcosg c+Dcosg
where the slope and y-intercept of this line anB:(l—LCOSH‘) and
c+Dcosf,
(u+a(%§ss&) respectively. Plotting the-coordinates againsting results in a

straight line. (Sinceing,; -sing will give an approximate constant for consecutive
DBT views, plotting thex-coordinates against projection id will give a gha line as
well.)

Finally, a better clustering algorithm can be depeld for grouping projection

points belonging to the same microcalcification.

6.9.6 Epipolar Clustering Algorithm — Hough Transform

With the mathematical explanation discussed inpifeious section, now we can use
one of the line detection techniques, the Houghsfiam [125], to perform clustering
of Figure 6.24

(a) Brief introduction of the Hough transform

The Hough transform (HT) is a feature extractiachteque to detect a particular shape
in an image, in this case, a straight line. THeWang figure explains another form of
the equation of a straight line usieg the angle between the line perpendicular to the

straight line and the origin, andl, the perpendicular distance between the straigét |

and the origin:
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Figure 6.26:Another form of an equation of a stt#itjine usinga and p .
In other words, any poir{k, y)lying on the same line will have the sameand p .

HT is based on the fact that for image points lyomgthe same straight line, they will

have the same paip,a). Initially, a full set of HT accumulator array$ all possible
combinations of pairgp,a) with counts equal t® is set up. Each HT accumulator
array will store the votes of paip,a) representing the straight lines that each image
point may lie on. The more the number of votethm array ofp,a), the more image
points are contributing to the corresponding shaime(p,a). The algorithm returns
the (p,a) pair if the number of votes exceeds a certain Huolglsvalues, indicating that

certain number of image points lying on the samagt line(p,a) .

(b) Applying HT to the real example

In the real example, there at8 DBT views. For each cluster representing the same
microcalcification, we ideally hav&é3 votes in the HT accumulator array. Of course,
due to approximation or detection failure, the nembf votes may differ. Our
clustering algorithm will try to find the straighhe with 13 votes first, therl2 votes,
thenll and so on. After a cluster is found, the prog@cipoints in this cluster will then
be removed for finding next cluster of points. é&lare the clustering results of using

HT in our previous example ihigure 6.27
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Figure 6.27: Clustering results of using HT. Togftt The original image of projection points we w&m

cluster. Bottom Right: The remaining projectionirpe unable to cluster. Other: Projection points
belonging to the same straight line found usinépdint threshold values of the accumulator coumts i
descending order (Note: the legends represenfadhe) pair.)

In the figure, we can fin8 straight lines using a descending order of thriesiaalues

for the accumulator counts.

(c) Other clusters found at differepicoordinates

The following shows some more examples of cludtarad at different-coordinates:
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Figure 6.28: 9 clusters are found at different yemtinates (12-14mm, 14-16mm, 16-18mm).
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6.10 Conclusions and Discussion

In this chapter, we have proposed a novel approachicrocalcification detection and

reconstruction in DBT. There are a lot of advaatagf this approach: Firstly, the

correspondence of projection points across diffepenjection views can be determined
through different epipolar clustering algorithm®ne such algorithm using the Hough
transform has been discussed. Secondly, the poisgs can be isolated and missing
points can be identified. Thirdly, reconstructisnallowed with the correspondence
information. In addition to these, the approach harious extensions (to be discussed

in the following chapters) which can further impeahe detection results.

120



Chapter 7: Adaptive Approach Candy HO

Chapter 7

Epipolar Curves Approach I: An
Adaptive Approach in Microcalcification
Detection in Individual DBT Projections

Microcalcification detection is one of the most onfant tasks in the early detection of
breast cancer. In this chapter, we “borrow” anteesd some previously described
microcalcification detection techniques to DBT pajons, and introduce an adaptive
approach using our findings about epipolar curmeBBT. We aim to show that such
detection algorithms can be adapted so that mitmifications not detected originally,
e.g. due to not passing a threshold, can be ddteath the aid of multiple projections
in DBT.

In broad outline, the idea is as follows: suppegehave chosen or designed a
microcalcification detection algorithmA to extract candidates from each DBT
projection. Generally, algorithi will have some parameters eag.b, cto enable it to
deal with noise and sampling. To simplify the dssion, we assume there is just one
parameterg, and suppose that there is a default valtuéor a. When we apphA(a*)
to the individual DBT projections, we find many dafate microcalcifications,
organised as a set of epipolars. We reject sonmespas noise because they do not have
sufficient epipolar support. In other cases, weyrhave saylO microcalcification
points in an epipolar an8 “missing” . Suppose, for example, we do not dee t
microcalcifications in imagel, 18, 19. By changinga* appropriately (e.g. lowering it)
in these3 images and particularly in the predicted locatjams may find a candidate in,
e.g.16, 19 but not inI8. Nevertheless, this increases our confidencethiegpoints come
from a true microcalcification, as there are n&® points detected instead of the
original 10. The epipolar structure has therefore furtheraased our true positives (TP)

fraction in single DBT projections.
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To develop the concept, we need to choose an idlgorto extract
microcalcification candidates For simplicity, tha&gorithm should have a small
number of parameters, ideally one. We discussiplesmicrocalcification detection
technigues in Section 7.1 and then choose some@them for our purpose.

The Harris corner detector (Harris) is one of simaplest and most commonly
used detectors for "corner" detection (in our casierocalcifications). It computes a
cornerness measure for each pixel in the image cangpares the measure with a
threshold to determine whether or not the pixed isorner. Harris therefore fits our
requirements well. However, it is very sensitive rioise. On the other hand,
anisotropic diffusion (AD) is robust to noise andshbeen studied by a number of
research groups for microcalcification detectidh.smooths images to remove noise.
Our idea is to combine these two techniques (H&MD3 to illustrate adaptivity. We
discuss the combination approach in Section 7.2.u8& some real DBT datasets to

show that our concepts help increase the detedien

7.1  Microcalcification Detection Techniques in Mammograhy

Generally, microcalcification detection techniquesy be classified into four types: (a)
machine learning methods; (b) physics-based apprday statistical approach; and (d)
image processing approach. In this section, weflypreview each of these types and

comment on their feasibility in being adapted tasirate our approach.

7.1.1 Machine Learning Methods

Introduction

A machine learning method usually involves two st€f) use of an image processing
method to extract features in each image; (2) egptin of a learning algorithm to train
the classifier such that the combination of cersets of features will indicate higher
chance of a particular class and other sets magsept other classes. The learning

stage always involves large sets of images in daleover as many cases as possible.

Literature Review
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El-Naga et al. [126] have proposed the use of supfztor machines (SVM) for the
detection of microcalcifications in mammograms. iVéh a training sample, SVM
constructs a hyperplane as the decision surfaceual a way that the margin of
separation between positive and negative exammesnaximized.” [127]. An

illustration from [127] demonstrating the idea oYM with a linear hyperplane is

shown as follows:

Optimal hypemplane

Figure 7.1: lllustration of the idea of an optimayperplane for linearly separable patterns (Modifie
from [127]).

In the figure, data points belong2alasses: the circle class and the square classy M
different hyperplanes can be formulated to clas$igm. The optimum is the one for
which the margin of separation between the hypemland the closest data point is
maximized i.e.0,. The red circles and squares are called supmmtioks which are

elements of the training set that are in essenc difficult to classify.

In an SVM, the discriminant function with testidgta vectorx, has the form:
L.

g(x) = iai d,K(x;,x)+a, whereK is the kernel functiory; are the support vectors add
i=1

are the corresponding class indicators (e.g. inroualcification detection,+1
represents microcalcification present whilerepresents microcalcification abserity,

Is the number of support vectors amdare constants. These parameters exdegte
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determined during training. (Readers can refdd&Y] for more information on SVM
and techniques in solving the SVM optimization peots.)

El-Naga et al. have considered a number of aspacthe design of SVM
classifier for microcalcification detection. Redgug the input feature vector, they used
pixel values in @&*9 window because the average size of a microcadtifin in their
dataset is aroun@-7 pixels. Regarding the kernel functions, they sddwo common

ones: Polynomial kerne(k(x, y) =(xTy+1)P) and

2
Gaussian radial basis functioEﬂS(x, y) =ex;{—"xz—);"D.
g

Regarding the training examples, image windowsze $*9 are collected at the centres
of mass of the microcalcifications identified iretdatabase for “MC present” class and
a random sampling scheme is adopted to select imwagdows from those regions of
the image containing no microcalcification for thdC absent” class. Regarding SVM
training, the SVM optimization problem is solvedings Lagrange multipliers and a
successive minimal optimization technique (For ietaeaders may refer to [128].).
Regarding SVM model selection, since a few varsbdeg. the kernel function, have to
be determined during the training phase, they ledapted an-fold cross-validation
method. In this method, the training datasetsrandomly divided into m equal-sized
subsets. For each parameter setti(gsl) sets are used for training and the remaining
one set is used as a testing set for measuringifitasion error. This is repeated so that
every subset has been used as a testing set.n @ueeged classification error will be
obtained for each parameter settings. The pararsetings with the smallest error will

be used for the classification.

Comments
Since DBT is still in its infancy, there is insufiént DBT data to perform learning and
subsequently to formulate a good classifier. Hemee will not use learning in our

illustration.
7.1.2 Physics-based Approach Usingint

Overview of the method

124



Chapter 7: Adaptive Approach Candy HO

The fact that the linear attenuation coefficientnatrocalcifications is approximately
26 times higher than that of normal tissue has giusa to the development of the
detection algorithm to be discussed. The algoritih29] is based on the
mammographic image process model presented indBettl.2.

We first introduce thdu,; representation proposed by Highnam and Brady [91].
As mentioned inTable 4.1of Chapter 4, it is found that fat has a much loXeay
attenuation than the other tissue types such asusb cancerous tissues which have
similar attenuation, while calcification has a muulgher one. To distinguish other
tissue types from fat and calcification, Highnand &rady define all other tissue types
as “interesting”. Mammography is indeed a coneer®f the information in th&D
breast into D representation as an image. Each pixel in thgénaatually represents
the path the X-ray photons traverse, especiallysiiepath within the breast, as we
discussed in Chapter 4.1. The energies absorbdbebgletector are converted to the
intensity values in the image. Thinking from thbysgical point of view, in this
particular sub-path through the breast with thidet¢ (except at the breast edge), the
X-ray photons may possibly pass through a certaocknbess of fat tissudy,, a certain
thickness of non-fat tissue (we term this as irstiing tissue), hir;, in @ normal breast
assuming no calcification exists. Instead of theensity of each pixel, théi
representation gives information on the thicknekshe interesting tissue the X-ray
photons have passed through during their coursmughr the breast. The following
figure shows a cross-section across a breast withtla of the X-ray photons passing

through fatty tissue and interesting tissue:

The shaded region — the breast
edge which normally contain

A path of the X-ray adipose tissue only

photons through the

breast l /
— z

° nipple

7] Compression Plate

Compression Plate

Note: hy=hea+hea® \ Image Detector

Figure 7.2: A cross-section across a breast shgweirpath of the X-ray photons passing through fatty
tissue and interesting tissue

Indeed,
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H = hm + hfat Eqgn. 7.1
whereH can be measured either from the plate separatiayen from the image.

Hence, we can substitutgu(g), the photons being attenuated at energyith
linear attenuation coefficieng € (, )by passing through the breast with thickness
Eqn. 4.5for the derivation of the radiation of the primaogam leaving the breast
by  h, (4, (&) — U () + Hu (8) because  of Eqn. 7.1
and hu(e) =h .. (&) +h ., €). With the experiment results of the linear
attenuation coefficients of fat and the interestisgue (an approximate value), the pixel
value of the image, the other components (scatter@idtion and extra-focal radiation)
and other measured and experimental values, weheasiafore solve fohi,; for each
pixel.

So far, we assume that no calcification exists.aWhthere is a calcification in
the X-ray path? It is expected that the value computed for pixels with calcification
in the path will be much larger than that withoatcdication, due to the fact that the
linear attenuation coefficient of calcification26 times higher.

The detection algorithm is based on this obsermatio calculates the volume of

blob
int !

the interesting tissue in the “suspected” blob] da and compares it with the

actual 3D volume as if it is a calcification with an elligdoshapey:s®. Assigning
v as the ratio of the volume of the interesting stuthe actueBD volume as if it is

a calcification,

i.e. blob
Vratio — Vint

int Vblob
3D

Theoretically, i > 1 it means that the extracted region is indeed leification,
because the large value of the linear attenuatefficient of calcification will lead to
an unusually largéi,: causing an unexpected larger volume than the égheolume.
On the other hand, V{2 < 1t means that the region cannot be a calcificatiecause
it contradicts our assumption in deriving,. In practice this threshold is set

experimentally due to the approximation made incddeulations.

The detection algorithm consists of four steps:

(a) Extract the “suspected” region
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The mammogram is thresholded at evérgrey level step frons to G+2K. Then, the
change of area of successive regions is givenAh(r,,r.,,)=(a —a,)/(a +a,, , )
where &, a.; are the area ofr; and ri; respectively andg =2a, . If
DA(rg Touk ) S DA eohoa 8ND DA(Tg 1 Toiok ) S DApesnaa Where DA, 4 IS a preset
threshold used to ensure that the extracted “stegferegionrg is a region such that
the area variation is decreased gradually, theis the “suspected” region for the next
step, because it is observed in mammograms thantiesity for calcification changes

gradually while that for noise is more abrupt.

Boundaries of regions forming
iso-intensity of grey level:

[ Grey Level >= G+2K
] G+K<=Grey LevelkG+2K
B G <= Grey Level < G+K

3 regions are extracted.
Figure 7.3: Extracted regions for thresholding.nmfammogram (Left). 3 regions extracted for
thresholding (Middle). The regions are extractedéd on the grey level (Right).
(b) Compute the volume of the interesting tissuberi‘'suspected” bloby’

Yint

To compute/*

int

, we need to find the volume of the extracted “se$gd” region

urr

and then subtract the volume of the surroundirsyiésg," .
vooPrsUT can be calculated by summing the size of each pixatiplied by the

int
corresponding thicknedsy,, i.e. ypiob+sur =an(i)* p>wherer is the extracted region
idr

blob+surr
Vint

andp is the pixel size.

surr
V.

int

can be calculated by the constant thickng$s in the background region
close to the extracted region multiplied by the aaref the region, i.e.

surr
V.

int

=h"* M * p> whereM is the number of pixels in the extracted regiod pris
again the pixel size. The constant thickng§S can be calculated by finding the

averageh,; values surrounding the extracted region, a ditatiogrg\r.

h_ine In_imt it
i P

P‘E‘J"’" = v:biahsun’ I v_.wrr

it |

aixel locanion axel location - - vivel location
' s dilared blol ! .

extrncied blol L

blob .

Figure 7.4: A schematic representation of the cotafon of V. .~ in 1-D (Modified from [129].)

int
(c) Estimate the actual 3D volume as if it is dcifcation with an ellipsoid shape,

blob
Vap
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Using the formula for the volume of an ellipsoids wstimateLe" = (4/3)7a°b, where

aandb are minor and major axes estimated from the eteda@gion.

(d) Computeyr2 and perform thresholding
Finally, we can compute= as discussed before to check whether the ratioeelscihe
selected threshold. If the ratio exceeds the kimies then the “suspected” region is a

calcification.

Comments
The physics-based approach investigates the mesrhann X-ray formation and uses
the physics fundamentals for detection. Howeveither hj; nor developments of it

have been extended to DBT and so we do not (astage) adopt the physics approach.
7.1.3 Statistical Methods

There are methods which rely on the statisticshefitnage for the detection [130] or

which uses Markov random fields to model the detegbroblem [131].
Stochastic Modeling Methods

Gurcan et al. [130] have proposed a method of ukigber order statistics, namely
skewness and kurtosis, in finding the regions doimg clusters of microcalcifications
in mammograms. In their study, they investigatesl impact of microcalcifications in
lowpass, bandpass and highpass subimages as wtik asriginal image, from the
datasets employed. Experimentally, they found thatbandpass subimage is the best
one to differentiate between regions with microdiations and those without. In their
tests, they divided the subimage into regions oé 30*30 with an overlap size df5.

For each region, the statistical measurements @f/is&ss (a measure of the symmetry
of the distribution) and kurtosis (a measure offtbaviness of the tails in a distribution)
were calculated. It was found that both valuesewdistinctly greater thaf if the
regions contained microcalcifications and were velyse to0O for those without.
Figure 7.5shows2 histograms of regions, one with a microcalcification cluster and

one without, in the bandpass image. The skewnedkartosis of the region with a
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cluster werel.5616 and 9.0307 respectively, while the measurements of the region

without a cluster were close o

Microcalcilications, skewnass = 1,5616, kurtosis = 9.0307 Nao microcaledications, skewnass = 0.0722, kurlosis = ~0.0453
T T T v ™

10 15 20

Figure 7.5: Histogram of a region (a) with a micadcification cluster and (b) without
microcalcifications in the bandpass image (Extriactn [130]).

Then, thresholding (i.e. the values of skewnesskamthsis measurements were
greater than thresholds found experimentally) wadied to extract the regions which

were considered as containing microcalcifications.

Bayesian Statistical Methods

Karssemeijer [131] tackled the microcalcificatioetettion problem using Markov
random fields (MRF), based on both image data amar fpeliefs. The detection
problem becomes a labeling problem, in which eyexgl is assigned to one of ti3e
labels (Labell corresponds to background; LaBetorresponds to calcification; Lab#l
corresponds to line shaped structures.). Usinge8ayheorem and the Markov
property, the aim is to maximize the probability:

O O O
PO =K1Y, Xsi) O p(Y | x =k, Xsi) p(x = K| Xai) Eqn. 7.2

where x is the pixel label of pixel; k is the label(1, 2 or 3) Y is the image
data;)D(su is the current estimate of the rest of the IabngiJDin is the current estimate
of the labelling of the neighbourhodll of pixel i.

There are terms in the RHS of the probability. Note thajaeding the current
labelling )D(su , the standard approach is to replace it by the $agmentation. The first
term p(Y | x = k,>D<sn )models the likelihood of the image data Y given laleel of
pixel i. Using the assumption of conditional indadence of the image data of pixel

I, y;, the first term is then reduced fi{y, | x, . )This is obtained by the distribution
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f(y,'.8 | %) wherey, 'is the relative pixel value with the consideratminthe pixel
values of the neighbourhood afidis a shape parameter extracted from the image data
in a small neighbourhood of i. This shape paramaticates whether or not a line or
dot feature at site i is likely. The author udes Hough transform in the calculation of
the shape parameter. Both the densifiég '| x, and f (6 | x )were estimated from a
given set of labelled training examples.

Regarding the second term(x :kl)D(Ai) which is based on the contextual

relations between neighbouring pixels, the authodeis this as

p(x =K| >D<Ai) O ex;{— AK) = B'(K)N,; =Y B(k,n)G, (n)} Eqn. 7.3

n1
In the expression, the values for the model pararaetere determined experimentally.

A(k) models the probability the pixel i is assignedhe labelk and they are set
to: A(1)=0; A(2)=4.0; A(3)=2.0

B’(k) models a cluster of microcalcifications, which maily spans a large
neighbourhood of. N, ;is the number of calcification sites in this larggghbourhood.
In the study, all sites withiB0 pixels distance are considered, making up a tmital
about 2,800 distant neighbours. BotB’(1) andB’(3) are assigned t0 and B’(2)=-
250/N, (where N, denotes the number of pixels in the “large” neigitbood).

Finally, B(k, n) models the nearest neighbour interaction. A sgcorder
neighbourhood is used. G, n (i3 the number of pixels labelled as in the
neighbourhood of. In setting the values @(k, n) the author has a few principles:
Modelling the interaction between calcification dime labels must be chosen high to
disallow patches consisting of a mixture of thea® tlasses; Interaction with the
background class has to be chosen small or zeadldw calcifications consisting of
only one or a few pixels to survive if they aregiitienough. The values Bf1,2)=0.2,
B(1,3)=0.5, B(2,3)=2.0 Other values follow from symmetry conditions, else were
put to zero.

The following figures compare the detection resbitsusing local thresholding

and the Bayesian statistical method:
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Figure 7.6: (Top) A region containing a clustermicrocalcifications; (Bottom Left) Detection by &c
thresholding; (Bottom Right) Detection by Bayestatistical method. (Extracted from [131])

From the figure, local thresholding results aresatisfactory because the
connective tissues are also extracted, while thge8lan technique can extract

microcalcifications in a cluster.

