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Abstract

Breast cancer is the most common type of cancer among women all over the world.
An important issue that is not commonly addressed in breast cancer imaging literature is
the importance of imaging the underarm region — where up to 80% of breast cancer cells
can metastasise to. The first axillary lymph nodes to receive drainage from the primary
tumour in the breast are called Sentinel Node. If cancer cells are found in the Sentinel
Node, there is an increased risk of metastatic breast cancer which makes this evaluation
crucial to decide what follow-up exams and therapy to follow. However, non-invasive
detection of cancer cells in the lymph nodes is often inconclusive, leading to the surgical
removal of too many nodes which causes adverse side-effects for patients.

Microwave Imaging is one of the most promising non-invasive imaging modalities
for breast cancer early screening and monitoring. This novel study tests the feasibility of
imaging the axilla region by means of the simulation of an Ultra-Wideband Microwave
Imaging system. Simulations of such system are completed in several 2D underarm mod-
els that mimic the axilla. Initial imaging results are obtained by means of processing the
simulated backscattered signals by eliminating artefacts caused by the skin and beam-
forming the processed signals in order to time-align all the signals recorded at each an-
tenna. In this dissertation several image formation algorithms are implemented and com-
pared by visual inspection of the resulting images and through a range of performance
metrics, such as Signal-to-Clutter Ratio and Full Width Half Maximum calculations.

The results in this study showed that Microwave Imaging is a promising technique
that might allow to identify the presence and location of metastasised cancer cells in
axillary lymph nodes, enabling the non-invasive evaluation of breast cancer staging.

Keywords: Microwave Imaging; Breast Cancer Detection; Axilla Imaging; Ultra-Wideband;
Lymph Nodes; Sentinel Node
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Resumo

O cancro da mama é o tipo de cancro mais comum em todo o mundo entre as mulhe-
res. Um assunto que não é muito abordado na literatura é a importância da imagiologia
da região da axila — onde até cerca de 80% das células cancerígenas da mama podem
metastisar-se. Os primeiros gânglios linfáticos da axila a receber drenagem do tumor
primário da mama chamam-se Gânglios Sentinela. Se forem encontradas células cancerí-
genas no Gânglio Sentinela, existe um risco maior de metastisação, o que torna esta ava-
liação num passo importante para decidir que exames e tratamentos seguir. No entanto,
frequentemente, a detecção de células cancerígenas nos gânglios linfáticos de forma não-
invasiva não é conclusiva, sendo necessária a remoção de demasiados gânglios, o que
causa efeitos secundários adversos para os pacientes.

Imagiologia por Micro-ondas é uma técnica promissora para detecção e monitoriza-
ção precoce do cancro da mama de forma não-invasiva. Este estudo pioneiro testa a
viabilidade da imagiologia da região axilar através de simulação de um sistema de ima-
gem por microondas baseado num pulso de sinal com banda ultra-larga. As simulações
do sistema são feitas em vários modelos 2D que imitam a axila. As imagens são obti-
das através do processamento dos sinais reflectidos obtidos em simulação, eliminando
artefactos causados pela pele e, depois, alinhando os vários sinais gravados em cada
antena no tempo. Nesta dissertação, vários algoritmos de formação de imagem são im-
plementados e comparados através de uma análise visual das imagens obtidas e através
de algumas métricas tais como o Rácio Sinal-Ruído e a Largura a Meia Altura.

Os resultados deste estudo mostraram que Imagiologia por Micro-ondas é uma téc-
nica promissora que poderá permitir identificar a presença e localização de metástases
nos gânglios linfáticos da axila, permitindo a avaliação do estadio do cancro da mama de
forma não-invasiva.