Comments

The stochastic modelling method is not applicabledr problem because we do not
have sufficient datasets to perform a reasonablisstal analysis. For the Bayesian
statistical method, instead of applying it to odlaptive approach, we will adopt the
MRF method with multiple projections and epipolares using belief propagation to

illustrate the improvement in microaclfication detten in the next chapter.
7.1.4 Image Processing Approach

There are basically three categories in this amprogegarding microcalcification
detection: (1) Methods which aim to find candidptents; (2) Methods which aim to
increase SNR by smoothing the image, but witholétohg microcalcifications; and (3)

Methods that apply various image filters or featlegectors.

7.1.4.1 Methods which aim at finding candidate pin
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Given any digital image, regardless of its contews are always interested in finding
the features in the image, e.g. point detectiorgeedetection. Hence, a lot of
fundamental detection algorithms have been devdltyethe digital image processing
community. In this section, we highlight two feudetectors: the Harris corner
detector [132-134] and a salient region detect86][1136], as they can detect interest
points, which are similar to the detection of maaizifications. After each discussion,
we will show detection results by applying the dates on our simulated images

containing microcalcifications.
Harris Corner Detector

The Harris corner detector finds locally distinetigoints in an image by computing the
average changes of image intensity of a local wwnavothe image when the window is
shifted by a very small amount in various direcsiorit is an improved version of the
Moravec corner detector in that both of them use ittea that a corner is within a
window if shifting a window results in a large clganin intensity no matter in which
direction. Three cases are considered: flat regemlyge and corner. Consider the

following figure:

(@)

(b) ()

Figure 7.7: Image with a window (red box) some wind after shifting (bottom boxes). (a) When

window is extracted at a flat region; (b) When windcontains an edge; (c) When window contains a
corner. (Extracted from [133]).

In case (a), when the window is within a flat regithe change in intensity is minimal
when it shifts a little bit in any direction. Irase (b), when the window contains an
edge feature, a shift in the vertical directionsloet cause any change in intensity, but
a shift in the horizontal direction results in agla change in intensity. Finally in case
(c), when the window contains a corner feature,llsshifts in all directions will lead to

a large change in intensity in the windows.
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How the image functiot(u, v) at point(u, v) is self-similar when shifted by a small
amount (X, y) is given by the auto-correlation function, whicheasures the local

changes of the image signal:
E(%Y) = D w(uv)(I(u+xv+y) - 1(u)? Eqn. 7.4

where w(u, v) is a window function which can either be constéior binary or
rectangular window) or Gaussian (for a smooth ¢acwindow). A Gaussian filter is

often used as it smoothes the image:

2 2
w(u,Vv) = exp(- (u +2/ )) Eqn. 7.5
20

By Taylor’s first order approximation ofu+x, v+y) in the auto-correlation function:

E(xy) O[% y]MB} Eqn. 7.6
where
121 Eqgn. 7.7
M=>wuv) ) an
m L, 1

Iy, Iy are partial derivatives dfu, v)in x andy respectively.

Note: E(X, y) = constants the equation of an ellipseéM is a2-by-2 symmetric matrix
which has exactlg positive eigenvalues ar®imutually orthogonal eigenvectors which
give the orientation of the ellipse. Elongation &ize of the ellipse are governed by the
size of the eigenvaluds, 1, since the length of the major and minor axishef ¢llipse
relates ta(l,) 2 and (1) Y*respectively for, < .. Different eigenvalues correspond to
different shapes of ellipse which correspond tbegiflat region (both eigenvalues are
small), edge feature (one large, one small eige@gl or corner feature (both

eigenvalues are large) in the image as shown:

Figure 7.8: Eigenvalues and the correspondingpstis. Flat region (Left). Edge feature (Middle).
Corner feature (Right). (Extract from [134])

Given the same shifk, y), larger eigenvalues in the LHS of the equatiommfellipse

will give largerE(x, y)for the same constant in the RHS of the equatfcemncellipse,
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implying larger intensity changeThis explains why small eigenvalues give ris¢hi®
flat region and large eigenvalues give rise to eorieature. For the edge case, one
large and one small eigenvalues will lead to adaahnange irE(x, y)when shifting in
one direction and a smaller change when shiftirgniother direction.

Instead of calculating the eigenvalues directly,rridaet al. suggested
determining the cases in the image by findileg(M) (= 1:4,) andtrace(M) (=11 + 1).
They also suggested a measure of “corner” respBrsg A, —k(A, +4,)” with a
typical value ofk = 0.04 R is positive for corner, negative for edge and $nmaflat
region.

We have generated an image with microcalcificatirmsn our simulation
model of tomosynthesis projection and applied tlaerid corner detector using a freely

available implementation. A preliminary resulstsown as follows:
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B EEX
IMAGE K=0.04
[}
in0.png
2000
Original Image Corner Detected
Done

Figure 7.9: The sample outputs of our simulatedrogialcification image by the Harris Corner Detecto
using Java implementation [137] (Left); MatLab iraplentation [138] (Right).
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From the figure, it can be seen that the whitearegles representing microcalcifications

can be detected by both implementations of theislaarner detector.

A Salient Region Detector by Kadir and Brady

Salient image regions refer to the “surprise” (&&liency) in their local attributes over a
small range of scales.

(a) Saliency

Given an image, a region with a probability distitibn function of intensity following

a normal distribution is less complex than a regrath a flatter distribution. An
example is the human face. The eye is a more ®@mmgion than the cheek.
Complexity is related to predictability. The ins#tly in the cheek region can be easily
predicted, as they have similar intensity. Howeteg eye region is more complex and
hence the local intensity is more unpredictable.

A measure of the predictability of a region candi¢ained by evaluating the
entropy of local attributes. Entropy measures #r@lomness of a variable [139]. The
more uncertain a variable is, the higher its entropn information theory, entropy
measures average information content. Considexxample of transmission df000
bits. If these bits are known beforehand, theis ttonsidered that no information has
been transmitted. On the other hand, if the pritibalbf transmitting0 or 1 is equal,
then 1,000bit of information is transmitted, because we aanpredictO or 1 in the
transmission and we need to getla000bits of information. Using a similar concept,
we are looking for image regions with high averadgermation content (salient regions
e.g. eye), rather than image regions with no infdfom at all (e.g. cheek in our
example). Hence, entropy values will be computedHte saliency in each region. The

higher the entropy, the more salient the region is.

(b) Scale

Scale is the size of the region in which the entiigpralculated. Consider the following

example:
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Figure 7.10: Regions of different scales in angea (Redrawn from [135].)

Both the red point and blue point exhibit the sahighest entropy values in the
corresponding circular region, because the propastof black and white pixels are the
same in both regions (high unpredictability). Howe we consider the blue region to
be our salient region in the image visually. Iniarage, different local scales are
required for different salient regions. Imagineter smaller black dot in our example
image. Then, the optimal scale used for this otléent region will be smaller. Hence,
local scale selection is required. To determine ghale, we will look for complex

regions. Complexity is assumed to be rare. légian is unpredictable at all scales,
then it means it is not rare and it may only beaadom image. This will not be

considered as a salient region. Hence, a mea$wedfeimilarity over different scales

is designed.

(c) Scale Saliency Algorithm
After a brief discussion on saliency and scale sitede saliency algorithm is presented.
The algorithm consists of four steps:
(1) Calculation of Shannon entropybks,x):
Using the equation of Shannon entropy, we firstwalte the entrop¥ip(s,x) using the
probability density of the intensityas a function of scakand positiorx, p(l,s,X)
Hp (s X) :—j p(1,s,x)10g, p(l,sx)dl Eqn. 7.8
(2) Finding the scales at which the entropy is maxinsgim

Next, we use the second derivative to find theescdr the peaked entropy:

2
sp:{s:aHD(sx):o,a HD(S’X)<O} Eqn. 7.9

s 9s?
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Using our previous example, the entropy againdessgplotted. For the red region, it

is found that the scale at which entropy peakpm@&imately7 while that for the blue

region is15.
Entropy

HLY s, %)

=

20 ] 1]

al il 15
acae

Figure 7.11: Graph showing entropy against scal¢he example. (Extracted from [135].)

(3) Finding the inter-scale unpredictability measurg(#/x):

Now, we need to find the optimal scale as a salegibn. To do this, we calculate the
magnitude change of the probability density as raction of scale. If the region is
similar over a large range of scales, then a smakeght Wp(s,x)will be resulted. We

aim at finding a larg&\p(s,x) meaning the region is self-dissimilar i.e. saliewWp(s,x)

can be found as follows:

W, (S X) = sj dl Eqgn. 7.10

0
— p(l,s X
asp( S X)

Saliency over acale

WOE = 073

1 = i o
scale

Figure 7.12: Graph showing saliency over scalehi@ €xample. (Extracted from [135].)
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It is seen from the graph figure 7.12that although both red and blue region in our
example give the same maximum entropy values, #ight calculated for the red one

is much smaller than for the blue one.

(4) Finding the saliency measurg(%,, X):
Finally, the saliency measure can be computed byptibduct of the entropy and the

weight of inter-scale unpredictability:
Yo (Sp:X) = Hp(Sp, YWp (Sp, X) Eqgn. 7.11

The larger the value ofp(s, ,X), the more salient the region is. Fréiagure, Yp(s, ,X)
for the blue region is greater than that for theé ome. A threshold can be set for
Yb(sp,X) to select those regions with values above theshiwid.

The following figure shows an application of thgaithm using our simulated

tomosynthesis image of microcalcifications:

Figure 7.13: Detection outputs of our simulatedmmcalcification image by the Scale Saliency
algorithm. Original image (Left). Salient poirgsown in green circles (Right) (Implementation from
[135, 136])

From the figure, it can be seen that the white argles representing

microcalcifications can be detected by the Scale®ay algorithm.

7.1.4.2 Methods which aim at smoothing the imaged @creasing SNR without
removing microcalcifications in the image
In this section, two smoothing methods will be eswed: the Laplacian of a Gaussian,

and anisotropic diffusion. To illustrate the snong effect, we have chosen one of
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them — anisotropic diffusion and apply it to therivtaography BR3D Phantom to give

some insight into filtering and detection in a $nBBT projection.
Methods Using Laplacian Scale-space Representation

The LaplacianL(x,y) of an image with pixel intensity value&,y) is a 2D isotropic
measure and is obtained by tHé gpatial derivative:

Lxy)=—+— Eqgn. 7.12
X“ 0y

Regions of sharp intensity change e.g. edges wileta large value. In order to reduce
its sensitivity of noise, the image is always srhedt with a smoothing filter,
specifically a Gaussian, before applying the Lapladilter. Combining the two, we

obtain a LoG (Laplacian of Gaussian) with Gaussiandard deviatioa:

2 + 2 _X2+)2/2
LoG(x,y) =- 14 {l— X 2y }e 20 Eqn. 7.13
Vo 20

Using the findings that bright spots correspondoimal maxima in Laplacian
convolved images if the size of the filter kernelchosen appropriately, Netsch et al.
[140] have proposed a method using Laplacian sj@dee representation for the
detection of clustered microcalcifications.

There are3 steps in their approach: (1) find bright, almastwar spots in the
mammogram; (2) estimate the size D and local cen@aof each spot; (3) mark a spot
as a microcalcification ifC > C(D) whereCy is given threshold depending on the
estimated siz® of the spot.

Given a mammogram, the authors first looked fer ¢bntres of bright spots as
potential microcalcification candidates, by finditige local maxima in the Laplacian
filtered image at different scaléds whereh = V20, ltis important that spots are
marked at their true centre. Hence, a path trgctechnique is used. This technique
starts a path with a candidate pixel at the fiseateh=2 and ends at some coarser scale
if no appropriate candidate pixel is found in @8 neighbourhood. The following

figure shows an example of locating centre of drgpots:
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(k)

Figure 7.14: (a) A region containing a cluster oicmcalcifications; (b) Potential microcalcificatio
candidates are marked by the Laplacian detectiohlask dots. (Extract from [140]).

Next, the authors estimated the local contrast sanel of a spot based on the
scale-space representation of the image. A mitmification is modelled by a cylinder
of a specific heighC and diameteD which corresponds to the local contrast and the
diameter of the spot in the image respectivelyis liound in the paper that the local
contrastC* and the siz®* of the spot are determined from the peak of theature of
the cylindrical microcalcification model, which ilse peak values of LoG response and
the corresponding scale h of the signature cumre following figure show8 example

curves of the signature of the cylindrical micretfadation model:

150

100 +

LoG response

0 5 10 15 20 25
scale h

Figure 7.15: Signature of the cylindrical microc#ication model. The solid curve shows the Lagaci
response of the model for C=100 and D=5. The ddshuwves refer to a change to C=150 (higher peak)
or D=10 (peak to the right) respectively. (Extrécim [140]).

Finally, for threshold decision, different sizestloe bright spot are subjected to
different contrast threshold;, which is chosen by visual inspection of several
candidate pixels using a set of true microcalciftoes. Those potential
microcalcification candidates having a conti@gjreater than the correspondi@g are
considered to be real microcalcifications.

In the paper, the authors have also consideredamaise in their model, so as

to estimate the local contrast correctly.
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Methods Using Anisotropic Diffusion

Anisotropic diffusion is a scale-space and edgedlemn technique based on patrtial
differential equations. This idea comes from thggical process, the diffusion process
that equilibrates concentration differences withorgating or destroying mass [141].
Using Fick’s law and continuity equation, the d#fon equation is employed into the
fields of image processing and computer vision:
I, =div(c(x,y,t)01) = o(x, y,t)d°l + Ocl , where I(x y) is the image akandy; I,

is the smoothed image at time (scalg)ivis the divergence operationtand 0° are
the gradient and Laplacian operatosg, y,t)is the diffusion tensor as in the diffusion
equation in the physical process, or conductionfficbent. This is the anisotropic
diffusion equation used in the Perona-Malik moddld]. Perona et al. has shown how
a suitable choice oé(x,y,t) will be useful in scale-space and edge detectibimeir idea

Is that smoothing within a region is preferred tmosthing across the boundaries. They
have choserto be a function of the gradient of i.e. c(x,y,t) =g(l, (x y,t)). Further to

this, they have
1

W

where|[dI| is the norm of the gradient of the image and K onstant. The anisotropic

proposed a few choice af(l,) (orgl)) e.g. g(l) =e 171" and g(a1) =

diffusion equation is thus controlled by 2 paramete, the time or the iteration of the
diffusion (or the scale); K, a constant which ikted to the contrast of the features and
the background. Some subsequent literature hamlinted the Gaussian convolution of
the gradient of the image and hence has introdacether parameter to control the
sensitivity in filtering the size of the structures

The application of anisotropic diffusion to digitahammography was first
studied by Linguraru et al. [143]. By subtractithgg anisotropically diffused image
from the less blurred original, they found that rma@alcifications and noise points are
diffused differently. After a certain number oénations, the surface of the difference
image contains significant changes for noise oridy, an appropriate choice of

parameters and diffusion tensors [144].
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Application of Anisotropic Diffusion on Mammography BR3D Phantom

We have applied the techniques of anisotropic sifia to the Mammography BR3D
Phantom (discussed in Chapter 5) using the Javéemgntation developed by [145].
Using suitable parameter settings, it is possiblaliscriminate noise points and the
Calcium compounds in our phantom. The resultssamglar to those obtained by
Linguraru, namely that the noise points adidCalcicum compound CaGQran be

distinguished in the difference image:

test1 tif (400%) 3 X L test1_15_0.6_5.1if (400%)
T6.60x15.20 mm (1 66x152), 16-bit, 49K 166,001 52.00_(166x152), 16-bi, 49K

test1_15_0.6_100.ti x X L Result of test1_15_0.6_5 (400%)
166.00x152.00 (166x%152), 16-bit, 48K

Figure 7.16: (Top Left) The original image with &l€ium compounds (pentagon-like arrangement) and
2 noise points (2 faded white points near the;|€fHp Right) Anisotropic Diffusion using K=15,
sigma=0.6, t=5; (Bottom Left) Anisotropic Diffusiasing K=15, sigma=0.6, t=100; (Bottom Right)
Difference image of Upper Right and Bottom Leftsone
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Experiment of Filtering/Detection in a Single DBT Rojection Using Anisotropic

Diffusion

In this section, we have adopted the anisotrogfagion methods in a real DBT dataset.
In the experiment, we have extracted a region ofbr@ast containing3
microcalcifications. We show that anisotropic dfion technique can facilitate their

extraction:
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4 p7_RCC_dcmé.tif (400%) o E S

1.56%2.98 min (136x35), 16-bit Gnverting LUT), 9K

LR

4 p7_RCC demétif (400%) | B e

1.66x2.98 mm (136x35), 16-b

4 p7_RCC demé 0.5 0.5 10:4if (400%) [P
3Rx3A pixels; 1 6-hit; 9k

4 p7_RCC_dem6.0.5.0.5_ 1004 (400%) Lo 0
36%35 pRElS, 16-BI, OF
. —

{4 p7_RCC_deme-1if (400%) = [

T BE%2.08 mim (136:35); 16-BiT, 9K

¢ p7_RCC deme-1tif (400%0) E@lﬂ

1 &6x2.98 mm {1 36x35), 16-hil, 9K

Figure 7.17: (Top Row) Original DBT projection wighmicrocalcifications (arrows); (¥ Row)
Thresholding (pixel values between 1980 and 21@Ghosen for all images) (in red);{3Row)
Anisotropic Diffusion using K=0.5, sigma=0.5, t=30d then thresholding; {4Row) Anisotropic

Diffusion using K=0.5, sigma=0.5, t=100 and themetsholding; (5" Row) Gaussian blur of sigma 0.5 of

20 times; (8' Row); (6" Row) Gaussian blur of the image in tH&Row and then thresholding.
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From the figure, we can see the effect of usingatropic diffusion. We have
also compared the result with basic (isotropic) $€3&an blur. Anisotropic diffusion can
preserve the microcalcifications over many iteraiceven aftetOOiterations, they are
not smoothed away. On the other hand, Gaussianotemg has blurred the
microcalcifications completely, even aft&d iterations. Also, anisotropic diffusion can
help the subsequent thresholding. If suitablerpatars are set, it is possible to extract

only microcalcifications and eliminate the isolageaints and noise points.

7.1.4.3 Methods by applying various image filtar$eature detectors
Local Adaptive Thresholding and Feature ExtractionApproach

Due to the fact that microcalcifications appeabmght spots with a higher contrast than
other local breast structures, many detection nusthare based on local adaptive
thresholding. An example is the algorithm desighgd@avies et al. [146]. They used a
local area thresholding process and then use aréeanalysis step to detect
microcalcifications.

In their method, the original image is partitioriatb square sub-images. Each
sub-image is smoothed using a median filter to r@mocal maxima and minima. A
local threshold will then be set by evaluating tesulting histogram obtained from the
smoothed sub-image, depending on whether the Ingtogs bimodal or unimodal. The
threshold is set at the valley if it is bimodalseelthe threshold is set initially at the
maximum and then set to a value interpolated fremghibouring sub-images. In order
to get the pixels with high local contrast as méalgifications, the region of interest in
one sub-image will overlap with four other sub-iraggso that any pixel has actually
undergone five threshold values. The pixel is ehoas potential microcalcification
candidate if it is above at least a pre-determimgohber of thresholds from these five
values.

Next, five features including the area and meary dewel are selected and
analyzed in the training set. For example, thasu# calcifications range froh3-2.5
mn?, the grey level ranges fro2b for faintest calcifications t@45 for the brightest
one. In addition, they also consider microcaleificn clusters by considering the
distance between the neighbours. A cluster existghe distance between
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microcalcifications is less thadmm and there are at lee&&smicrocalcifications in the

cluster.

Comments

The image processing approach is the most suitgdeoach for consideration, because
it is the most straightforward and direct. Speaily, we have combined the Harris

corner detection (Harris) and anisotropic diffusipAD) because Harris has an

adjustable threshold applicable for our purposdevAD can help smooth the noise in

our noisy DBT images.

7.2  Combination of Harris Corner Detector and Anisotropic Diffusion

Approach

In this section, we will evaluate both Harris corrgetector and the anisotropic
diffusion approach in more detail. In order to éarelevant evaluation especially for
detection in a single DBT projection, we first loak the requirements of a
microcalcification detection algorithm in a singBT projection. We will then

evaluate the two approaches from this basis. lyinak will have a detection analysis

using this combination approach.

7.2.1 Requirements of a microcalcification detection algathm in a single DBT

projection

A microcalcification detection algorithm shares &&m criteria to corner detectors
discussed in [147], with more emphasis on microfiestions, instead of corners. We

highlight and discuss the requirements as follows:

1. All the microcalcifications should be detected.i{€ton 1)

Having said that, we are aware there exists casesality that some microcalcifications
cannot be detected even using the perfect micrification detection algorithm, due to
the physical constraints e.g. the microcalcifioatias blocked by another

microcalcification in the direction when the X-rpgojection is taken.
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2. No false microcalcifications should be detectedité@ion 1)

Sometimes, the detection algorithm misclassifiesadtr structures e.g. fibroglandular
tissues or blood vessels as microcalcificationsaddition to the misclassification of

noise points. A good detection algorithm shouldimize these misclassification cases

as often as possible.

3. The detection algorithm should be robust with respe noise. (Criterion 2)
The signal-to-noise ratio in DBT is even worse tliaat in mammography. So, an
important criterion of a microcalcification detemti algorithm in a single DBT

projection is its robostness to noise.

4. Microcalcifications should be well localized atfdifent scales. (Criterion 3)
Since microcalcifications vary in size, shape, loarg and intensity, a good detection
algorithm should detect microcalcifications at #ame correct coordinates at different

scales.

5. Microcalcifications detected in one projection shibalso be detected in other
projections. (Criterion 4)

This is to say, a good detection algorithm showddtransformation invariant, so that

microcalcifications should be detected in all DBbjpctions if all the projections are

taken under the same conditions. Of course, thdittons in DBT are never the same

and microcalcifications may be detected in somgeptmns but not the others.

6. Microcalcifications should be detected even thetrast to the surrounding tissues
is small. (Criterion 5)

In general, there ar2 classes of tissues, namely adipose and fibroglandigsues,

surrounding a microcalcification, making differenbntrasts. A good detection

algorithm should be able to distinguish the miclaéaation from any surrounding

tissue.

7. The detection algorithm should be efficient. (€nin 6)
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The requirement is even more demanding in DBT bszaoultiple projections will be

processed instead Bfprojections in mammography.
7.2.2 Evaluation of Harris corner detector and anisotropt diffusion approach

Criterion 1: Applicability and performance in micro calcification detection in

mammaography

Harris corner detector

No literature has been found using this techniquecigically for microcalcification
detection. Having said that, the detector is hisadly significant and has been widely
used in image processing. There exists many ingafeersion of the detector based on
the fundamental idea e.g. using derivatives of asSian or using different cornerness
measure. The literature suggests that its detepgoformance in other images used in

the experiments is good in general.

Anisotropic diffusion approach

A few researchers have applied the technique inraoacification detection in
mammography e.g. [148, 149]. The results are @i In [148], it suggests that
“the tissue structure of background can be furtugpressed and microcalcifications be
greatly enhanced” using this filtering. In [14€]suggests that “the method provides
excellent true positive rates in both detectionisulated coarse calcifications and
microcalcifications with a very low number of falgmsitives per image” in their

experiment settings.
Criterion 2: Robustness to noise

Harris corner detector
In [150], the detectors’ sensitivity to differemvkls of noise is evaluated. It is found
that Harris corner detector performs poorly anddbgection rate of true corners goes

down sharply from low to high level of noise.

Anisotropic diffusion approach
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The principle of this approach is to remove noiganf the images without blurring
edges. If an appropriate diffusion coefficientcil®sen e.g. in Perona and Malik, the
resulting equations encourage diffusion (hence shimog) within regions and prohibit
it across strong edges. So, the edges can be yEdsehile removing noise from the

image. Hence, the approach is reasonably resistarttise.

Criterion 3: Multi-scale detection and localizationaccuracy

Harris corner detector
Harris method detects corner points at a singleesa it rarely captures all the corner
points that contain much information of the struetun the image [151]. Also, it suffers

from poor localization [150].

Anisotropic diffusion approach
The scale-space and immediate localization argtbperties of anisotropic diffusion

approach developed by Perona and Malik [142].

Criterion 4: Transformation invariant

Harris corner detector

The Harris method is rotation invariant but notls¢avariant.
Anisotropic diffusion approach

The approach is both rotation invariant and imagggesinvariant.

Criterion 5: Sensitivity to contrast

Harris corner detector
By assigning different threshold values for thenesness measure, its sensitivity to

contrast can be adjusted.

Anisotropic diffusion approach
Similarly, the sensitivity to contrast can be atgdsby changing the value of the

parameter (K) used in the diffusion coefficient.
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Criterion 6: Speed

Harris corner detector
It is slow because every pixel is involved in tremputation. Also, the convolution

step using a Gaussian filter is very time consunil’ag].

Anisotropic diffusion approach
It is slow on sequential machines because in tfiesitbn process a continuum of scales

are generated instead of a small fixed number.

Summary

Harris corner Anisotropic diffusion

Detector approach

Criterion 1: Applicability and N/A (Detection a4
performance in performance is good in
microcalcification detection in other images.)
mammaography
Criterion 2: Robustness to noise x
Criterion 3: Multi-scale x
detection and localization
accuracy
Criterion 4: Transformation Partially 4
invariant
Criterion 5: Sensitivity tg 4 v
contrast
Criterion 6: Speed x x

Table 7.1: Summary of comparison between Harrimeodetector and aniostropic diffusion approach.

7.2.3 Detection Analysis Using the Combination ApproachHarris-AD)

Our choice of detection algorithm is the combinated Harris corner detector (Harris)
and anisotropic diffusion (AD), because we wartate both advantages that Harris is a

well-known good corner detector and AD is robushadse. In this section, by using a
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real DBT dataset, we will discuss the impact of dwnerness measures of the

microcalcifications after the DBT projections areathed by AD.

(1) Microcalcifications will not be smoothed away ewdter many iterations in AD,

provided that a suitable contrast parameter K iss#n.

We start our analysis using the real DBT datasd®atient 7and we have extracted a
region containingd3 microcalcifications. We applied AD on tomo4 wik=10 and

K=30 at iterationsl0, 100and1,00Q0 The smoothed images are showrigare 7.18and

Figure 7.19
IJ? R't'l_ 4 npnF- (BOD%) |- |I|:||r_| l‘f hu‘ 4 npnp 30{} CIU _10.png (8... |. |fU|r_|

P7RCC_4_n.prg_AD_1000.tf (3007 FEX

Figure 7.18: AD smoothed images of Patient 7 airij{nal), 10, 100, 1000 iterations (from left tmyht,
top to bottom) at K=30.
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P7_RCC_4_n.png (800%) [Z]@@ P7_RCC_4_n.png_10.0_0.0_10.png (8... @@E\
431430 pixels R-hit {i nuer!ing LUT} ‘IK 131:3 pixels B-bit {i mren'mg LUTJ m

Figure 7.19: AD smoothed images of Patient 7 airiy{nal), 10, 100, 1000 iterations (from left tmyht,
top to bottom) at K=10.

The contrast of microcalcifications to the tissuesypical DBT projections should not

be too large. In this example, if K 80 (too large), then the microcalcifications are
smoothed out at large number of iterations e.gn é@® iterations. When a suitable K

(a smaller one) is chosen, eld), the microcalcifications can still be seen evetGi0

iterations.

(2) At certain iterations of AD, the cornerness measwethe microcalcifications will
be “saturated”. This means large smoothing let€nmtalcification “stands out”

while at the same time the noise points are smdahay.
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We have observed the change of cornerness meagudéerent number of iterations
for the 3 microcalcifications ab DBT projections ofPatient 7(tomo4, tomo5, tomo6,
tomo7, tomo8). We found that after a certain numtfeiterations, the cornerness
measures “saturates” (decreases slowly, flattensven increases). This is because
noise is smoothed away after a number of iterataond the cornerness measure after
this stage will mostly reflect the contrast betwesmncrocalcifications and the
surrounding tissues. The following plots showdkierage cornerness measures (Harris)
against number of iterations (AD) & microcalcifications in5 DBT projections at
K=30:
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Figure 7.20: Plots of the average cornerness meas(iarris) against number of iterations (AD) of 3

microcalcifications in 5 DBT projections of Patiehait K=30.
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As mentioned before, a poorly chosen K will leadhticrocalcifications being
smoothed away and that is why the cornerness nmesmsfirsome microcalcification in
some projections af@

Now if we used a better (smaller) K, e.g. X0- then we can see that the

cornerness measures will be “saturated” at ceviaes:
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Figure 7.21: Plots of the average cornerness mess(iarris) against number of iterations (AD) of 3

microcalcifications in 5 DBT projections of Patiehtt K=10.
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From this illustration, Harris-AD serves as a betlgorithm than either of them
individually because microcalcification detectios more dependent on the tissue
composition in the breast. The widely used Haand its simplicity that it only needs a
threshold to detect corners (in our case, micraitedtions), together with AD which
can be used to smooth out the noises, will thegetier a suitable choice to demonstrate

our epipolar-constrained adaptive image analysksetdiscussed in the next section.

7.3  Epipolar-constrained Adaptive Image Analysis

In our case of using Harris-AD detector, our detectis based on submitting a
threshold, determined by the percentage of pixdis thie cornerness measures. In a
realistic environment, it is possible that some atreély slightly dimmer
microcalcifications may not pass this thresholdame DBT projections and cannot be
detected, while the corresponding pixels in son@egtions may pass the threshold.
We may then not be confident enough to conclude thase pixels passing the
thresholds are microcalcifications. To address fhrioblem, we propose an adaptive
approach based on the benefits of epipolar cuhegstihey can help predict the position
of microcalcifications being missed in some pramts. By slightly adjusting
(lowering) the threshold in those projections nmgsthe pixels, if those missing pixels
at the predicted positions appear, then our confiden believing those pixels are true

microcalcifications increases.

7.3.1 An lllustration: Using a DBT dataset of Patient 24

We illustrate our concept using the mid&lgrojections of patien24 (tomo4, tomo5,
tomo6, tomo7, tomo8). The following figure showse toriginal images and the
detection results of our Harris-AD detection alguns by setting the threshold @f1%

of the cornerness measures of each projection:
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Figure 7.22(a)

P24_RCC_4.1if (G) (50%)
15002200 pixels, 16-bit (inverting

P24_RCC_5.1if (G) (50%)
00x20

P24_RCC_6.1if (G) (50%)
00200 pixels; 16-bit (inverting LUT), 586
™ 3§
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Figure 7.22(b)

. Cormers from P84 _ROC .06 (G (50%}
1500200 pivels, Te-nil dinvedting LLIT), SEok
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150200 piveds, To-0if (vading LU

Figure 7.22: Original image (a) and the detecti@sults using our Harris-AD algorithm (b) of patie2u.

From the figure, we can visualize that there is esthimg missing in tomo5 (red arrow).
A clearer picture will be seen if we draw out tH2 @oordinates of the points detected

in the region of thesg projections:

160



Chapter 7: Adaptive Approach Candy HO

200 tomod tomo tomos
@
150 =
[ S S
. ‘ ‘ + fomod
£ u fomok
£ 100 tomoS tomol tomo’
- tomo7
tomo8g
50
D T T T
800 900 1000 1100 1200

X (mm)

Figure 7.23: 2D plot of the detected points (4 p®inside the red circles in Figure 7.22).
In fact,2 microcalcifications are suspected in the regimuad the red circles in

Figure 7.22(b), although we have only detectégoints out o DBT projections. The
microcalcifications are highlighted as red ellipsed-igure 7.23 For the top ellipse
(microcalcification), points are missing in tomo#émo5 and tomo8 (the predicted
positions are indicated by blue arrow, red arrow blue arrow respectively); for the
bottom one, points are missing in tomo5, tomo6 tando7 (the predicted positions are
indicated by red arrow, blue arrow and blue arrespectively). For illustration, we
perform our analysis on tomo5 (the red arrows).ingy®pipolar curve analysis, we
predict the locations of th2 points are(929, 156)(for the top one in the figure) and
(976, 143)(for the bottom one in the figure) if they are moalcifications. Our
adaptive approach tries to adjust the thresholdnmo5 a little bit, let's say, by setting
the threshold 00.2% of the cornerness measures of tomo5. This meanswer the

threshold a little bit, allowing more points to thetected. Here are the detected results:
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. Corners - P24_RCC_5.tif: 25973 (75%)
1500200 pixels, T6-hit (inverting LLIT); 586K

. Corners from P24_RCC_5.tif (G) (75%)
1600200 pixels; TE-bit (nvering LUT); 586K

Figure 7.24:Detected results of tomo5: Using 0.1R6anerness measures (Top); Using 0.2% of
cornerness measures (Bottom).

The detected positions of the two points @%6, 143)and(930, 157)where we
have predicted the positions @¥6, 143)and (929, 156)respectively. The magnified

region is shown in the following figure:

L P24 _RCC_5.tif (G) (50%)
1500x200 pixels; 16-hit {inverting LUT); 586K

Figure 7.25: Detected results of tomo5: Using 0.4P6ornerness measures (Top); Using 0.2% of
cornerness measures (Bottom).

It is therefore likely that the microcalcificatiprare at the positions.
7.3.2 Results of More Real DBT Examples

We now show some more results using real DBT detas@Note: The purpose of the
experiments is to illustrate the adaptive approaoly and we focus only on the

suspected points. THeé of cornerness measures are chosen differentlylalioerately
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so that the suspected points can be shown afteutattn. Having said that, all
examples show only small adjustments in the thidskalues. In reality, théo of
cornerness can be determined empirically and aistsgn on the consideration of the

adjustment is given in Section 7.3.3.)

(1) Patient 13 (P13 _LCC):
The points appear in tomo4 when the threshold vehanges fron0.7%6 to 1.0°6 of

cornerness measures:

L P13l ILL |p;‘;|| l[: 10t JiL=]| EEE Corners -P13 l(r 4. pgm_AD_10.1if; 70
s _ |9 5 e

- Corners P13 LCC_5.pgm_AD_10.4i: 89

Figure 7.26: Original images (Left); Detection rétsuinitially (red arrow indicating possible misgin
point) (Middle); Detection results after threshaldjustment (Right) of patient 13.

(2) Patient 16 (P16_LCC):
The points appear in tomo7 when the threshold vehanges fronl.2% to 1.3% of

cornerness measures:
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Figure 7.27: Original images (Left); Detection rdéisuinitially (red arrow indicating possible misgjn
point) (Middle); Detection results after threshadjustment (Right) of patient 16.

(3) Patient 19 (P19_RCC):
The points appear in tomo5 when the threshold vahanges fron®.3% to 0.5% of

P19_RCC_5, pgm_AD_10.1if: 11 (=1
00x1 00 preals, B-at, 39K

B

P19_RCC_6.pam_AD_10.1if: 20 CEX
40001 00 pocals, B-bat, 39K

P19_RCC_6. pemAD_10.4if ':||'E'J:E| P19_RCC_6:pgm_AD_10.1if: 44 | ] BIX
00 0t D000 (4001 003, 5-bif (irvartng LUT), 38 A00x1 , 9-bit, 30

3
P19_RCC_7.pgm_AD_10.tif: 15 EI@EI

(% @Q
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(@
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@ ) ) .

°© "9 . 0

Figure 7.28: Original images (Left); Detection rdtsuinitially (red arrow indicating possible misgjn
point) (Middle); Detection results after threshaldjustment (Right) of patient 19.

P19_RCC_8,ppm_AD_10.tif 4 P19_RCC_§ Aif: 45 [9]=].3]
400001 00.00 (4001 007, 8-bit S—
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7.3.3 Considerations in Threshold Adjustments

In the previous examples, initially the thresholdues are chosen according to the top
a% of cornerness measures in the projections. Thengslightly increasea to a’
incrementally. By doing so, the threshold is logegkrso that more points are detected
and the missing points can hopefully appear.

Two parameters, to be determined empirically, lsarconsidered in settiray:
amax the maximumPo of cornerness measures (which controls the minirtweshold
values allowed for detection)h, the belief that the detected projection points
representing one same microcalcification (To futig belief, the number of DBT views
that the same suspected microcalcification is dedetcthe total number of DBT views,
should be greater than the belief. If so, we aefident that the detected points
represent one same microcalcification.).

For example, assume there d&& DBT views. Initially we set a $.1 of
cornerness measures for detection. Suppose,ledya suspected microcalcification is
detected irb DBT views (e.g. in DBT viewsi, 2, 5, 6, J. Suppose that we want a
belief of 0.5. In other words, we are confident only if thejpobion points representing
the same microcalcification is detected in at I§aBPBT views. So, we need to adapt
the threshold values to see whether it can fuliit belief, i.e. we adjusa to a’. By
incrementally setting’ (< amay in those DBT views that the points are not det¢t.e.
in DBT views:3, 4, 8, 9, 10, 11, 12, 13~ve check whether the points can be detected in
the predicted corresponding positions using a't dag/, whera’ = 0.3 (< amax= 1), the
points can be detected in the predicted positionBBT views10, 11, 12 Now, we
have8 DBT views. 8/13 = 0.62is larger than our belief (which is equalG®). So
now, we are confident that these correspondingtpamthese 8 DBT views come from
the same microcalcification. It is noted that theerocalfication points may not be
detected in some DBT views (e.g. DBT vie®s4, 8, 9, 13n this example.) no matter
how we adjust the threshold. This may be causedhbypoor contrast with the

surrounding tissues when X-rays are captured isdlparticular angles.
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7.4  Conclusions and Discussion

In this chapter, we have illustrated an adaptiver@gch to microcalcification detection
in an individual projection in DBT using a combiiwext of Harris corner detector and
anisotropic diffusion. We have shown that in someal DBT datasets,

microcalcifications originally not detected in somjections can appear by adjusting
slightly the thresholds. This assists our decisionletermining whether the detected

points come from a true microcalcification.
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Chapter 8

Epipolar Curves Approach II: Belief
Propagation for Microcalcifications
Detection in DBT

Markov random field (MRF) models have been widebed in solving problems in
image analysis and computer vision e.g. the setatien of a medical image into
tissue classes; image restoration from noise; ptiedi disparities in stereo vision; and
finding displacements in registration. Applyinget MRF framework for the
segmentation of microcalcifications from other uissclasses (i.e. microcalcification
detection) in a mammogram has also been studied d@mdonstrated e.g. [131].
Contextual relations between the pixel labels ofeaghbourhood is modelled using a
random field so that a labelling (assigning pix@smicrocalcification class or other
tissue classes) is found with maximum posteriobabaity (MAP). With the multiple
projections available in DBT and with our epipolaurves approach providing
geometric information, contextual constraints witther projections can be utilized.
This includes the cross correlation constraint seneeighbouring projections and the
consensus constraint in all projections. By apyhese constraints, a novel approach
based on using MRFs in microcalcification detectionDBT is developed in this
chapter. Since the MRF framework yields an optatian problem that is NP hard,
good approximation techniques based on belief gagpan have been developed.
Specifically, an implementation of the max-prodhbetief propagation (BP) from [153]
has been adopted.