Palavras-chave: Imagiologia por Micro-ondas; Detecção de Cancro da Mama; Imagiolo-
gia da Axila; Sinal com Banda Ultra-Larga; Gânglios Linfáticos; Gânglio Sentinela
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1
Introduction

1.1 Motivation and Background

Breast cancer is the second most common cancer in the world with 1.67 million new di-
agnosed cases in 2012. It is, by far, the most frequent cancer among women accounting
for 25% of all cancers and ranking as the second cause of cancer death in more developed
countries after lung cancer [1]. In Portugal, in 2012, female breast cancer was not only
the leading type of cancer (6,090 new cases, 29.4% of all cancers) but also the main cause
of death from cancer in women (1,570 deaths) [2], as shown in Figure 1.1 (a). Note that
cancer rates (both the number of new cases and the number of deaths per 100,000 persons
per year) are usually age-standardised. Standardization adjusts rates to take into account
how many old or young people are in the considered population. An age-standardised
rate is, therefore, the rate that a population would have if it had a standard age struc-
ture. Standardization is important when comparing several populations with different
age average, since age has a significant influence on the risk of cancer [1].

Worldwide, the incidence of breast cancer has increased annually [5]. Most breast
cancer occurs because of a combination of risk factors [6, 7] such as:

• Age. Older women are more prone to develop breast cancer [8].

• Lifestyle. Alcohol [9], obesity and low amount of exercise [10] increase the chance
of developing breast cancer. Moreover, diets rich in well-done meats [11] or fat [12]
are associated with increased risk for breast cancer, while a high intake of fruit and
vegetables decreases that risk [13].

• Reproductive events. Late first pregnancy and no pregnancy at all increase cancer

1



1. INTRODUCTION 1.1. Motivation and Background

(a) (b)

Figure 1.1: Statistical information on breast cancer in women. (a) Estimated incidence and
mortality for women in Portugal in 2012; age-standardised rate (Europe) [3]. (b) Time-
trend of mortality from breast cancer for women in some developed countries; age-
standardised rate (World) [4].

rates whereas breast-feeding decreases this rates [7, 14].

• Family history. Family history of breast cancer increases a woman’s risk of devel-
oping this disease [15].

• Ionizing radiation. Exposure of the mammary gland to high-dose of ionizing radi-
ation has been demonstrated to increase the risk of breast carcinoma [16].

• Geographic location and socioeconomic status. There are more breast cancer cases
in North America and Europe than in Asian countries, South America and Africa
(Figure 1.2). This difference may be due to genetic and lifestyle differences among
populations, including diet and environmental exposures.

Mortality due to breast cancer is on decline in industrialized countries since the 1990s
(Figure 1.1 (b)). This decline can be attributed to improvements in treatment and increas-
ingly earlier detection, due to new or improved breast cancer screening and increasing
awareness [17]. This highlights the importance to reliably detect cancerous masses, with
any imaging system, at the earliest possible stage of development, when intervention is
most effective.

2
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Figure 1.2: Estimated age-standardised incidence rate from breast cancer per 100,000
women around the world in 2012 [1].

1.1.1 Breast Imaging

Two criteria to evaluate the effectiveness of breast cancer imaging methods are sensitivity
and specificity. Sensitivity represents the patients correctly identified as having breast
cancer. Conversely, specificity portrays the healthy patients correctly diagnosed as not
having the disease. Ideally, an imaging technology should meet these criteria and be
inexpensive, non-invasive, involve minimum discomfort and be harmless to the patient
and detect cancer at the earliest stage possible [5].

1.1.1.1 Conventional Techniques

X-ray mammography is currently the most common and effective breast screening method
for detecting non-palpable early breast tumours, being a widespread low-cost technique.
However, despite significant progress in improving mammographic techniques, X-ray
mammography uses ionising radiation, requires an uncomfortable and painful breast
compression, and has well-documented limitations related to sensitivity and specificity.
This technique presents a high false-negative rate (up to 34%) [18], particularly in pa-
tients with radiographically dense breast tissue [19] which is especially common amongst
younger women. The false-negative results can significantly delay treatment, often to the
point where it is no longer effective. The false-positive rate associated with X-ray mam-
mography can be as high as 70% [20]. These well-recognised limitations of X-ray mam-
mography prompt the development of supplementary imaging modalities, specially for
high-risk women [21].