The outline of this chapter is as follows: Fiwstorief introduction to the MRF
framework will be given. We then discuss how owtedtion problem can be
formulated within the MRF framework. Instead ofidaving the instinctive assumption

that microcalcifications and non-microcalcificatsoolasses are labelled for each pixel,
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we move one step further and assign to microcedtibn pixels a label that is an
integer depthd, indicating the depth of the corresponding micloGaation in the
breast, while all non-microcalcification pixels amssigned a label that amounts to a
meaningless value. Our aim is to find a labellisghg MAP. We do this by converting
the problem to an equivalent energy minimizatioobpgm. The formulation of the
energy minimization function, which consists of aalcost term and a discontinuity
cost term, will be detailed. The data cost ternrasnees how much it costs to assign a
particular labelf jto the pixelp, while the discontinuity cost term measures hoveimu
it costs to have differences in the lalfglfor a neighbouring pixed having given that
the label of pixepis f . In our case, the cost terms are related todbktsen assigning

a depthd to pixel p. We define our cost terms using the detectiomlt®scross
correlation with neighbouring projections and deptinedicted from other projections.
Next, the BP approach will be reviewed for perfargrinference on our MRFs. The
message passing mechanism of BP and the computafiomessage updates is
presented. We then propose a workflow for ouortigm. The algorithm consists of
three steps: Step 1) Detection in a single pragerStep 2) Initialization — Generation
of depth maps using neighbouring projections ofiigp 3) Iteration — Generation of
depth maps using all the projections. To illugtridte method, a step by step example is
presented. Following this, we will show resultsngsreal DBT datasets obtained as
part of the TSB collaborative project with Dexela L The results are promising in that
the depths assigned by the BP are consistent hatbetobtained from a state of the art
DBT reconstruction algorithm.  Using our BP appigamot only can the
microcalcifications be detected, their approximdepths in the breast can also be

determined concurrently. Finally, a conclusion distussion section will be given.
8.1 Markov Random Fields (MRFs)

A Markov random field [154, 155] is an undirectadghical model which has a set of
nodes (pixels in the case of an image) represemtisgt of random variables (8.1.1)
satisfying Markov properties (8.1.3), connecting lky set of undirected links

(relationship with neighbouring pixels) (8.1.2).
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8.1.1 Labelling Problem

MRF theory is a branch of probability theory foralyzing the spatial or contextual
relationships of physical phenomena. In image gssing, it is about analyzing the
spatial dependencies between neighbouring pixeys,fdlowing the probability
distributions according to the image content. (&cellent discussion on MRF in
image analysis can be referred to [155].)

The labelling problem is to assign a label to eackel p in @ where a

rectangular lattice for a 2D image of simex ncan be denoted by:
P={@(,j)|lsi<ml<j<n} Eqgn. 8.1

Each random variable corresponds to a node areb talues from a set of
labels f, 2. It has a set of probabilities correspondingaoch labelf ,. A label can
be discrete or continuous. For example, the lalvelg correspond to tissue classes in
the case of image segmentation, intensities ircse of image restoration, disparities
(depths) in stereo vision, or displacements in ¢hse of image registration. Our
ultimate goal is to find a labelling with MAP foiné whole image. In other words, we
wish to determine the best labelling configurationthe image and this is determined
by the contextual constraints in the image.

Contextual constraints are expressed locallynmseof conditional probabilities
P(f,|{f.}) , where{ f. denotes the set of labels at the other sités, or globally as
the joint probabilitiesP(f ) Generally, the labels are assumed to be indem¢r(do

context), in which case the joint probability i€ throduct of the local ones:
P(f):rlp(fi) Eqn. 8.2

10p

This implies the conditional independence:
P(f.|{f.}) =P(f) 1'#i Eqgn. 8.3

In the presence of context, the labels are in fiagtually dependent. Usually,

however, they are primarily dependent to their hkayrs.
8.1.2 Neighbourhood System

The pixels in® are related to one another via a neighbourhootesys” which is

defined by:
N ={w, |Op02} Eqn. 8.4
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For a regular lattice, in the first-order neighbourhood system, also datle4-

neighbourhood system, every (interior) pixel hag feeighbours (Figure 8.1):

Figure 8.1: The 4-neighbourhood system.

There are other neighbourhood systems su@iresghbourhood system and so
on. In our discussion, we will use the first-oraeighbourhood since it is sufficient to
demonstrate our concepts.

In a MRF, a node (pixelp is connected with its neighbours with links. Each
link shows the interaction of pixgd with its neighbourad,. Regarding the labelling
problem, it concerns the relationship between ppxéking assigned labdl, and its

neighbour, pixef, being assigned labdl, .
8.1.3 Markov Property

A MRF on imagepP w.r.t. a neighbourhood systemis defined if it fulfils the Markov
property that a variable is conditionally indepemidef all other variables which are not
its neighbours It means that the assignment of labels in anypixels is independent

if the pixels are not neighbours to one another.
8.1.4 Definition of Markov Random Fields

Now the MRF can be defined and rewritten using oamdvariables, labels,
neighbourhood system, probability theory and thekida property together.

Let F ={F,,...,F,}be a family of random variables defined on the ien@gin
which each random variabl€, takes a valuef;in £. F is said to be a MRF on image

®w.r.t. neighbourhood systemiif and only if the following two conditions aretsdied:
(1) P(f)>0,00f OF Eqn. 8.5

(2) P(f; | f,,)=P(f | f,) Eqn. 8.6
where P(f )is the joint event of all random variables at opafigurationf, # is the set

of all configurationsf, ,is the set of labels at pixels other thaand f, is the set of

®-fi)

labels at the neighbourhood iof This means that the joint probabiliB( f is)uniquely
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identified by the local conditional probabilitiesgm (1)) and only neighbouring labels

have interactions with each other (from (2)).

8.2  Labelling for Microcalcification Detection in DBT — Depth of a

Microcalcification in the Breast
8.2.1 Our Label Set

The microcalcification detection problem can be eimdl as a labelling problem.
Combining the concepts in: [131] which models th&rotalcification problem as
tissue classification problem using MRF, [153] wheorresponds the labels to different
disparities in early vision problem, and [156] whigredicts displacements across two
images in image registration, we develop a MRF a@@gh using the deptd of a
microcalcification in the breast as the label to dssigned to each pixel in a DBT
projection that corresponds to that microcalcifmat

It is important to note that our definition ofadle refers to the world coordinate
system defined in the geometry of DBT acquisitigatem as discussed in Chapter 6.
In the notation introduced in that chapter, dedtimeans the coordinate of the
microcalcificationm (a, b, c)in world coordinates. More precisely, this refessthe
depth of the microcalcification in the breast fréime defined reference point which is
set at the pivot of the rotation arm. Differentgdipositions across different projections
representing the same microcalcification therestrare the same depdh

In a DBT projection, it is only meaningful to idégt the depthd for a
microcalcification pixel. Here, we modeélas discrete and adopt the resolution as used
in DBT slices. More precisely is an integer representing the depth from thetpivo
point. For example, if the breast88 mmthick and is20 mmabove the pivot ané0
mm below the pivot, and the resolutionismm we have81 discrete deptld values,
ranging from-20, -19, -18,..., 0, 1, 2, ..., 6QNote: for implementation purposes, we
can simply shift thel values so that they range frdnto 80.)

There is no concept of depth for non-microcalctfma pixels, because each
pixel represents the integrated X-ray attenuatieer ahe whole trajectory of the

primary ray through the breast tissues. So, feelpiother than microcalcifications, the
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depth label assigned to them is “MEANINGLESS”. (&tofor the purposes of
implementation, we can simply give it a valuedafin this example.)

Our label ser is therefore defined by:

£={0123,....d,, - 1d,,."MEANINGLES'} Eqn. 8.7

whered,_ . is the maximum depth of the breast and labéb d ., are integer values
(shifting for illustration and implementation pug®s only), and a non-integer
“MEANINGLESS” meaning the pixel does not have attiep In other words, if a pixel
is assigned to an integer label, it means it isi@aualcification; otherwise it is not a
microcalcification.

By solving such a labelling problem, not only came solve the
microcalcification detection problem, we can alsetireate the depth of the
microcalcifications in the breast. The two crititasks in the early detection of breast

cancer are solved in one go.
8.2.2 Relationship of Depth and Displacement Across DBTmBjections

Instead of labelling the pixel with a displacemealue or disparity as in [153, 156], our
label corresponds to the depth of a microcalciitcain the breast. But a depdhn the
breast actually represents a pixel displacemer#, orv—ve,disp, across neighbouring
projections. This is derived from the geometryepipolar curves developed in Chapter
6.

Recall that the equations of epipolar curves @addrived as follows:

| Da-LER g o (u+a =T R0G )
{xi}_ c+ Dcosd, c+ Dcosd
s | L + D cosé. Eqgn. 8.8
Yi - +v+(b+ _
yof‘f ( yof“f)c_l_Dcosei

We have noted that for the non-linear terms, weehav

L+Dcosf,, | _ L+Dcosf,

(c+ Dcos@iﬂj~ c+Dcos,
remarks:

. So, we make the following approximations and

(1) For the same microcalcificativi(a, b, c) they-coordinates are approximately the

same in all projections.
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(2) Sincesin 0.1 — sing; = 0.05with 4 in our range, this gives nearly a straight line

) + ) . + )
with slope :D(l—Lcosg') and y-intercept :(u+a(LCOSH'). Hence, for
c+Dcosg c+Dcosd
the same microcalcificatioom(a, b, c) the spacing inx-dimension between
consecutive projections is approximately equal, to

L +Dcosd,
c+Dcos,

words, a microcalcification appears on pigeh projectioni should appear on pixel
(p + (it1l-i)*disp) (= p + 1l*disp) in projectioni+1l and pixel p + 2*disp) in
projectioni+2 and pixel p + m*disp) in projectioni+m and so on.

(D@- )(sin@,,, — 6)), which displacement we denote tgp. In other

Given the epipolar curves, each degttwhich equals coordinatein this case)
corresponds to a single displaceméisp. So for a depth at pix@, we now know one
corresponding pixel in each of the other projecioiThis is useful in the design of the
cost terms in the energy minimization function titais now feasible to include the
information from other projections for the compigat In our approach, the labéis
determined based on the correlation with neighlmguprojections and the number of
counts of same depth in the corresponding pixetgher projections. More details will

be given in Section 8.4.
8.3 MAP-MRF Labelling

Our aim is to find a labelling for each DBT project with maximum posterior
probability (MAP) (MAP-MRF labelling problem). lather words, we want to assign a
depth to each pixel in each DBT projection so fim&t joint posterior probability is
maximized in each DBT projection.

This labelling problem can be converted to an aant energy minimization

problem, given by the energy function [153, 1554157
E( f) = Wdataz Dp(fp) +WdiSC ZV( fP B fq)

o0 (PN Egn. 8.9

where D (f ) is the data cost which measures the cost of asgidgabel f to pixelp;
V(f, - f,) is the discontinuity cost which measures the cbstssigning labeld  to
pixel p and f,to pixel g which is a neighbour ob in a 4-connected neighbourhood,;
W, andw,,. are the weights of the data cost and the discoityi cost in the function.
The reason why the MAP-MRF labelling problem cancbnverted to an energy
minimization problem is because of a theoreticaultethat establishes the equivalence
between MRFs and Gibbs distributions (Hammersleg @tifford Theorem) [158]
which provides a mathematically tractable meanspetifying the joint probability of a
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MRF. The theorem states tHats a MRF on latticeS (in our case image) w.r.t. the
neighbourhood systemv'if and only ifF is a Gibbs Random Field (GRF) &w.r.t. to
N.

8.3.1 Gibbs Random Fields (GRFs)

A set of random variableB is said to be a GRF o8 w.r.t. to & if and only if its

configurations follow a Gibbs distribution. A G#bblistribution is in the form:
1
p(f) =Ee><p[-U ()] Eqn. 8.10

wheref is a configuration oF, U(f) is called the energy function a@ds a constant for

normalization.
8.3.2 Energy function is a sum of clique potentials

The energyJ(f) is a sum of clique potential4(f Qver all possible cliques:
U(f)=> V.(f)
cdc

Egn. 8.11

Note a cliquec for (Sto %) is defined as a subset of sites (in our caselixn
S In our case ofi-neighbourhood system, it consists of either alsisgec = {i}, a
pair of neighbouring sites = {i, i’} wherei andi’ are neighbours to each other. The

following figure shows the cliques in the neighbdmamd system we used:

Figure 8.2: Cliques of the 4-neighbourhood system.

So, in our case, the energy can also be written as

U(f)=ZV1(fi)+z ZVZ(fi'fi') Eqn. 8.12

ity (0,
This is exactly the form as the one we have digi§sgn. 8.9. Hence, to maximize

the joint probability of labelling, what we need@minimize the energy function.
8.4  Energy Minimization Function

The design of the data cost term and the discakyicost term is crucial in solving our
microcalcification detection problem in DBT. It ioted that the cost assignment is

different for labels with an integer depth valuenfecrocalcification pixel) and label as
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“MEANINGLESS” (a non-microcalcification pixel). Thprinciple of the assignment is

discussed as follows:
8.4.1 Data Cost

Data cost terr ,(f ) is the data cost of assigning the degptb pixelp in projectioni.
There are2 situations when data cost is considered: (1) Wby information of
neighbouring projections is considered (during ithigalization step); (2) When depth

information of all projections are available (irettberation step).

8.4.1.1When only information of neighbouring projections aonsidered

(a) Labels with an integer depth value

Principle 1:The cost is related to the detection results ofgationi. The more likely
the pixel is to be a microcalcification, the lowerthe cost to assign to this label (depth
with integer value).

As an illustration, for the reasons outlined ie firevious chapter, we used the
Harris-AD as our detection algorithm. For eachepix a projection, the algorithm
returns a cornerness measure, representing atbetra pixel is a corner (in our case a
microcalcification).  The higher the measure, theren likely the pixel is a
microcalcification. To represent this measuretietato other pixels in the projection,

we use a cornerness ratio, which is:
cornerness_ratio

= cornerness of pixgl / max_cornerness in the projection Eqn. 8.13

So our data cost term depends on the pixel's owmerness measure

represented by its “cornerness_ratio”. The lathisrratio, the smaller the cost.

Principle 2: The cost is related to the cross correlationevaluregion centred at pixpl
with the corresponding regions in the neighbounngjections. The more correlated
they are, the less the cost to assign to this bisl specific depth) is.

One approach to identifying a pattern within arag®a uses cross correlation of
the image with a suitable mask [159]. It is likelyat a microcalcification region
centered at pixgd in projectioni will have high correlation with a correspondingjican

in projections(i-1) or (i+1). When the depth at a pixglis d, for projection(i-1), the
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region should be centered gi-disp(d); for projection(i+1), the region should be

centered atg+disp(d). The correlation is calculated by:
L IQuziiNiy2 (nejghboufi +disp+ii][ j + jj] — neighbou)
rilfil= .

ii=—nNj/zi=—ni/2* (current_ projectiorfi +ii][ j + jj] — current_ projection
Eqgn. 8.14

where neighbourand current_ projectionare the mean of neighbour regions and the
mean of current projection regions respectivély*Nj are the size of the region for
computing the correlation.

So our data cost term depends on this correlatédnev(absolute value). The
larger this value, the smaller the cost.

Hence, we come up with our data cost term forltalvéh an integer value:

D,(f,)=1-cornerness_ratio*correlation Eqn. 8.15
The data cost will then range frddrto 1 since both cornerness_ratio and correlation are
betweerD and1.

A point to note here that a problem with using srogrrelation in general is the
computational complexity, because the transformatetween the two regions for
which the cross correlations are computed may faeeafin our case, a translation xn
andy, as well as a rotation and possibly a scaling.wéieer, as a direct result of the

epipolar analysis, there is no rotation, no tramshain y, and no scaling, and so the

search for thelispvalue is one-dimensional.

(b) Labels “MEANINGLESS”

The cost is a relative value compared with the sceghen other integer labels are
assigned to the same pixel If the minimum data cost computed in other ietelgbels
is smaller than, say).5, this means it is likely that this pixel is a nucalcification, a
large data cost value should be assigned, letlsay)therwise it is likely that it is a

non-microcalcification, a small data cost valuewdtdde assigned, saf,

8.4.1.2When depth information of all projections are aablié
(a) Labels with an integer depth value

The more the corresponding pixels in other progei having similar depth
with pixel p (count), the more likely that has this depth (this label), the less the cost to
assign to this label is. We term thisulti_cost = (1 — count/NO_OF_PROJECTION)
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Hence, we propose the following data cost termdbels with an integer value:
D,(f,)
p p

,(1-cornerness_ratio*correlation)#,, Eqn. 8.16

=W,eiq q multi_cost

wherew,;,, and w,

multi

are the weights of the cost with neighbouring @ctpns only

and the multiple projection cost respectively.

(b) Labels “MEANINGLESS”

The cost is determined by the maximum count amolhgingeger labels
(max_count). If there exists some count whichdsyMarge, this means that it is likely
that the pixel has a depth, implying that it is @nwcalcification. So the multi_cost is

computed as max_count/NO_OF PROJECTION.
8.4.2 Discontinuity Cost

V(f, - f,) is the discontinuity cost which measures the obstssigning labels to
pixel p and f,to pixelq which is a neighbour gf in a4-connected neighbourhood. It
measures how similar the depth of pixelvith its neighbourg. If both depths are
integers, the smaller the difference, the more #reysimilar, the smaller the cost . Itis
noted that there is no preference if any of thefMiIEANINGLESS” because it may be
possible to have a microcalcification among theugs or the pixel may be part of the
tissue. So the cost is undetermined in these cashe computation of discontinuity
cost is the same for both situations whether dapfibrmation of all projections are

available.

(a) For both pixep and neighbouring pixel having integer depth values

The cost is based on the difference between labelser than on their actual
values. The cost of assigning a pair of labelsgmhbouring pixels is based on the
degree of difference between the labels. Neighhguyixels with similar depth should
have a smaller cost. Since a microcalcificatias b size and so it may span a few
pixels, the depth of its neighbours should shareilai depth as pixep. So, it is
favourable if f - f, is small. The cost increases if depth of ppeés very different

from its neighbour.
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(b) For pixelp having a “MEANINGLESS” label and neighbouring plixg having
integer depth values
We do not need to bother with this case becaus¢ whaeed is the minimum
cost among all the labels of pixein the message computation of the BP algorithm, S
we will return the minimum cost when pixplis an integer during the computation.

(More details will be given in the discussion of BFhext section.)

(c) For pixel p having any label and neighbouring pixel having a label
‘“MEANINGLESS”

Since we do not have preference if the neighbalejsh is “MEANINGLESS”,
we have no way to assign the discontinuity costiglviis about the similarity between
neighbouring pixely and itself (pixelp).) But we anyway need to assign a cost when
the neighbourgis “MEANINGLESS” andp is some label. Hence, we look for an
alternative way to assign cost. This is basedixal jg's cornerness measure and from
this we will determine whetheris worth to be "MEANINGLESS" in this situation.

If g has a large cornerness value, this means it iglylikhat it is a
microcalcification and it is likely that it has anteger depth, but here we say it is
“MEANINGLESS” (contradiction), so the cost is largéor pixel g to be
“MEANINGLESS”. Similar, if g has a small cornerness value, it is likely thas it
“MEANINGLESS?”, so the cost is small.

Now we know the "relative" cost assignment, whighelated to the cornerness
value ofg. In order to have a basis to perform the assigmtbe maximum and
minimum of the discontinuity cost whgnandq are integer labels are adopted when

pixel g's cornerness value is small and large respectively

8.5 Max-Product Belief Propagation (BP)

We follow the BP implementation in [153].
The max-product BP algorithm is an iterative mdthio which messages are
passed from all nodes around the graph definechéyfdur-connected image grid in
t . - - -
parallel. Letm ., be the message that pixelsends to a neighbouring pixglat
iteration t. All entries in m‘;_>q are initialized to zero, and at each iteration new

messages are computed as:
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mtp—>q(fq) = n?:n(V(fP - fq)+ Dp(fp)+ zm;:];p(fp)j Eqn 8.17

sSIMp\q
where Np) \ ¢ denotes the neighbours pfother thang. After T iterations, a belief

vector is computed for each node,
b, (Tq) = D (fo)+ 2 my.q(fo)

o Egn. 8.18

Finally, the Iabelfq* that minimizedb, (f,) individually at each pixel is selected.
8.6  Workflow of Our Algorithm and a Step-by-Step Example

Our algorithm consists of three steps:

8.6.1 Step 1) Detection in individual projections

The algorithm starts by detection in each of theliBojections individually, using the
Harris-AD. The output of the algorithm is that eweixel will have a cornerness
measure, indicating its likelihood of being a btigtite spot. The larger the value, the
more likely it is a microcalcification. Note that do not expect the detector to give us
"near perfect” microcalcification detections, i thense of maximising the true positive
fraction (TPF), while minimising the number of falpositives (FP), rather we need to
find a suitably high TPF and sufficiently low FPaththe epipolar constraint can
improve both.
As an illustration, we will detection microcal@étions in4 projections in our

dataset Patient 7 P7_RCC, namely tomo4, tomo5, Gptomo7.
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. P7_RCC_4.pgm E@@ - Corners from P7_RCC_4.pgm
400x1 00 pixels; 8-hit {inverting LUT); 391K 4DDx1 00 pixels; 8-hit {inverting LUT); 39K

. _

. P7_RCC_5.psm X| . Corners from P7_RCC_5.psm
400x100 pixels; 8-hit {invering LUT); 39k 4DDx1 00 pixels; 8-hit {inverting LLUT); 39K

O _

= Corners from P7_RCC_6.pgm
4DDx1 00 pixels; 8-hit (inverting LUT); 39K

b

= Corners from P7 RCC 71.pgm
4DDx1 00 pixels; 8-hit (nverting LUT); 39K

Figure 8.3:0Original images (Left) and detectionutts (Right) of Patient 7.

From the figure, we noted the three bright whitetspn the projections (in red
circle), which have a slight shift across projestio We first used the detection
algorithm to generaté lists of cornerness measures. The figure shoase$ults if we

use a threshold &0.

8.6.2 Step 2) Initialization — Generation of depth maps sing neighbouring

projections only;

In this step, we generate a depth map for eactegion using only neighbouring
projections. As discussed previously, the neighinguprojections are used for the
computation of the correlation during the data aadtulation. As an illustration, we
used the next projection as the neighbouring ptiojece.g. for generating the depth

map of tomo4, we used tomo5. Here are the depéapsm
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. P7_RCC_4_depthmap_0.psm |_HEHX|
4DD)<1DEI pixels; B-bit 39k

P7_RCC_5 depthmap_0.psm [._| [:] E|
400100 pixels; B-bit 39k

P7_RCC_6_depthmap_0.pgm r—|[_“3T]

400x100 pixels; 8-hit, 39K

. P7_RCC_7_depthmap_0.pgm EW:“EI

400x100 pixels: 8-hit, 39K

Figure 8.4: Depth maps using neighbouring projecsi@nly.

From the figure, we showed that the results of &Borithm using just
neighbouring projections are promising and at leashparable with other single
detection algorithms, in our case, Harris-AD. Iddiéion, the depths of the
microcalcifications are also estimated. In thisisiration, the depths for thosg
microcalcifications are betwedrb mmand18 mm When we tried to reconstruct them
in 3D using a reconstruction method based on oyo&gy curves formulas (to be
discussed in Chapter 9), we found that the estundépths are consistent. Using the
reconstruction method, the depths of these 3 madcdications arel5.64 mm17.42
mmand17.62 mm We have also compared these with the slice ntsnipenerated
using typical DBT reconstruction algorithms andrfduhat the results are consistent.

Note in the projection tomo6, therelimbvious spot on the right (red circle). It

will be removed after we consider the depths mdadl projections in the next step.
8.6.3 Step 3) Iteration — Generation of depth maps usingll projections

After the initial depth maps are generated for gadjection, we can now utilize this
information to enhance the computation of the jgndbability of the MRF-MAP
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labelling problem. We include the multiple projeas constraint into the data cost
computation.

In our example, we now obtaineddepth maps from Step 2. By adding the
consensus constraint of counting the number oflaindepths in the corresponding

pixels, we obtained new depth maps:

P7_RCC_4 depthmap_1.pgm
400100 pixels; 8-hit; 39k

P7_RCC_5_depthmap_1.pgm
400100 pixels; 8-hit, 35k

P7_RCC_6_depthmap_1.pgm _r. |[_||XJ
400100 pixels; 8-hit;, 35k

. P7_RCC_7_depthmap_1.pgm
400100 pixels; 8-hit, 35k

Figure 8.5: Depth maps using all projections.

From the figure, we can see that the spot originadl projection tomo6 is

removed since it does not get the consensus frber projections.

8.7 Results Using Real DBT Datasets

Here, we show some more results after running anfiewe real DBT datasets on our BP

algorithm using multiple projections:
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(1) Patient 12 (P12_LCC):

P12 LCC_4.pgm [[=0[E3 . P12_LCC_4_depthmap_1.pgm
A00x100 pixels; 8-bit {inverting LUT); 39K A00x1 00 pixels; B8-bit; 391K

P12_LCC_5.pgm _ _ L p1 2_LCC_b5_depthmap_1.pgm
A00x100 pixels; 8-bit {invering LUT); 39K A00x1 00 pixels; 8-bit;, 391K

P12 LCC_6.pem =13 P12_LCC_6_depthmap._1.pam
400100 pixels; 8-hit finverting LUIT); 351K 400100 pixels; 8-hit; 38K

L P12 LCC_7.pem B ! p12_LCC_7_depthmap_1.psm e
A00x100 pixels; 8-bit {invering LUT); 39K A00x1 00 pixels, 8-bit; 391K

Figure 8.6: Original image (Left) and depth mapsgsmultiple projections (Right) of patient 12.

(2) Patient 13 (P13 _LCC):

Figure 8.7: Original image (Left) and depth mapsgsmultiple projections (Right) of patient 13.
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(3) Patient 16 (P16_LCC):

Figure 8.8: Original image (Left) and depth mapsgsmultiple projections (Right) of patient 16.

(4) Patient 17 (P17_RCC):

P17_RCC_4.pgm M= P17_RCC_4_depthmap_1.pgm
400x100 pixels; 8-bit {inverting LUT); 39k 400x100 pixels,; 8-bit; 39K

P17_RCC_5.pem A=1E3 P17_RCC_5_depthmap._1.pem
400x100 pixels: 8-bit {nverting LUT); 38k 400x100 pixels; 8-hit; 39k

P17_RCC_&6.pom :_: P17_RCC_6_depthmap_1.pgm
400x100 pixels; 8-bit {inverting LUT); 39k 400x100 pixels; 8-bit; 39K

P17 _RCC_7.pgm : E i P17_RCC_7_depthmap_1.pgm
4003{100 pixels; 8-bit {inverting LUT); 39k 400x100 pixels; 8-bit; 39k

Figure 8.9: Original image (Left) and depth mapsgsmultiple projections (Right) of patient 17.
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(5) Patient 19 (P19_RCC):

. P19_RCC_4.pgm (G) |ZJ|E”E| _RCC_4_depthmap_1.psm (G)
400100 pixels; 8-hit {inverting LUT); 39K 400100 pixels; 8-hit, 39K

P19_RCC_5.pem (G)
400100 pixels; 8-hit {inverting LUT); 39K

| P19_RCC_6.pgm (G) E”'E“g] P19_RCC_6_depthmap_1.pgm (G)

400100 pixels; -bit (nverting LUT), 39K UKL piFels Bk Hk

P19_RCC_7.pgm (G) ' P19_RCC_7_depthmap_1.p2m (G)
400100 pixels; 8-hit (inverting LUT); 359K 400x100 pixels; 8-hit; 39K

Figure 8.10: Original image (Left) and depth massng multiple projections (Right) of patient 19.

(6) Patient 20 (P20_RCC):

. P20_LCC_4.pgm |;J|E|rz| . P20_1LCC_4_depthmap_1.psm
400x100 pixels; 8-bit {inverting LUT); 38k 4DDx1DD pixels; B-bit; 349k

. P20_LCC_5_depthmap_1.psm
4DDx1DD pixels; 8-bit; 39K

. P20_LCC_6_depthmap_1.psm
4DD><1DD pixels: B-bit; 39k

L P20_LC
400100 pixels; 8-hit; 39K

Figure 8.11: Original image (Left) and depth magéng multiple projections (Right) of patient 20.
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(7) Patient 24 (P24_RCC):

P24 _RCC_4.pgm (G) =13 P24_RCC_4_depthmap_1.pgm (G)
01 00 preels, B-bit (rverting LUT), 391 A00x100 pixels; 8-hit; 39K

P24 RCC_5.pgm (G) : _ _ . P24_RCC_5_depthmap_1.pegm (G)
400100 pixels; 8-hit {inverting LLIT); 391K 4DD><1DD pixels; 8-hit; 39K

P24_RCC_6.pgm (G) =] P24 _RCC_6_depthmap_1.pem (G)
400100 pixels; 8-hit {nverting LUT); 39K 400x100 pixels; 8-hit; 35K

. P24 RCC_7.psm (G) . P24 _RCC_7_depthmap_1.pgm (G)
400100 pixels; 8-hit {nverting LLIT); 391K 400x100 pixels; 8-hit; 35K

Figure 8.12: Original image (Left) and depth massng multiple projections (Right) of patient 24.

8.8 Conclusions and Discussion

In this chapter, we have proposed a novel appraachicrocalcification detection in
DBT using MRF and BP. We have also shown somedtseasing real DBT datasets
using our approach. The results are promising.tefims of detection results, it is
comparable with a single detection algorithm (élatris-AD in our case.). In addition,
the depths of the microcalcifications in the brezst be estimated at the same time that

no single detection algorithm can give us suchrimégion.
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Chapter 9

Epipolar Curves Approach Ill: The
Reconstruction of Microcalcification
Clusters in DBT

In the two previous chapters, we showed how ouypaar curves approach improves
microcalcification detection in individual DBT pegtions adaptively (Chapter 7) and
leads to novel algorithms based on MRF and BP ifauléaneous microcalcification
detection and depth estimation (Chapter 8). s thiapter, we apply our derivations
of epipolar curves to determine the 3D positiongmiérocalcifications. From this
reconstruction, we will be able to visualise angragimate more accurately the shape
and distribution of the microcalcifications in auster, which provides one of the
fundamental criteria in deciding whether the cluste evidence for malignant or
benign disease.

Section 9.1 reviews some reconstruction algorithrdeveloped for
mammography, and then Section 9.2 presents sontbeogxisting reconstruction
algorithms in DBT, all of which are focussed on eleping a representation of the
entire breast. However, the reconstruction ofDav®lume from a DBT data set
continues to have substantial limitations due ®rhll space problem, which makes
the reconstruction under-determined.

In a breast, the vast majority of tissue is normse may be interested in
normal tissue to some extent, but we are definitetyye concerned with potentially
abnormal tissue. One such kind of abnormality isrecalcification clusters. Instead
of investigating the common reconstruction approachuilding up the whole breast
and extracting the parts of microcalcification ¢téws, we adopt an approach of
considering only that portion of the breast — retarction of microcalcification

clusters only. In Section 9.3, we continue ourcaksion of epipolar curves and
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introduce methods for finding the 3D positions a€mcalcifications. Following this,

we illustrate some results with real DBT datasetd eompare them against results
with slices following reconstruction in Section 9.4We will discuss some analysis on
geometric accuracy using simulated data in Sec@i&n The chapter ends with a

conclusion and discussion section.
9.1 Reconstruction in Mammography

In this section, we will briefly review two studiesf the 3D reconstruction of

microcalcifications in mammography.
9.1.1 Reconstruction of Uncompressed Breast from Two Mamugrams

Yam et al. propose a method [160] for the recoesibn of microcalcification

clusters from a pair of CC and MLO views. They @leped a model of the three-
dimensional uncompressed breast and a model oktboeempression to impose a
geometric constraint regarding the possible thigesdsional location of a

calcification in the uncompressed breast. A twoahsional point corresponding to a
calcification in a mammographic view is represertgda curve in three-dimensions.
The intersection (or the midpoint of the closedtathice) between the two curves
obtained from the two mammographic views is thensatered to be the location of
the microcalcification in three-dimensions. Wemplemented and modified their
C++ implementation. A reconstructed three-dimemsiobreast is shown in the

following figure:
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Figure 9.1: Reconstructed three-dimensional uncasged breast with an intersection representing a
microcalcification

Their method makes use of the physical X-ray gdimraprocess, the
geometry of mammography, the concepthgf and the microcalcification detection
algorithm described in Section 7.1.2, they haveveded from two images of a
compressed breast to an uncompressed breast inBséimated the 3D positions of
microcalcifications. This enables the classificatof microcalcification clusters. The
following shows the reconstruction of two clust¢eme benign and one malignant)

with the use of CC and MLO views:
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Figure 9.2: (Top) A benign cluster with a diffugenfiguration; (Bottom) A malignant cluster (DCIS)
with a linear configuration. (Pictures extractadr [160].)

As the figure shows, a benign cluster appears asattered and diffuse
configuration, whereas a malignant cluster appeass a curvilinear (ductal)
configuration. This provides room for future intigation on cluster shape and the
spatial distribution of calcifications within théuster, and hopefully may help improve
the classification of benignancy and malignancy.

However, since they only had available two propeti and since strong - and
different - compression is applied when the images taken, they have to make a
number of assumptions in their model and these lesy/to inaccurate reconstruction.
For instance, the uncompressed breast outlinespgm®ximated by the outlines of the
uniformly eroded breast region. However, in rgalit is possible that the amount of

change caused by compression will not be uniforoairad the breast outline. Another
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assumption is that the mapping of points betweencttmpressed and uncompressed

breast surface using simple ratios; while the skiriace may stretch non-uniformly.

9.1.2 3D Localization of Clustered Microcalcifications Usnhg CC and MLO

Views

Yang et al. proposed another method in localizatioh the clustered
microcalcifications in 3D [161]. Their method indes three main steps: (1)
Registration of clustered microcalcifications in C&hd MLO views; (2) 3D
localization of clustered microcalcifications; (@pordinate correction resulting from
breast compression.

In the first step, they studied three types otuess: a gradient code which
keeps track of changes in gray levels of each o$teted microcalcifications; an
energy code which describes the energy of eaclusfered microcalcifications and is
defined by the largest eigenvalues of the cor@tatatrix of each image block in a
mammogram; and a local entropy code which meadimesnformation content in
each set of clustered microcalcifications. Aftez feature values have been computed,
the registration procedures are started by dividingCC and MLO views into image
blocks which are then prioritized in the order bé tthree features using a binary
decision tree. The leaves of this tree repregtetslifferent levels of matching using
the three features are the registered regioneimthges.

For 3D localization, they used the nipple as thetiolling point to reconstruct
the 3D position of any point of interest such asrogalcifications and taken it as the
origin of a 3D coordinate system. They assume thatCC and MLO views are
represented by the XZ and YZ planes. Since battvyishare a common coordinate
axis, z-axis, they used this as a base for thegailad coordinate computation.

Finally, they performed coordinate correctionriolude the compression effect
in their model. Similar to Yam’s, they have alsada a few assumptions due to
compression e.g. both of them assumed that thenehf a breast is the same before
and after compression. In addition, in their cotapan, the shape of an
uncompressed breast and compressed breast ardeddnebh hemisphere and a semi-
cylinder respectively. However, as one can imadine validity of these assumptions
is suspicious and the results should not be exgéotbe too reliable.
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Comments:

As we have discussed, some assumptions made gothputation in both papers are
guestionable and this will surely affect the cotmess of the results. From both papers,
it is indicated that both models suffer from errof@boutl0-20mmin the estimation

of the 3D locations of lesions. This may be acaklet as an initial study in the
research environment. However, this should ncadmepted for diagnosis in the real
clinical environment. Hence, further improvemesuts required.

On the other hand, in DBT, we have far more prgjest than two. Also,
minimal compression is applied to the breasts,igafft only to keep the breast
immobile, and all projections are generated withghme compression force. With all
these improvements, it may be imagined that thenstcuction of microcalcification

clusters in DBT will be more accurate and this wél discussed in later sections.

9.2 Reconstruction in DBT — A Common Approach (Reconstiction of the

Whole Breast)

The reconstruction algorithms rebuild a 3D breesifthe set of 2D projections. The
breast tissue, blood vessels, ducts and breastrabhites, which are usually viewed
in 2D in mammography can now be visualised in 3Dthe form of reconstruction
slices withx andy dimensions and stacked along thdirection. In this section, we
briefly review four different reconstruction metrsod1) Shift-And-Add; (2) Fourier-
based; (3) Algebraic; and (4) Statistical. (Thkofeing review is based on the thesis
of Dominique Van de Sompel, whose research conderaeonstruction in limited
view tomography [71]. Note that we only highligrery briefly the basic concept of
the reconstruction methods here, since the topmtsour main focus in this thesis.
For more details, readers should refer to [71]ipalfy, we explain the null space
problem in DBT. This fundamental data insufficignproblem in limited view
tomography is one of the motivations leading usota proposed approach in
considering only the reconstruction of microcatation clusters instead of the whole

breast.
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9.2.1 Review of Reconstruction Algorithms

(1) Shift-And-Add Method
Shift-and-add method is the simplest method. Theciple can be explained and

illustrated using the following figure:
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Figure 9.3: Principle of shift-and-add. (a) Thrpesitions of the X-tube (1,2,3) and two structucebe
imaged (A, B). (b) Planes of interest can be bhauigto focus by shifting the projections appropeist
and summing them. (Figures redrawn from [162].)

The reconstruction slices, i.e. the horizontahp&A and B in the figure, are
brought into focus by shifting and adding the pcogns. Note that artefacts are
serious within the plane. For example, in Planeod, focus is the circular object.
However, in this slice, we may find the artefacssed by the triangle object. Plane B

shows similar artefacts caused by the circle object

(2) Fourier Methods

The Fourier method is based on the Fourier transfof parallel projections of an
object and the subsequent reconstruction from thestorm. There are two
reconstruction methods: direct Fourier methodsfdtedted backprojection (FBP). In
the following, we briefly overview it in 2D for thpurpose of understanding the basic

concepts. For its extension to 3D and more detailers can refer to [71].

(a) Parallel projections of a 2D objd¢t,y)
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In assuming the rays are in parallel during thegimg process, the projection of a 2D
objectf(x,y) at an anglepcan be written as the line integral:
P, (X,) =J'_Z f (X, y)dy, Eqn. 9.1
where the rotated coordinatgsand y, are related ta andy respectively by
X, co sing || X
e =l
The functionp,(x,) is also known as the X-ray or Radon transformhef function

f(x,y) (SeeFigure 9.4(Left)). Then, the Fourier transform @f (x, giyes the values

of F(v,,v,)along the line BB as shown Kigure 9.4(Right). Mathematically,
Pp(Ve) =F (Vi @) Eqn. 9.3

Fourier Transform

Space Domain Frequency Domain
Figure 9.4: The Fourier transform of a projectioffigures redrawn from [163])

(b) The 2D Fourier Slice Theorem

Refer to [71], the Fourier Slice Theorem states ‘itiee Fourier transform of a parallel
projection of an imagé gives a slice through the Fourier dom&nof the image
perpendicular to the direction of the projectiorflater in this section, we will discuss
the null space problem which can be explained lgy theorem and the null space

problem is still one of the major research chaléenigp DBT reconstruction.)

(c) Reconstruction by direct Fourier methods
It follows that the object can then be recovereddbect inversion of the sampled
Fourier domain after the Fourier space of the dbggpopulated with slices collected

over a full angular range as shown:
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The direct Fourier methods suffer from interpaatierrors when using the
inverse Fast Fourier Transform algorithms that frequency data needs to be
interpolated from a polar to a rectangular gridheTdata points become sparser at
higher frequencies, leading to larger interpolatorors. Due to the global nature of

the Fourier transform, these errors are unavoiddibteighout the entire image.

(d) Reconstruction by filtered backprojection (FBP)

To address the problems by direct Fourier methibdssmore common to use the FBP
method which performs the required interpolatiamshie image domain such that the
errors affect the final image only locally. In tbhentinuous case, the imaf{&,y) can

be recovered using:

f(xy) = [Q,(x)dg Eqn. 9.4
0
where
Q%)= [ RV, [y Eqn. 9.5

It is a backprojection of the ramp-filtered projeot p,(x,). The Fourier domain is
oversampled at lower radial frequencies and thgueacy factor v, | can compensate
for that, otherwise a radial blur or halo effectlwe seen.

However, FBP is not very good in limited view tognaphy (in our case DBT).
This is because the limited projection data i.e.uhdersampling, leads to sharp streak
artefacts along the projection directions, and aer-gsuppression of low spatial
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frequencies. The former confuses the small featarg. microcalcifications, and the

latter reduces the visibility of large masses.

(3) Algebraic Methods

The algebraic methods can be explained by a rayntganodel:

%

Xz

The ith ray
of width

Xy

g for this cell =
areaof ABC/ 52

Figure 9.6: Ray tracing model. (Figures redrawarfr [163].)

In the model, each projection valy® is given by the ray sum

N
dax=p,i=1..M Eqn. 9.6
=1

wherea; is the fraction of the area of thid cell intersected by the" ray, N is the
number of pixels x; is the intensity or density of thg" pixel, andM is the number of
rays.

The image is discretised into a finite set of pixells. The measured
projection values are modelled as a sum of weigboediributions from each pixel cell.
The reconstruction task is to solve the simultasesmjuations to obtaia; .

Despite of their advantages e.g. fewer projectiares required for a given
image quality than FBP, the methods suffer from easther limitations, e.g. the
computation time is large and the nature of theseon the projection data is not

modelled explicitly.