Ultrasound and Magnetic Resonance Imaging (MRI) are established diagnostic tech-
niques for breast cancer detection which do not expose the patient to ionizing radiation.
Ultrasound techniques emit ultrasound waves that are reflected due to different acoustic

3



1. INTRODUCTION 1.1. Motivation and Background

properties between tissues in the breast. It is considered to be appropriate for follow-up
examinations once a suspicious region or abnormality is identified in an X-ray mam-
mography, and also for examination of women with denser breasts [22]. Limitations of
ultrasound include the high false negative rate [23], when compared to mammography,
and the large amount of time required to carry out the examination. MRI is based on
static magnetic fields acting on the hydrogen atoms of the different tissues of the body.
MRI offers high contrast and spatial resolution and has been shown to be effective in de-
tecting small tumours and imaging dense breast tissue [24]. MRI is currently unsuitable
for widespread screening due to the highly variable reported values of sensitivity and
specificity [24], the long examination time associated with acquiring and reading images
and the associated high cost.

Other imaging modalities include Positron Emission Mammography (PEM) [25] and
optical imaging [26], but currently there is still insufficient evidence to support their use
for widespread breast cancer screening [21]. Particularly, the former technique is not
indicated for common screening in its present form since it offers significantly higher
radiation dose than an X-ray mammography [27]. Another alternative method, still in an
early stage of research, is Microwave Imaging.

1.1.1.2 Microwave Imaging

Microwave Imaging techniques are based on dielectric differences between normal and
tumour tissues of the breast at microwave frequencies (300 MHz – 300 GHz) [28, 29].
Malignant tumours present higher values for conductivity and relative permittivity due
to a significantly high water-content, which is mainly caused by abnormal vascularisation
and altered cell surface properties [30, 31]. Recently, it was found that dielectric contrast
between malignant and normal fatty (or adipose) tissues in the breast can be as high as
10:1, whereas the contrast between healthy and malignant fibroglandular tissues in the
breast is at most 10% [32]. This presents a challenging imaging scenario as most breast
tumours develop in the fibroglandular tissues [33].

Compared to other conventional imaging modalities, in particular X–ray mammog-
raphy, Microwave Imaging is attractive in several important aspects. Namely, it uses
non–ionizing radiation, it offers good resolution, it avoids the compression of the breast
and it is relatively low–cost [34]. Furthermore, although there is a significant signal at-
tenuation in biological tissue [35], microwaves are considered promising in applications
where penetration of up to 10 cm would suffice — which is the case in breast cancer scan-
ning [33]. Finally, the amount of energy deposited within the breast is low [36] which po-
tentially marks the modality as suitable for regular screening. In this context, Microwave
Imaging should be considered as a complementary screening technique to X-ray mam-
mography, for follow-up diagnosis and monitoring, or even as an alternative technique
in case of the imaging of very dense breasts.

4



1. INTRODUCTION 1.1. Motivation and Background

Several Microwave Imaging approaches have been proposed for breast cancer de-
tection. The focus of this dissertation is on the Ultra-Wideband (UWB) radar imaging
method, which involves illuminating the breast with a UWB pulse emitted by anten-
nas, and recording the resulting backscattered signals. Subsequently, reflected waves
are focused synthetically using a beamformer to create an energy profile of the breast to
identify the presence and location of significant dielectric scatterers [37, 38]. High-energy
regions potentially indicate the presence of tumours.

However, beyond the scope of this dissertation, there are other Microwave Imaging
approaches that are worthwhile mentioning due to their great potential:

• Microwave Tomography. The goal of Microwave Tomography [39–41] is the re-
construction of the dielectric profile of the breast. In this context, the data are ac-
quired in a plane by an array of sensors originating a 2D image. A stack of 2D
images (slices) is then obtained to represent the 3D object [33]. The reconstruc-
tion of the dielectric profile is carried out slice by slice (each slice being processed
independently) and involves the solution of a forward and inverse scattering prob-
lem which seeks to minimise the difference between measured and calculated elec-
tric fields. Despite promising experimental results [42–44], the downsides of Mi-
crowave Tomography are limited resolution and the fact that the reconstruction
algorithms are computationally intensive [45]. Moreover, tomographic techniques
generally require a large amount of a priori information [45] and a large number of
antennas around the breast, which makes the imaging more complex.

• Holography. Holographic approaches [46–50] rely on the measurement of both
magnitude and phase information. The interference pattern of a reference wave
with the wave scattered from the target forms an intensity pattern at the acquisi-
tion aperture (called hologram). The reference wave illuminates the hologram to
reconstruct the target’s reflectivity as a function of position in an inversion process.
Holography, as well as UWB, simultaneously processes all measured data to pro-
duce the whole 3D image in a single reconstruction step [33].

• Time-Reversal Finite Difference Time Domain (FDTD) methods. The Time-Reversal
FDTD method [51–53] involves a back-propagation technique where the received
signal data is applied to time reversed FDTD equations. The wave converges back
to a point source scatterer at the time corresponding to the maximum of the initial
excitation.

• Hybrid modalities. There are mainly two hybrid approaches: Microwave-Induced
Thermoacoustic Imaging and Microwave Elastography.

i) Microwave-Induced Thermoacoustic Imaging [54–57] uses both microwave and
ultrasound imaging to achieve excellent microwave absorption contrast and ultra-
sound spatial resolution. It employs powerful microwave pulses to heat the tissue.
Tissues of higher conductivity, such as malignant lesions, tend to heat more rapidly
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than the surrounding healthy tissue. The tissue thermo-elastic expansion, resulting
from the microwave-induced heating and the subsequent cooling, induces acoustic
signals which are acquired at an ultrasound transducer. Since malignant tissue ab-
sorbs more energy, it emanates stronger thermoacoustic waves and thus, the most
intense sources may indicate the presence and location of tumors.

ii) The underlying principle of Microwave Elastography [58] is that tumours in the
breast are stiffer compared to the healthy tissues [59]. For example, large sized
lesions can be felt as a lump during a palpation test. Therefore, when breast is
compressed, the resulting strain in the internal tissues is different between normal
and malignant tissues. In this approach, two UWB pulses measure the contrast in
the stiffness of the healthy and malignant tissues before and after compression.

1.1.2 Axilla Imaging

In about 80% of detected breast cancer cases, cancer cells metastasise into the axillary
lymph nodes, making their analysis an essential part of breast cancer staging [60, 61].
Thus, the evaluation of whether the cancer has spread beyond the breast is crucial to
decide what follow-up exams and therapy to follow.

The state-of-the-art procedure to evaluate axillary metastasis is a Sentinel Node Biopsy
(Figure 1.3) [63–66]. In this method, a radioactive tracer and/or a dye is injected in the
breast to determine which lymph nodes are the first to receive drainage from the breast.
These local lymph nodes are called the sentinel nodes [67]. The nodes are then surgically
excised and their histopathological analysis is performed. If cancer cells are found in the
nodes, this indicates the higher risk of metastatic breast cancer and an axillary dissection
is performed [66, 68, 69]; otherwise it is assumed that the cancer has not spread. The

Figure 1.3: Sentinel lymph node biopsy [62].
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Sentinel Node Biopsy is a highly accurate method of identifying the extent of cancer but
it is still a time-consuming surgical procedure associated with some drawbacks such as
long recovery, pain, and a significant risk of infection and lymphedema (build-up of fluid
and swelling of the area where lymph nodes have been removed) [64, 70]. The removal
of too many lymph nodes means that patients will not be able to drain lymph into the
lymphatic system normally, and thus, patients will need to be closely monitored, hence
preventing breast cancer patients from leading a normal life.