(4) Statistical Methods
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The likelihood functionP(r | X) describes the probability of observing a set of
projection data given an estimate of the reconstructed objeclt corresponds to the
statistical noise model such as Gaussian and Rossdistical noise models in the
simplest setting, without considering effects sashscattering and bean hardening.
However, the data likelihood is usually ill-conditied in DBT, because of the data
insufficiency problem (the null space problem). comstrain the space of solutions, an
additional penalty function (or image prior) calladegulariser is usually used. The
likelihood function and the penalty function arernhcombined using Bayes’ rule into
the posterior probability:

p(x[r) = P 1OP)

P() Eqgn. 9.7

The objective of the statistical reconstructiogoaithm is then to find the
optimal estimatonD< which is normally the maximiser of the probabilitystribution
P(x|r). While the likelihood function can be modelledngsstatistical noise model,
one of the most common forms of the image priérg rglies on Markov random
field (MRF) models to account for spatial interaos within the image. P r( i
usually constant when optimising far

Similar to algebraic methods, the disadvantagesstafistical methods are
longer computation times and higher memory requar@sy Having said that, such

methods allow for better physical models of theging process and the inclusion of

regularizing penalty functions to constrain theorestruction solutions.
9.2.2 The “Null Space” Problem in DBT

A major and fundamental issue in reconstructionliegpto DBT is the null space
problem. The problem is caused by the nature of Bt only limited angular range
of projections are taken. The following figureudtrates the null space problem for a

384*370head CT image:
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Figure 9.7: lllustration of the null space probldor a 384*370 head of CT image. (Figures extracted
from [71])

Both reconstruction images satisfy the same ptiojecdata {5 noiseless
projections distributed uniformly over30°). Since a limited range of projections is
available, there can be many possible reconstiuaautions given the same set of
projection data.

To explain the problem, we can continue our presidiscussion of the Fourier
Slice Theorem. Since only slices perpendiculathtodirection of the projection can
be obtained and only limited angular range of ppms are inputted, the

reconstruction in the “?” region in the followinig@ire is unknown.

wa

? ?
a
@y
? ?

Figure 9.8: lllustration of the null space probldor a 384*370 head of CT image. (Figures modified
from [71])

To solve the problem, researchers try to incogoamatomical priors into the
reconstruction process. Though a great deal ofjrpes continues to be made,

considerably more research effort is still required

9.3 Reconstruction in DBT — Our Proposed Approach (Reaastruction of the

Microcalcification Clusters Only)

As discussed in the previous section, the recoctsbru of the whole breast is

fundamentally under-constrained, due to the faat BBT projections are taken over a
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limited angular range. DBT reconstruction contmte be the subject of considerable
research. Judging by the papers at three suceessigrnational Workshops on
Digital Mammography(2006, 2008 and 2010, the frenzied debate in 2006 on the
relative merits of variants of FBP, algebraic methde.g. simultaneous algebraic
reconstruction technique (SART)), and statistiGatonstruction, with the implicit
assumption that the problem of generating a robodtaccurate algorithm ready for
unsupervised clinical application had been replac&d10by a frank recognition that
there remain major mathematical and implementassoes to be overcome. If the
general reconstruction problem remains to be solwedmay note both that the vast
majority of breast tissue is normal, and also thwa¢ of the primary indicators of
possible breast disease is the appearance of ralcifozations, in particular their
shapes and distribution in the breast. These @tivour investigation into
reconstructing just those portions, initially micatcifications clusters, instead of the
whole breast.

With the geometry of DBT acquisition system, o coughly estimate the
3D position given at least two corresponding priopec points from two different

projections using basic geometry arithmetic:

Method 1: Intersection Method

The situation of finding the intersection betwezmnays is depicted in the following

figure:

fi (Dsing,, -Yorr, -Dcos))

fi (Dsing;, -Yorr, -Dcog))

M (a, b, c)

m (%, ¥, L) Meet (X, ¥, L)

Assume a world coordinate frame

Figure 9.9: A simplified geometry for DBT givemérocalcification .
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Our aim is to finda, b, cin the figure. Theoretically, the intersectiontbé
two rays in 3D is the solution. However, due tasep approximations such as
quantisation, or small errors, the two rays may ecdctly intersect in 3D space.
Instead, the two rays will pass close by each othEne midpoint between the two
closest points of the rays will then be consideasdhe intersection point, i.e. the 3D
position of the microcalcification. The followirfggure shows the situation when two

rays cross each other:
L :P(s)=P +su

w(s, 1) = P(s)—- Q)

L,:00) =0, +tv

Figure 9.10: Two rays crossing each other.

In the figure, the2 rays are represented hs: P(s) =R, + siandL, :Q(t) =Q, +tv
where s and t denote the specific position along the correspapdiray.
Letw(s,t) = P(s) —Q(t) be a vector between points on the two lines. \&&drto find
thew (s t) that has a minimum length for allandt i.e. w_. This is a standard exercise
in vector algebra. The midpoint B{s) andQ(t.) is the point we want.

In our reconstruction of a microcalcification l@hst2 rays forming from any
projection points in the same epipolar cluster @nmeir corresponding focal spot
positions can be used to estimate the microca#tiio position. A robust average
from all pairs can be used if all projections aaken into consideration at the same

time.

The intersection method is very easy to understamtbwever, it cannot
provide a good mathematical foundation and fram&wlor us to perform future

analysis of the geometric accuracy of the 3D pms#tiobtained. On the other hand, to
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continue our discussion of our epipolar curves agghn, the following method is

suggested:

Method 2: Epipolar Curve Formulas Method

Another method uses the epipolar curves formulaetkin Chapter 6 directly.

Recall that thex coordinates of the epipolar curve are:
L + Dcosé L + Dcosé
*=D@l-——)sin@ +(u+a(——
% ( c+ Dcos4, Jsing, +( (c+ D cosf, ) Eqn. 9.8

L+D ) . . .
and thatﬂ:A(c) is a constant to a good approximation (the exatieva
c+ Dcosf

depends or), we note that this takes form of a straight Ixfe= Asing + B. If we

estimateA , then we find that

A=D(-A(9), and sol ¢ ¥ £ Ean. 9.9
From which we findt, i.e.
CIZ_D—:/O;?_ D cosg Eqgn. 9.10
and,
a:(B—u)*—EiBzZZ‘; Egn. 9.11

if we know the slopeA) and they-intercept (B) of the linex*againstsingd .  An

example of line fitting is shown:
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Figure 9.11: An example of line fitting after epliar clustering of 15 projection points.

Now, we can approximate the slope gridtercept using the projection points, we can

estimatec anda.

. L+D 4
Forb, we can use thgcoordinatesys=-y_ +v+(b+y_ )$5€I so that
c+ Dcosg,
b=(y*+y., —v— L, L+Dcod,  c+Dcosf
Yo Yo Yor 4D cos,” L+Dcosé Eqn. 9.12

Putting them together, we have a method to estimthée 3D position of a

microcalcification(a, b, c)

9.4 Results of Reconstruction of the MicrocalcificationClusters on Real DBT

Datasets

(Note: For better illustration of 3D reconstructidhe reconstruction results are saved

as animation gif format and can be found in thacittd CD Rom.)

9.4.1 Reconstruction Results for Patient 7

(a) Reconstruction results
The right breast in CC view d?atient 7using a DBT prototype machine with the

same geometry as discussed in Chapter 6. Themalipfigure shows one of the
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projections containing the bright white spots ané teconstruction results using our

approach:
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Figure 9.12: A magnified region from one of thal®BT projectionshowing a number of bright
white spots (Left); The reconstructed 3D positiRight) of Patient 7

We have reconstructed the 3D positions of the brighite spots; an

impression of their 3D positions can be seen irdibplay in the right of this figure. It

can be seen that the spots cluster into two diftedtepth distributions.

(b) Comparison with one common reconstruction atlyor
A corresponding DBT reconstruction version usingtatistical algorithm is obtained
from Dexela Ltd. For illustration, we will focusxadhe3 microcalcifications near the
top left corner of the projection in previous figyROI):

. P7_RCC_6.pgm
4001 00 pixels; 8-hit (dnverting LLUTY; 28k

- .I___ i
=~ __‘.:a'.l.t" = ._t."l”' =

Figure 9.13: The extracted ROI with 3 microcalfioats of one of the projections

We have extracted the relevant slices as shown:
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Figure 9.14: Reconstruction slices 3 to 10 (frop keft to bottom left, then top right to bottomhiyof
the ROI .

From visualization, a rough estimate of the depthihe 3 microcalicifications

in terms of slice numbers are slic@sl0 for microcalicification 1 and 5-8 for

microcalcifications2 and3.
To further verify our reconstruction with the restruction results obtained by

a statistical reconstruction algorithm, we have parad with2 other regions in the

same projection:
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Slice: 86
Our method: -58.59mm

Slice; 16-22
Qur method: +8.22mm

Slice: 5-10
Our method: +15 64mm, +17 42mm, +17 62mm
BP [refer to Chapter 8): +15mm, +18/12mm, +18/19mm

Figure 9.15:Comparison of depth calculated of owtihhod with reconstruction results using statistical
algorithm in 3 regions.

With the slice resolution i& mm our results (both using this epipolar curve
formulas method and belief propagation method a&sudsed in Chapter 8) are
consistent with the reconstruction results, whiah be shown more clearly with the

following figure:

-58.59mMm B Slice 86

Crigin of our
world —-—

coordinate | +9.22mm
oranate {75 22 | .

Cur method: +15 64mm, +17 42mm, +17 62mm

Slice 16-22

Slice 5-10

Slice 0

[#%)
A

Figure 9.16: A mapping of our computed depths withslice numbers of the 3 regions.
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Our reconstruction method gives a more precis¢hdep a microcalcification,
while typical DBT reconstruction algorithms can ymdrovide a rough estimate of

depth in a range of slices.

9.4.2 Reconstruction Results of Other Patients

The following show2 more results fronPatient 16andPatient 24

(a) Patient 16

PU6_LEE b dom 1564
£ B

Figure 9.17: A magnified region from one of thal®BT projectionshowing a number of brighthite
spots (Left); The reconstructed 3D positions (Rightatient 16.

(b) Patient 24

S
\\L\ \\\
l :\/ B N .\\
5 \\\ \\\
L \
\\\\\’ S
N N

Figure 9.18: A magnified region from one of thael®BT projectionshowing a number of brighthite
spots (Left); The reconstructed 3D positions (RightPatient 24.

9.5 Analysis of Geometric Accuracy

In the previous sections we proposed a method umimgepipolar curve formulae to
estimate the 3D coordinatt{{;a b c]T} of a set of microcalcifications. In this

section, a series of experiments on different 3Bitmms of microcalcifications are
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carried out on simulated data. In these experisjesimulated datasets containing
microcalcifications at different positions are gexted using Tromans et al’s software
[31] (discussed in Chapter 5). Simulated datesetsequired so that we can have the
ground truth for analysis. Our goal is to studyess such as discretisation and other
approximations have, ignoring, in the first instantactors affecting the estimation
such as noise, or the imperfect of the detectiggorahms in the extraction of
microcalcification candidates.

Four different sets of experiments have been dahrrieut: ()
microcalcifications at different 3D locations (imm) with all other values fixed
(Experiments1-3); and (b) 3D estimation using different subsetsDBT views
(Experimentd4). For (a), one of the coordinates are varied avthle others are fixed.
For (b), the impact of using different combinatioos DBT views in finding the
parameters in the formulae of epipolar curves angsequently the 3D positions of
microcalcifications, will be analyzed. For expeeinmts in (a), a cluster ob
microcalcifications, spherical in shape with radiu8 mm, at5 different 3D locations
with all other values fixed are generated. Experita in (b) are based on

microcalcifications generated in (a).
9.5.1 Geometry and parameters used

In these experiments, we have used the geometigefogration of simulated data sets
as discussed in Chapter 55 DBT views (starting from DBT vie\Wd to DBT view14)
have been generated at angid€.98, -17.14, -14.3%, -11.48, -8.65, -5.82, -2.99,
-0.1¢, 2.67, 5.50, 8.33, 11.16, 13.99, 16.82, 19.65. The parameter values used
are:D =620 mmL =40 mmu =143.36 mmv = 232.96mmyy; =0 mm

The first three sets of experiments consist5oimicrocalcifications with
different c values, then differerd values, and finally differerth values. The reason
that we are more concerned with the changeisbecause it is the ability to estimate
c that makes DBT useful, and second, the calculaifanprecedes the calculations of
a, b, so that any problems withwill impact on those, b. For the4™ experiment, the
position of a microcalcification af0, -30, -30)are chosen and estimated using a

selective number of DBT views.

207



Chapter 9: Reconstruction of Microcalcification €ters Candy HO

The presentation of the first three sets of expenits will be as follows: First,
the actual microcalcification positions in the estpeent will be given first. Then3
out of 15 DBT views will be displayed. As 2D plots are ugdbr visualization in our
epipolar curves analysis, they will also be inciidé=inally, we present the results of
each experiment. The results will include the alctand estimated positions, the

difference between them and the estimated positiorall projections, and the

Euclidean distance which is defined\yi\;atA —-a.)*+(b, —b.)?+(c, —c.)*, where
the subscriptA means actual position and subscriptmeans estimated position.
Finally, it comes with our comments. For @8 one, results and comments will be

given.
9.5.2 Details of the Experiments

Experiment 1: Experiments on different “c” values

(a) Actual microcalcification positions:

5 microcalcifications at 3D positions with differeifd’ values are generated:

Microcalcification A b c
No.
1 0 -30 30
2 0 -30 15
3 0 -30 0
4 0 -30 -15
5 0 -30 -30

Table 9.1: 5 microcalcification with different “calues.
(b) DBT views:

15 DBT views are generted aBaf them are shown here:

Figure 9.19: DBT views containing a cluster of £rcalcifications with different “c” values and &
“a” and “b” values, generated at19.98(Left),,-0.16'(Middle), 19.65(Right).
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(c) 2D plots of all extracted microcalcificationnchdates:

Two 2D plots are drawn for visualization of thepapar curves and epipolar clustering:
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Figure 9.20: 2D plots of all extracted microcalc#ition candidates. Left: sensor y versus sensor x;
Right: sensor x versus sth
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(d) Results:
Microcalc. | Actual (a,b,c)| Estimated (a,b,c) Diff. (a, b, c) Euclidean
No. Distance
1 (0,-30,30) (0,-29.99,29.82) (0,-0.01,0.18 0.18
2 (0,-30,15) (0,-29.98,14.56) (0,-0.02,0.44 0.44
3 (0,-30,0) (0,-29.97,-0.70) (0,-0.03,0.70) 0.70
4 (0,-30,-15) (0.01,-29.95,-15.96) (-0.01,-0.0560.9 0.96
5 (0,-30,-30) (0.01,-29.94,-31.22) (-0.01,-0.063.2 1.23

Table 9.2: Actual and estimated (a, b, c) of Expent 1.

(e) Comments

The value ofc affects the accuracy of the estimation of the awalfication position.

The closer it is to the sensor, the more accuratelgn be estimated. It is also found

that the estimated values afandb are nearly the same as the actual ones, while the

errors are mostly due to the estimated values of

Experiment 2: Experiments on different “a” values

(a) Actual microcalcification positions:

5 microcalcifications at 3D positions with diffeté@” values are generated:

Microcalcification A b c
No.
1 -30 -10 20
2 -25 -10 20
3 -20 -10 20
4 -15 -10 20
5 -10 -10 20

Table 9.3: 5 microcalcification with different “atalues.
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(b) DBT views:

15DBT views are generated aBaf them are shown here:

GA_test3_tomo0. dcm (150%) FEX GA_test3_tomo7. dem (150%) (== L Gh_test3_tomo14. dcm (150%)
232.96x286.72 mm (3328x4096), 16-bit, 26MB. 232.96x286.72 mrm (3328x4096); 1 6-bit; 26MB 232.96x286.72 mm (3328x4096), 16-hit, 26ME

Figure 9.21 DBT views containing a cluster of 5mmialcifications with different “a” values and fixie
“b” and “c” values, generated at19.98(Left),,-0.16’(Middle), 19.65(Right).
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(c) 2D plots of all extracted microcalcificatioardidates:

Two 2D plots are drawn for visualization of thepgar curves and epipolar clustering:
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Figure 9.22: 2D plots of all extracted microcalc#ition candidates. Left: sensor y versus sensor x;
Right: sensor x versus sfh
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(d) Results:

Microcalc. | Actual (a,b,c)| Estimated (a,b,c) Diff. (a, b, c) Euclidean
No. Distance

1 (-30,-10,20) | (-29.98,-10.00,19.65)(-0.02,-0.00,0.35)| 0.35

2 (-25,-10,20) | (-24.99,-10.00,19.65)(-0.01,-0.00,0.35)| 0.35

3 (-20,-10,20) | (-10.99,-9.99,19.65) (-0.01,-0.035).| 0.35

4 (-15,-10,20) | (-14.99,-10.00,19.65)(-0.01,-0.00,0.35)| 0.35

5 (-10,-10,20) | (-9.99,-10.00,19.65)  (-0.01,-0.086).| 0.35

Table 9.4: Actual and estimated (a, b, c) of Expernit 2.

(e) Comments
The change of the value @f will give a similar Euclidean distance. Similar t
Experimentl, the estimated values afandb are nearly the same as the actual ones,

while the errors are mostly due to the estimatédesgofc.

Experiment 3: Experiments on different “b” values

(a) Actual microcalcification positions:

5 microcalcifications at 3D positions with differeiii’ values are generated:

Microcalcification A b C
No.
1 -30 -10 20
2 -30 -20 20
3 -30 -30 20
4 -30 -40 20
5 -30 -50 20

Table 9.5: 5 microcalcification with different “b¥alues.
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(b) DBT views:

15DBT views are generated aBaf them are shown here:

- GA_test1_tomo0.dcm
232 96x286.72 mm (3326x4096); 16-bit 26WE

232.06x286.7 2 MM (33 28x4095); 16-biT, 26V1E

. GA_test1_tomo14.dem
232 96x286.72 mm (3328x4096); 16-bit, 26ME

Figure 9.23: DBT views containing a cluster of ®racalcifications with different “b” values and &
“a” and “c” values, generated at19.98(Left),,-0.16(Middle), 19.6F(Right).
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(c) 2D plots of all extracted microcalcificationnchdates:

Two 2D plots are drawn for visualization of thepgar curves and epipolar clustering:

¢ tomo0
= tomol

tomo2
» tomo3
x tomo4
e tomo5
+ tomo6
- tomo7

X (mm)

- tomo8
tomo9
tomol10
tomoll

> tomo12

» tomol3

© tomol4

sin @

230

¢ tomo0
220 = tomol

tomo2
» tomo3

x tomo4

210
200 e tomo5
+ tomo6

190 - tomo7

y (mm)

- tomo8
180 tomo9

tomol0
170 tomo11
< tomol2
* tomol3

© tomol4

160

150
104 106 108 110 112 114 116 118 120 122

x (mm)

Figure 9.24: 2D plots of all extracted microcalc#ition candidates. Left: sensor y versus sensor x;
Right: sensor x versus sfh
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(d) Results:
Microcalc. | Actual (a,b,c)| Estimated (a,b,c) Diff. (a, b, c) Euclidean
No. Distance
1 (-30,-10,20) | (-29.98,-10.00,19.65)(-0.02,-0.00,0.35)] 0.35
2 (-30,-20,20) | (-29.98,-19.99,19.65)(-0.02,-0.01,0.35)] 0.35
3 (-30,-30,20) | (-29.98,-29.98,19.65)(-0.02,-0.02,0.35)] 0.35
4 (-30,-40,20) | (-29.98,-39.98,19.65)(-0.02,-0.02,0.35)] 0.35
5 (-30,-50,20) | (-29.98,-49.97,19.65)(-0.02,-0.03,0.35)] 0.35

Table 9.6: Actual and estimated (a, b, c) of Expernt 3.

(e) Comments

The change to the value bfgives a similar Euclidean distance. As in Experits1

and 2, the estimated values afandb are nearly the same as the actual ones, with a
very slight increase in errors in the estimatiorbddr smallerb , while the errors are

mostly due to the estimated valuesof

Experiment 4: Experiments on using different DBTexvs

In this experiment, a microcalcification is chosene at(0, -30, -30)because it gives

the largest error among all other experiments. sifgly see whether using different
selection of projections may improve it. Projeotfmoints on selective DBT views are
used for the estimation of the slope and y-interceping the line fitting process, and
subsequently for the estimation @f, b, c)in the EC Formulas Method. The results

are shown in the following table:
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DBT Actual (a,b,c)| Estimated (a,b,c) Diff. (a, b, c) Euclidean

Views Distance
Used
Al (0,-30,-30) | (0.01,-29.94,-31.22)  (-0.01,-0.0€2) 1.23
56,7,89| (0,-30,-30) | (0.09,-29.99,-30.12)  (-0.0D1,0.12 0.12
6,7,8 (0,-30,-30) | (0.01,-30.00,-30.09)  (-0.01,-Q000O) 0.09

0,14,1,13,| (0,-30,-30) (0.01,-29.84,-30.22 (-0.01,-0.16,0.2R) 0.27
2,12

0,14,1,13 (0,-30,-30) (0.01,-29.82,-30.08 (-0.01,-0.18,0.08) 0.20
Table 9.7: Actual and estimated (a, b, c) of Experit 4.

(e) Comments

From the results, it seems that the errors caretheced using fewer number of views
and it is more favourable to use the projectionarnie CC positions. More

experiments and analysis should be done in futureave a more valid conclusion.

9.5.3 Comparison with Reconstruction in Mammography

From our experiments, the maximum error found ugiog epipolar curve formulas
method in DBT is1.23 mm Compared with those reconstructed in mammography

which ranged fron10-20 mmour reconstruction method is a vast improvement.

9.6 Conclusions and Discussion

In this chapter, following our derivation of epipolcurves, we have proposed a
method to estimate the 3D positions of the micwfiehtions from the formulae. We
have shown a number of reconstruction exampleggusial DBT datasets. In some
examples, we can now discover the depths of theocatcifications in the breast,
instead of viewing them in 2D. Our method can pieva definite depth while
common reconstruction methods can only give usra raigh estimation in terms of
slice numbers. In addition, we have tried a fewesgdnents to analyze the geometric
accuracy of our method using simulated data. Tdtemation is promising and is

much more accurate than those methods in mammograph
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Chapter 10

Feasibility Study of Classification of
Clusters of Microcalcifications in DBT

In this chapter, we investigate the feasibilitynwtrocalcification classification in DBT
based on the detection and reconstruction apprpeagosed in the previous chapters.
We generated 5 simulated datasets, each with a microcalcificatbrster organised
spatially according to an ellipsoidal shape. Wenesed the 3D positions of the
microcalcifications in each of the clusters andorestructed the clusters as ellipsoids.
We classify each cluster as malignant or benigredasn the parameters of the
ellipsoids. The classification result is compawvath the "ground truth”. Our results
show that the deviations between the actual andna&d 3D positions of the
microcalcification, and the actual and estimatedampeters of the ellipsoids are
sufficiently small that the classification resudiee 100% correct. This encourages us to
investigate the feasibility in cluster classificatiusing 3D features.

We first review observations and analysis of fexto differentiation between
malignant and benign, in both individual microchtations and clusters of
microcalcifications. Then we note current clinigadactice in Section 10.2. We
consider classification of microcalcification clest for mammography in Section 10.3,
then review a study on 3D features for microcataifion cluster classification in
mammography in Section 10.4. Next, we presentlteesd a preliminary study in
classification based on the ellipsoidal shapedhefdusters using simulated datasets in
DBT. This study does not give answers to, e.g.ctwt8D features are desirable for
classification, or which classifiers are good. @ other hand, it shows that
classification is feasible in DBT after using oeconstruction methods. The clusters
can be reconstructed very similarly to the origiglagpe, that it is possible to classify

them correctly. This gives an important messagée When more data is available in
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future, we can use 3D features in the study ofsdiaation for more accurate results, as
our real world is 3D but not 2D.

Finally, we will show two minimum volume enclosingllipsoids of
microcalcifications of two real patient dataset§he chapter will be ended with

conclusions and discussion section.
10.1 Factors Affecting Classification of Microcalcificatons

Extensive studies have related the seriousnegsedireast diseases by the morphology
and distribution of individual calcifications antustered calcifications. To understand
it, we start from the breast anatomy.

The basic functional unit in the breast is the lebalso named as the terminal
ductal lobular unit (TDLU), which contains acinhet berry-shaped termination of the
mammary glands for secretion, that drain into thetchetwork and to the nipple.
Supporting the network is a layer of fatty connextitissue called stroma.
Calcifications can be found in breast stroma, witthie acini (lobular calcifications) or
within the terminal ducts (intraductal calcificaig) [165].

Calcifications found in breast stroma are alwaysidgre Due to some
mechanical injury such as trauma or surgery, datibns form in the skin or sutures
may become calcified. Damage to an area of thg baeast tissue will form a lump
called fat necrosis and calcifications can be fosndounding the wall of the lump.
Therefore, the shape and distribution of calcifaa are variable in such cases.

For other cases like lobular calcifications orraductal calcifications, their

shape and distribution can be explained as follows:
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Lobular calcifications fill the acini in the TDLUHence,
the calcifications seen on a mammogram are usually
uniform, homogeneous and sharply outlined, and are

often punctate or round. They usually have a défor

Figure 10.1 : Lobular
calcifications (Extracted from
[165].)

scattered distribution, because their distribufioiiows
how the acini are distributed. Lobular calcificets are
always benign. They are formed by fibrocystic des)
fiboroadenoma and lobular neoplasia or LCIS.
Intraductal calcifications are calcified cellulagldis or
secretions within the milk ducts. They have vddab
size, density and form. Since they form within the

ducts, these calcifications often have a fine linea

Figure 10.2: Intraductal
Intraductal cajcifications (Extracted from
[165].)

branching form and distribution.
calcifications have a higher probability of maliges

because they are usually associated with DCIS.

10.1.1 Classification Based on Morphology of Individual Cécifications (Le Gal's

Classification)

Understanding that the morphologic character ofiftehtion may correlate with the

benignancy / malignancy of breast disease, Le Gall §114] performed excisions with

histological examination of breast microcalcificas. They classified the
microcalcifications into five types:

Type 1: Type 2: Type 3: Dusty Type 4: Type 5:
Annular Regularly Irregularly Vermicular
Punctiform Punctiform
< - e
SIS | et Gy, | SRk

vaee | el A
" e O % ...ll " ‘o4

Figure 10.3: Le Gal's Classification (Pictures mdted from [114].)
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In their study, they diagnose2l7 cases of breast microcalcifications. All
benign lesions have Tydecalcifications. All Typeb calcifications are malignant. In
terms of malignancy, the higher the type number hiigher the percentage of malignant
lesions. Other studies [166, 167] have shown ammésults according to Le Gal's

classification. They are summarized as follows:

Type Le Galetal. | E. Foundrinier et | Z. Sun et al.
[114] al. [166] [167]
Type 1 (Annular) 0% 0% Not
available
Type 2 (Regularly Punctiform) 22% 27% 37.0%
Type 3 (Dusty) 40% 32% 60.0%
Type 4 (Irregularly Punctiform) 66% 65% 78.8%
Type 5 (Vermicular) 100% 100% 88.9%
Total No. of lesions 227 211 103
Malignant 101 (+ 27 99 67
borderline
lesions)
Benign 99 112 36

(Note: Values of % refer to the % of malignancy)

Table 10.1: Studies of malignancy according tadad's classification

10.1.2 Classification Based on Shape of Calcification Clisrs

In addition to the shapes of the individual cat@tions and their distribution, Lanyi
undertook a comprehensive analysis of calcificatievithin and outside the lobular and
ductal system of the breast, and calcificationffbroadenomas [168]:
(i) Breast Carcinomas
Most mammograms of breasts with carcinomas comalicification clusters with
shapes such as triangular or trapezoidal; squameadangular, possibly with a
tapered end; bottle- or club-shaped; propellerbuatterfly-shaped; rhomboid or
kite-shaped; linear or branched.

(if) Fibroadenoma
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The calcifications form rounded clusters in the anigy of cases.

The following figures show a malignant calcificati@luster which is linear, and a

benign cluster which is round in shape:

Figure 10.4: Linear shape in a duct segment fillgth microcalcifications (Left). Calcified
fiboroadenoma (Right). (Extracted from [168])

10.2 Current Radiological Practice — BI-RADS

The Breast Imaging Reporting and Data System (BDBA developedby the
American College of Radiology, provides a standaadi classification for
mammographic studies [165, 169, 170]. The systemodstrategood correlation with
the likelihood of breast malignancy. Given a margnam, the radiologist will assess
the breast condition and classify it into severegaties: requiring additional imaging
evaluation, negative findings, benign findings,bably benign, suspicious abnormality,
highly suggestive of malignancy and known biopsgven malignancy. BI-RADS
provides classifications of calcifications accoglio calcification morphology and the
distribution pattern.

In terms of morphology, calcifications are claggifiinto three types: Benign,
Intermediate concern, and Malignant. For benidaift@ations, their patterns or shapes
can be lucent centred deposits of skin calcificestjorascular, popcorn, large rod like,
round, eggshell or rim, milk of calcium, suture,stipphic or punctuate. For
intermediate concern, they are amorphous and dgatssterogeneous. For the
malignant type, they are fine linear, branchingl@omorphic. Eigure 10.5

In terms of distribution modifiers, there are imgeal five different calcification

distributions: (1) diffuse or scattered (calcificais that are distributed randomly
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throughout the breast), (2) regional (calcificationmithin a relatively large volume of
breast tissue (2 cnt), (3) grouped or clustered (when there are at Easlcifications

occurring in a small volume (% cnt), (4) linear (calcifications arrayed in a line tha
may have branching points, it is typically seen wiReCIS fills the entire duct and its
branches with calcifications), (5) segmental (dé@posithin a duct and its branches).

(Figure 10.5 It is noted, however, that the differentiation mmany cases may be

problematical and depends on radiologist experience
Typically Benign

Skin W Round

= Ay
> Eggshell : e
-~

Grouped, clustered Linear, branching

Vascular

Coarse 4
L 4 Milk of Regional
calcium

Large, S - ; - S
rod-like - “

Intermediate

Amorphous,
indistinct

Higher Probability
of Malignancy

Pleomorphie, Fine, linear

heterogeneous and/or
branching

Figure 10.5: BI-RADS classification: morphology fl)edistribution modifiers (Right) (Extracted from
[171].)

10.3 Automated Classification

The NHS Breast Screening Programme screens db®utillion women a year [106].
Given the large amount of data that the radiologestds to review, CAD may play an
important role in assisting radiologists if a cassuspected as breast cancer. A recent
study [172], published ir2008 was performed 01231,221screening mammograms
interpreted by experienced mammographers f2@®1 through2005in a community-
based mammography program. The study compareeffibacy of single reading with
CAD to double reading and also to the first reg@ethout CAD) in a double-reading
program. Their results indicated that CAD enharmegormance of a single reader,
resulting in an increased sensitivity with only aar increase in recall rate. Hence, it

Is worth to investigate how to automate the clasaion task.
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10.3.1 Problem Statement of Classification

Classification is the problem of predicting thessldo which new observations belong,
on the basis of a training set of data containibgeovations whose class is known.
Given a set of training dafé,, y,)....(x,. v, }, a classifieh is developed so that for amy
the outputy = h(x) can be predicted as close and accurate as thg true

Here, we identify3 elements in classification: (1) the classifier) {2e features
(which are the values of theterm in the training data andcan either represent a
single feature, or multiple features in terms deature vector); (3) feature selection
algorithm. In the following, we will give an intdoiction of thes@ elements and have a

literature review specifically on microcalcificatialusters classification.
10.3.2 Classifiers: ANN and KNN

There are various supervised machine learning ifitadgon techniques. Kotsiantis
[173] has provided a useful review of such techesgguAmong all the algorithms, we
briefly introduce two of the most popular ones:i#eial Neural Network (ANN) and

K-Nearest Neighbours technique (KNN).

(@) Artificial Neural Network (ANN)
(1) Introduction
(For a detailed discussion on neural network, @eater to the book [127].)

Given the set of input dataand the set of synaptic weights a neural network
can be considered as a set of mathematical furscig@r;w), which provides a non-
linear mapping ok to a class labegy. The form of the mapping is governed by the
network architecture and the values of the adjlstakights.

To illustrate the concept in a very simple way, st®w in the following figure
the decision boundary givehinput variables; andx,. There ar€ synaptic weights
wi andw, and a bias which does not depend on the input variables. déasion
boundary takes the form of a straight line (or pdrplane for multiple inputs). Those
points (X, %) fall on the right of the decision boundary beldogclassl while others
belong to clas®. The task here is to determine the weights aedbihs given the

training datasets.
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)

Class 1

Decision Boundary:
WX, +W,X;+b=0
Figure 10.6: lllustration of a decision boundary f22D and 2-class pattern recognition problem.

To find the weights and the bias, one common apraés the back propagation
algorithm. Readers can refer to [174] which gigegery simple example in explaining

how back propagation works.

(i) ANN on Microcalcification Clusters Classifiagah
After a brief introduction of ANN, we will review ma application of ANN on

microcalcification clusters classification, so agsiemonstrate the idea concretely.

Classification of microcalcifications in mammogramsing artificial neural networks

175

Nguyen et al. introduced the use of a multi-laysgdforward neural network to
help microcalcification classification usii@2 cases. Their neural network hadhput
neurons,11 hidden neurons antioutput neuron. There wePeweight matrices for the
neural network: the hidden layer weight matwand the output layer weight matrix W.
They used6 features which are some qualitative parametengrasg by clinicians,
including shape, uniformity of size, uniformity sihape, uniformity of density, shape of
cluster and distribution. The clinicians assigredange ofl-5 to all the parameters
except distribution which was ranged betw@eandl. The pathological results were
also available for the training.

To formulate it mathematically:
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where the author has chosen f as a bipolar aaivétinction f (v) = 1; 2_: andx

represents the input featurgsis the hidden neurons amds the output.-1 acts as a
bias term which does not depend on the input.

The input data is classified as typical benigm i$ betweenl and-0.35 probably
benign ifz is between0.35 and0, suspicious ifz is betweerD and0.35 and typical
malignant ifz is betweern0.35and1. Using this dataset, the authors reported that a
sensitivity 0f86.11%and a specificity 084.21%have been achieved. However, the
authors did not mention how they distributed 122 datasets for training and testing.

The paper demonstrates one way in which neural arktvmay be used for
classification. Of course, a lot of improvements @equired, e.g. the features they used
are some qualitative parameters which require sydubm radiologists. Feature
extraction from the mammograms automatically shd@gerformed instead for a truly
computer-aided diagnosis. We will discuss moreualite common features extracted

later in this section.

(b) K-Nearest Neighbours (KNN)
(1) Introduction

KNN is a non-parametric method to decide to whitdsg a feature sample
belongs. Classification of a feature vector isfqrened by searching for the closest
training vectors based on some distance metricallyskuclidean distance. The test
vector is assigned to the class to which the nigjaf thesek nearest neighbours
belong. The advantage of KNN is that it providase#ficient and robust classification
scheme without requiring significant initialisatiand training time. Unlike ANN
which normally needs quite a large size of datas@¥N is capable for classification
with small datasets. Normally, the classifier wiasned and tested using the leave-out-
n method, or sometimes called leave-one-patientreethod ifn is 1. This method
takes theN available samples, trains the networkNm samples and uses the remaining
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n samples as test cases. Classification is cadina this manner until all thal
samples have been used as test cases. Despadviietages of KNN, as the example

shows, it needs to chookeery carefully.

(i) KNN on Microcalcification Clusters Classifidgan

There are quite a number of works using KNN forssification by different research
groups e.g. [176-178]. Instead of focusing ondlassifiers, different authors defined
their own feature sets, tried different number edtéres and differert values for the

best performance. (More on feature sets will Iseusing in the coming section.)
10.3.3 Features for Classification

In microcalcification cluster classification, theage, in general3 different types of
features: (1) Individual calcification features) Rluster features; (3) Texture features.

The following table shows some common features usethssification [129, 176-178]:

Types Features

Individual Calcification| Regarding the size, shape and spatial distribytl@9,
Features 176]:

e.g. Mean and standard deviation of calcificatioeag
compactness, eccentricity, elongation, orientation,

distance to cluster centre, nearest neighbourrtista

Regarding the gray level of the microcalcificationthe
cluster [177]:

e.g. Average gray level, standard deviation of rtiesan
of the microcalcification gray levels, maximum stard
deviation of the gray levels in each calcificatipn
average standard deviation of the gray levels ichea

calcification.

Cluster Features Regarding the size, shape, locattml number [129,

176, 177]:

e.g. cluster area, compactness, eccentricity, altny
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orientation, relative distance to pectoral musoiative
distance to breastedge, total number of calcificesti
calcification density, radius of the circle thasbéts the

cluster.

Texture Features Haralick texture features [177, 178]:
angular second moment, contrast, correlation, naeea
inverse difference moment, sum average, sum vajanc
sum entropy, entropy, difference variance, diffeeen

entropy, information measures of correlation.

Wauvelet texture signatures [178]:
energy, entropy and root texture signatures for |the

approximation and detail wavelet coefficients.
Table 10.2: Common features used in classification.

10.3.4 Feature Selection Algorithms

The choice of features input to the classifier italvto both the classification
performance and results, because many of the &=atoay not contain any significant
discriminatory information, or there may also berelation between features [178].

A feature selection algorithm consists@parts: the selection criterion and the
search strategy. The selection criterion indicéibesdiscriminative power of features,
e.g. Veldkamp et al. [176] used the area undelRO€E curve as a criterion such that
features having larger area are chosen. Thera few search strategies. e.g. Krammer
et al. [178] employe@ search strategies: The Uni-dimensional Searchst'Beatures”)
(Selection of the best d features from the totalfuiee set); The sequential forward
selection (SFT) (This starts with the best featnéch is put in an empty list. Then, the
algorithm sequentially adds the next feature toligtevhen this feature combines with
the features already in the list scores the higheehe Sequential Backward Selection
(SBS). (This works in a similar way to SFT excetarts with the complete feature set

and successively removes the least discriminatatufes.)

228



Chapter 10: Classification Candy HO

10.4 3D Features for Microcalcification Cluster Classifcation in
Mammography

Most studies (as discussed in Section 10.3), om ewethe current practice by
radiologists (as discussed in Section 10.2) ontetugassification are in 2D, due to the
limitation of the current mammography technologieBhere is always a doubt in the
accuracy in the classification results. We haveaaly shown graphically in Chapter
2.2. that a 2D image cannot sometimes reflect the picture of the shape or
distribution of microcalcifications. Hence, toig& for a more accurate result, 3D
features analysis is required. Using CC and MLéwsi of the mammograms, Yam et
al. [129] have proposed a reconstruction methodmadrocalcifications in 3D (as

discussed in Chapter 9). They examined six 3Dufeat computed from the

reconstruction using a total @6 malignant andL5 benign clusters and compared with
the 2D counterparts. As our focus is 3D, we willyodiscuss their findings of these six
3D features in the following briefly. (Readers advised to refer to Yam'’s thesis [129]

for more details.)
10.4.1 Calcification Distance to Cluster Centre (cen)

It is believed that malignant clusters are typicathore likely to have a linear or
branching shape. Hence, it is expected that th@tian of d.e, should be larger than
those benign clusters which are typically morellike have a round for oval shape. So,
the authors have calculated the mean and standaratidn ofdce,in the30 clusters for
analysis. As expected, it is found that the mewhstandard deviation tend to be larger

in the malignant clusters.
10.4.2 Nearest Neighbour Distance of Calcificationsd;n)

This measures the separation between adjacenficaticns within the cluster. It is
believed that malignant clusters are typically éerad hence should have a smallgr
Similar tod.e, the authors have calculated the mean and stadeardtion ofd,, in the
30 clusters for analysis. Surprisingly, it is unesijeel that the results showed benign

clusters tend to have a smaller mean than maligmaed, which is not consistent to our
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belief. There is no noticeable difference betwéan standard deviation of the two

groups.
10.4.3 Calcification Compactness ¢)

Compactness is a common shape descriptor usedlfofication classification in 2D.
Yam et al. have extended the definition of compastnto 3D volumes using

calcifications’ surface areaand
3

their volumeV. It is defined asz'b‘—l2 such that a sphere will have the smallest value
6772V

of 1. It is believed that malignant calcifications &ected to have a larger value of

compactness, because they should have an elongatecegular shape, or a more

jagged outline, causing a larger area to volunie that that of benign ones. Again, the

mean and standard deviation of calcification cortipess are calculated. It is found

that a subset of benign clusters can be isolated the remaining clusters by having a

smaller mean and standard deviation.
10.4.4 Calcification Orientation ()

This is measured relative to the nipple positiod @defined as the (smaller) angle
between the principal direction of the cluster #mel line connecting the nipple and the
cluster centre. It is expected that malignant tekgsassociated with DCIS are more
likely to have a smaller mean value than benignsphecause the calcifications lie
along ducts and hence tend to be oriented towasdripple. It is no conclusion on the
favoured orientation, however. Overall, the reswt the distribution pattern of the
mean value of th&0 clusters agree with the theory that malignantifteétions are

expected to have a smaller angle.
10.4.5 Calcification Volume (v)

It is believed that malignant clusters are moreljikio have calcifications of mixed
sizes, while the size of benign clustered caldiftces tend to be more homogeneous.

Hence, malignant clusters tend to have a largeatwan of calcification size. However,
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the results showed that the volume feature appea@ttb be a good discriminator for

this particular dataset.
10.4.6 Cluster Location Features (lyec and dedgd

They are the measures of the relative distancénefctuster centroid to the pectoral
muscled,ec and to the breast edgesge The reasons of using these features are based
on the finding that malignant clusters are morelliko be located in the upper part of
the breast, meaning that they are more likely tolbser to the pectoral muscle and the
breast skin. However, the results showed that fdaures do not appear to be
significant differentiation between benign and maéint clusters using this particular

dataset.
10.4.7 Discussion

The study by Yam et al. is one of the first fewngs8D features for classification. It is
encouraging that some of the features used follawexpectation and they can help
differentiate between malignant and benign clustétewever, the classification resuls
using some other features are deviated from whatewgect. This can easily be
explained by the small datasets used in their @xjgert and the reconstruction method
they used in estimating the 3D locations of theroualcifications. The reconstruction
method is only an approximation based on oflywiews with certain degree of
compression. Hence, there must exist some disocegmin the 3D features used and
our expectation. With DBT, we have proposed amstaction method, presented in
previous chapters. This is expected that the mtoection, and subsequently the
classification, should be more accurate, as we nawe information (views) and also
the compression is negligible in DBT. In the feliag section, we will show an
example of using one 3D feature of cluster shapdSrsimulated datasets in the
classification of clustered microcalcifications DBT. This illustrates the feasibility
and perhaps will help future development in bressification when more datasets are

available and more different 3D features can batified.
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10.5 Classification of Clustered Microcalcifications INDBT

In the following section, we describe a study iassification of microcalcifications in

DBT usingl15 simulated datasets generated by our simulatioremod
10.5.1 Generation of Simulated Data

As discussed in Chapter 5, we have developed datimm model to facilitate our study.
The simulation model consists &fparts: (1) Simulation of microcalcification clustg
(2) Mammography/DBT projections generation. FortP8), a model is developed to
randomly generate microcalcification clusters. &lethat it has been reported that
microcalcification clusters which are curvilinear shape are far more likely to be
malignant than those that appear to lie on theasarbf a 3D surface shaped like a
potato.  For the purpose of demonstration of diaaton in DBT, currently we
deliberately generate the clusters based on gseitlal envelope, since it enables us to
simulate both benign (diffuse shape) and anothaesenting malignant (linear shape)
clusters simply by varying the parameters of thpsdid. For a diffuse shape, one
expects th& radii of the ellipsoids to be similar. For a lamestructure, one expects one
of the radii of the ellipsoid to be large relatieethe othe2. Hence, the shape of the
ellipsoid is considered as the feature descriptothe classification task (Sdegure

10.7.
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Figure 10.7: Ellipsoids of benign (Left) and malégr (Right) clusters.

Of course other feature descriptors may be coreider future. We randomly
generate microcalcifications within the ellipsoidgglvelope. We note, in passing, that
the likelihood of malignancy is also suggested khe tshapes of individual

microcalcifications [114]. In the future, we interio extend our model to generate
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different shaped microcalcifications. The shap#efcluster is ellipsoidal with radij,
ra, r3 generated randomly, to represent different clustapes.

For Part (2), we use the X-ray simulation softwaegeloped by Tromans et al.
[179]. This software generates X-ray projectionsparable with real X-ray images,
according to the input X-ray parameters. It alscepts the size and 3D positions of the

microcalcifications.
10.5.2 Reconstruction of Microcalcification Clusters

As an initial experiment, we have used our simaflathodel to generatkb sets of DBT
views each containing a cluster of microcalcifioas of various sizes. We have
compared the difference between the actual andnatd 3D positions of the
microcalcifications in each clusters using our efap curves approach and found that
the average of the absolute difference of the 38itipos is betwee®.028and0.197
(Table 10.3:

Test No. No. of Average of the absolute difference between
microcalcifications actual and estimated 3D positions
X y z
0 6 0.038 0.030 0.128
1 6 0.034 0.030 0.095
2 16 0.033 0.034 0.162
3 7 0.044 0.029 0.143
4 14 0.030 0.032 0.163
5 11 0.032 0.034 0.123
6 25 0.035 0.034 0.184
7 19 0.031 0.040 0.195
8 22 0.036 0.033 0.197
9 13 0.033 0.036 0.172
10 9 0.033 0.042 0.180
11 10 0.028 0.039 0.124
12 10 0.034 0.033 0.113
13 20 0.045 0.046 0.148
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14 12 0.035 0.037 0.165
Table 10.3: Comparison between actual and estimaegositions of the microcalcifications in the
clusters

10.5.3 Shape and Distribution Analysis of Microcalcification Clusters

After the reconstruction of microcalcification ctess, we analyse the 3D shape and
distribution of the cluster. We computed the miamim volume enclosing ellipsoid
(developed in Matlab code by [180]) for each cludbased on the estimated 3D
positions of the microcalcifications obtained. Wen compare the parameters of the
ellipsoids (radiiry, rp, r3 with r, <r, <r;) with the ground truth.

Table 10.4shows the comparison of the radii of the micrafaktion clusters
(as ellipsoid) in15 simulated datasets. It is found that the estichatdues do not
deviate too much from the actual ones. The medsageis that it is feasible to apply
epipolar curves in the 3D positions estimation andsequently perform classification

of clustered microcalcifications.

Test No Comparison between the actual (left) and estimateight)
radii of the ellipsoidal clusters
r ro rs
0 3.58 3.62 8.66 8.65 22.87) 2289
1 4.91 4.93 9.98 9.97 13.95 13.83
2 12.92 12.72 14.38 14.56 18.33 1871
3 3.09 3.12 13.72 13.70 17.51 1743
4 5.77 5.73 12.00 12.17 18.92 19,27
5 5.68 5.67 13.18 13.12 16.47 16.53
6 5.65 5.76 6.62 6.71 16.67 16.61
7 9.91 9.64 10.25 10.60 16.52 1658
8 9.73 9.74 14.59 14.71 19.33 19.07
9 8.40 8.40 16.39 16.17 20.85 21.34
10 4.84 4.82 13.22 13.22 19.67 19.61
11 8.82 8.81 9.73 9.71 15.19 15.16
12 6.69 6.64 8.69 8.73 10.70 10.85
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13 7.85 7.80 8.50 8.85 10.20 1034

14 11.19 11.14 14.48 14.39 19.42 19.40

Table 10.4: Comparison between actual and estimegdii of the ellipsoidal clusters

To demonstrate the use of feature descriptors assdication, we defined a
classification rule:
IF (ry/r, >t Org/r, >t,)
THEN: The cluster is malignant;
ELSE: The cluster is benign
(wheret,,t, are the thresholds for comparison of the radihefellipsoid)

This rule implies that the longest radiusshould have a larger value than the
other two radii with appropriate values 0ft, for a malignant cluster. Here, we have
usedt, =28 andt, =14. Out of 15 simulated datasets, we hagemalignant clusters
(Test No.0O, 4, 6, 10 and 11 benign clusters. Our classification shod80%
correctness after reconstruction using epipolavesur Note the data is generated
randomly. For all testing datasets, we can recoaisthe clusters and come up with
similar ratios as the ground truth, leading to sanassification results as in ground

truth.

10.5.4 DBT vs Mammography

Classification results based on cluster featuresh sas its shape, should be more
accurate in DBT than in mammography. We have ahasmalignant test case (Test
No. 0) and1 benign test case (Test Nb).for comparison. We correctly classified both
test cases based on our classification rule orrdhies of the radii of the ellipsoids
(cluster shape in 3D). However, it is difficult toake the same judgement by simply
analyzing one 2D projection in theBg¢est cases e.g. both can give linear structure wit
connected microcalcifications, misleading to clyssg them both as malignarfigure
10.8(top)). Figure 10.8(bottom) also shows the corresponding ellipsoidhe?2 test

cases for reference.
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Figure 10.8. 2D projection in CC view (Top) antipsoid enclosing the microcalcifications (Bottoaf)
Test No. 0 (malignant) (Left) and Test No. 1 (beh{iight).

10.6 Some Real Examples

We have computed the minimum volume enclosing sdigh as we have done for the

simulated datasets for each cluster based on thmatsd 3D positions of the

microcalcifications obtained using DBT dataset®afient 16andPatient 24

236



Chapter 10: Classification Candy HO

(a) Patient 16
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Figure 10.9: A magnified region from one of tlkalrDBT projections showing a number of
bright white spots (Top Left); The reconstructed@isitions (Bottom Left); Ellipsoid enclosing the
microcalcifications (Right) of Patient 16.

(b) Patient 24
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Figure 10.10: A magnified region from one of thalrDBT projections showing a number of bright whit
spots (Top Left); The reconstructed 3D positiorsti@n Left) Ellipsoid enclosing the microcalcifimats
(Right) of Patient 24.

The following table shows the estimated radii & #ilipsoids generated for the clusters:
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Patient No r ry rs
16 1.52 4.28 12.18
24 3.72 5.81 50.02

Table 10.5: Estimated radii of the ellipsoidal ders
Both patients have been diagnosed as Invasivéraiiilg Ductal Carcinoma and both

ellipsoids appear to have a longitudinal shape.cd@dirse, we have not defined what a
cluster is, nor the malignancy criteria, which ardy meaningful with more real DBT
datasets later in future. However, the message isethat we have demonstrated the

feasibility in classification in DBT.

10.7 Conclusions and Discussion

DBT brings a new opportunity in the early detectioh breast cancer. We have
discussed a framework for computerized detectiod alassification of clustered
microcalcifications using our epipolar curves agmtn We demonstrated one possible
way of 3D shape analysis by estimating the 3D mstof microcalcifications through
epipolar curves and finding the minimum volume earig ellipsoids. In future when
more DBT datasets are available, other 3D featsteh as distance to the nipple,
volume of the clusters as ellipsoid can also beutaled for further analysis. This can
help further investigation on the classification cfistered microcalcifications as

malignant or benign.
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Chapter 11

Conclusions and Future Work

In this concluding chapter, we will summarize therkvin this thesis and identify

possibilities for further research.
11.1 Epipolar Curves Approach in CAD in DBT

There have been few investigations on microcalkgiit detection algorithms in DBT,
either using slices or projections. The technatalllenge derives from the poor image
quality in both types of images. Consequently, pleegformance of these detection
algorithms is not too satisfactory and most vendiarsiot even have a solution of CAD
for DBT.

Our epipolar curves approach offers a new methodmicrocalcification
detection and reconstruction. By using the mudtiptojections produced during the
acquisition process and the geometry of the systampossible to derive the trajectory
of each microcalcification in the breast, providbdt they are detected in the 2D X-ray
images. The latter part of the previous statersenodt always possible. It is interesting
that the detection process is iterative and adaptiven if the microcalcifications are
not detected at some projections in the first mstathe detection performance can be
improved with our epipolar curves approach.

Our epipolar analysis also brings a new noveldaiete algorithm in DBT using
Bayesian statistics method. The method estimatesa@mum a posterior (MAP)
labelling in each individual image and subsequefdtyall projections iteratively. Not
only does this algorithm output the binary decisioh whether a pixel is a
microcalcification, it can predict the approximalepth of the microcalcification in the
breast if it is.

With our epipolar ideas, reconstruction of onlg ttegion of interest (ROI) e.g.

microcalcification clusters is possible and it ismm accurate than any existing method
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which we can find. This allows the future classifion of breast cancer when more

clinical data is available.

11.2 A New Branch of Research in DBT — Epipolar Analysig181]

Over the last few decades, a major branch of resear DBT has concerned
reconstruction algorithms in which the conventiomaaning of reconstruction usually
stands for the reconstruction of the whole braadthe form of DBT slices. However,
as we have seen, reconstruction algorithms remaik-im-progress not least because of
the substantial null space problem.

On the other hand, our epipolar curves approaiciyda new branch of research
in DBT. With the DBT projections, by analogy wistereovision, a reconstruction of
the whole breast for “fly through” and represengsd“thick slab” for visualisation is
likely not to have the required precision to evéduquantitatively a region of interest
(ROI), while reconstruction by epipolar analysis the ROI is possibly better. As a
result, reconstruction (the convention meaning) mmt necessarily be a prior
requirement for 3D analysis of structures of intgréor example microcalcification
clusters. Epipolar analysis can provide detailedlysis and visualisation of ROI
instead. The outcomes by DBT through reconstractéind/or epipolar analysis can
further fuse with other 3D imaging modalities andmmography for better diagnosis

of breast cancer:
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DBT
Projections

Determination of regions of

Reconstruction algorithms € interest (ROI) (e.g

microcalcification clusters)
using epipolar analysis

{ L 4
“thick slab” representation & Detailed analysis &
its visualisation visualisation of ROI

Fusion with other 3D imaging
modalities, and with
mammography
Figure 11.1:.Epipolar analysis as a new branchedearch in DBT [181].

The following areas are some of the possible eidessor new interactions with

other existing major areas in DBT:

Development of
Simulation Models

Reconstruction . Epipolar ‘ : Image

Algorithms Analysis Registration

Acrocalcification

Geometry of DET Epipolar Clustering Detection Adaptive Image
Acquisition Systems Algorithms Algorithms in Individual Analysis
Projections

Geometric Analysis o
Accuracy of
Reconstruction

MRF and BP Clusters Classification Performance Analysis

Figure 11.2:.Summary of Further Work
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11.1.1 Development of Simulation Models

We have developed a simulation model which allowgaidevelop and illustrate our
epipolar curve ideas. Currently, the model cary @d@nerate images with a uniform
background. Further development and implementatem be carried on for a more

comprehensive simulation model showing more realiseast tissue compositions.

11.1.2 Geometry of DBT Acquisition Systems

In Chapter 6, we illustrated our concepts usingoa-isocentric configuration. As
mentioned in Chapter 2, there are other availatdigurations for the DBT acquisition
systems. Also, since the development of DBT isoomy there may be some other
geometries not yet covered and may arise in futuAdthough our concepts are
developed on one geometry, our ideas of epipolavesucan be applied on any
geometry. Work on other geometries can be furdeseloped. A comparison analysis

on different geometries can also be performed.

11.1.3 Epipolar Clustering Algorithms

An epipolar clustering algorithm aims at findingrespondence of projection points
from the multiple projections. In this thesis, Wave proposed the use of the Hough
transform and line fitting to relate points comifigm the same microcalcification in

the breast, after the derivation of the epipolarves. The development of epipolar
clustering algorithms will be an important topic time branch of epipolar analysis in

DBT.

11.1.4 Microcalcification Detection Algorithms for Individ ual DBT Projections

Microcalcification detection algorithms are alwagee of the most active areas in
mammography. In this thesis, we have applied aifeddalgorithm which is the
combination of Harris corner detector and anisatrajiffusion on the individual DBT
projections, as an illustration, specifically, afrcconcepts of adaptive image analysis
and the development of a new DBT detection algoritlising multiple projections.
The technical challenge of DBT over mammographisipoorer signal to noise ratio in

the images. Enhancing the existing detection @lgos in mammography or image
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processing areas can be one direction; developeug anes suitable for DBT can be

another.

11.1.5 Adaptive Image Analysis

Multiple projections provide information which mayt be perceived in a single
projection. The epipolar curves help us tune @psihgle detection algorithms e.g. by a
slightly adjustment of the thresholds, so that infation e.g. the image position of the
microcalcification being missed in the initial deien, can be estimated. We have
discussed some ways to adaptively adjust the tblgsh More experiments should be

carried out on more clinical data, to come up witmore real generalization.

11.1.6 Markov Random Fields (MRF) and Belief Propagation BP)

Statistical analysis in image processing and coarpuision is always an important
topic. We have presented a novel algorithm usin@FMand BP to detect
microcalcification with an energy minimization fummns using first-order
neighbourhood system. In the future, other neighibg systems used in the labelling
problem and other cost terms and discontinuity secan be considered in the energy
minimization function. The memory and speed regjagnts are always demanding in

MRF and BP. Improvement on computation performararebe further investigated.

11.1.7 Geometric Analysis of Accuracy of Reconstruction

Using the simulated data generated by our simulatimdel, we have compared the
estimated 3D positions found using our epipolaveuormulas and the ground truth.
The maximum error found using our epipolar curvemiglas method in DBT is

1.23mm, which is a good approximation, when commgawith reconstruction methods
in mammography or slice resolution which is abouoinl More analysis on the
accuracy, such as the impact of different linéinit methods when finding the
parameters(a, b, c) (the 3D positions of microcalcification), the ingbaof using

different combination of projection views, the incpaof X-ray sources at different
angular range, the impact of microcalcificationslifferent positions, can be studied in

future.
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11.1.8 Clusters Classification

In Chapter 10, we have a feasibility study on penfag classification in our simulated
clusters composing mainly on two different elliphadi shapes. Now, with a more
accurate estimation of 3D positions of microcabefions by our method, numerous
experiments can be conducted on both simulatedasatawhen more freely available,
real clinical data, regarding classification based morphology and distribution of

individual microcalcifications or shapes of clustef microcalcifications.

11.1.9 Performance Analysis

As more clinical data becomes available, it woutdvBluable to compare the detection

and classification performance with human obseraadsdifferent imaging modalities.

11.1.10DBT Reconstruction Algorithms

Epipolar analysis can facilitate developments imeotareas. With expectation-
maximization algorithms, statistical reconstructiaigorithms allow regularization so
that additional constraints can be added for a naweurate reconstruction. The

epipolar constraints provide further informatiom feconstruction.

11.1.11Image Registration

Image registration is another big topic. After fieature points are detected in each
projection, these feature points, together with ¢pgoolar constraints can be added

during registration.
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Appendix A

Glossary

ACR American College of Radiology

AD Anisotropic Diffusion

ANN Artificial Neural Network

BI-RADS Brast Imagaing Reporting and Data System

BP Belief Propagation

CAD Computer-aided detection and classification of
microcalcifications

CC Cranio-caudal view

CT Computed Tomography

DBT Digital Breast Tomosynthesis

DCIS Ductal Carcinoma in Situ

DCE MRI Dynamic Contrast Enhanced Magnetic Resomanc
Imaging

DM Digital Mammography

EC Formulas Method
FDA
FBP
FP
GRF
keV
KNN
kVp
LCIS
MAP
MIP
MLO
MRF
MRI
NHS
PMMA
PTHrP
PZT
ROC
ROI
SBS
SFM
SFT
SNR
SVM

T
TDLU

Epipolar Curve Formulas Method
United States Food and Drug Administration
Filtered backprojection
False Positives
Gibbs Random Fields
Kilo-electron Volts
K-Neares Neighbours
Peak of the waveform of the kilo-Voltages agaitime
Lobular Carcinoma in Situ
Maximum Posterior Probability
Maximum intensity projection
Mediolateal-oblique view
Markov Random Field
Magnetic Resonance Imaging
National Health Service (United Kingdom)
Polymethyl methacrylate
Parathyroid hormone-related protein
Lead zirconate titanate
Receiver Operating Characteristic
Region of Interest
Sequential Backwad Selection
Screen-Film Mammography
Sequential Forward Selection
Signal-to-noise Ratio
Support Vector Machine
Tesla
Terminal Ductal Lobular Unit
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TPF True Positive Fraction
usl Ultrasound Imaging
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