Preoperative non-invasive alternatives to assess the axillary staging could reduce the
incidence of adverse events. Such techniques would need to demonstrate reliable sensi-
tivity and specificity. Note that X-ray mammography in evaluating axillary lymph nodes
offers limited visualization of the axilla because of positioning of the arm and therefore
it is not typically used [71]. The best non-surgical alternatives currently under clinical
study are Ultrasound-Guided Biopsy, MRI, Positron Emission Tomography (PET) and
Computed Tomography (CT) [71].

Ultrasound-Guided Biopsy [72–75] is a minimally invasive technique that uses high-
frequency sound waves to identify possible large metastatic axillary lymph nodes. For
this method, an Ultrasound exam is performed to locate the abnormality and is then
used to guide a needle into the lesion. Factors such as size and shape have been used
to discriminate between malignant and benign lymph nodes [71, 73]. A sample tissue of
the abnormality is then removed and assessed. This technique allows to avoid a sentinel
lymph node biopsy in 20% of the cases with reported sensitivities of around 80% [74, 75].
However, it was recently argued that the standard performance of an axillary ultrasound
is questionable and of limited value [76].

MRI [70, 77, 78] provides information about the size and morphology of lymph nodes.
Additional information is achieved following the interstitial injection of a contrast agent
(usually gadolinium) to generate high spatial resolution images of lymphatic vessels and
lymph nodes (the technique is called Magnetic Resonance Lymphangiography) [77]. An
advanced MRI technique that has also been used to differentiate healthy from malig-
nant lymph nodes is Diffusion-Weighted Imaging [78, 79], which measures the ability of
water molecules to freely diffuse in tissue. Moreover, a different modality called MRI
Spectroscopy [80] can provide information regarding the concentrations of metabolites
within the imaged tissue, which may be relevant to detect the presence of malignancy.
Overall, MRI showed sensitivity and specificity in detecting malignant lymph nodes of
above 80% and 70%, respectively.

PET is a nuclear medicine technique that relies on the use of a radiotracer to observe
the increased metabolic activity of tumours compared to normal tissue. It is usually per-
formed with CT which provides morphologic detail. The combination of CT with PET
has yielded some interest for axillary lymph node staging [81–83]. Although it has been
reported that PET/CT can be more accurate when compared to Ultrasound, due to low
sensitivity in detecting axillary lymph node metastases (54%), high costs and radiation
exposure, it cannot act as a substitute for Sentinel Node Biopsy [83].
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Despite the presented alternatives, no imaging modality has yet shown satisfactory
sensitivity or specificity for axillary lymph node detection and assessment. Another
potential non-invasive approach to early detection of metastasis in lymph nodes is mi-
crowave imaging in which healthy and diseased lymph nodes can be identified due to
different dielectric properties [28, 61, 84]. To the best of the author’s knowledge, this
section of work has never been attempted.

1.2 Objectives

Microwave Imaging has been extensively used to exploit the differences in dielectric
properties between healthy and malignant tissues in the breast. Imaging of other parts
of the human body has also been attempted, for example the brain [85, 86], the heel
bone [87] or the knee [88]. However, imaging of the underarm region has never been at-
tempted with a microwave UWB radar approach. The main objective of this dissertation
is to create images of the axilla by adapting existing breast-related radar imaging algo-
rithms. For that, the axilla needs to be modelled according to its anatomical structures
and respective dielectric properties, which can be found in several studies [28, 61, 84].

UWB involves illuminating the underarm with a UWB pulse and recording resulting
backscattered signals. Afterwards, the artefact removal has to be re-designed to com-
pensate for the resulting high-backscattering in the air-skin region. Likewise, the beam-
former, which will ultimately time-align all the reflected waves recorded at each antenna,
will have to be adapted since the underarm model has significantly different tissues and
consequently different dielectric properties, when compared to those of the breast. An-
other issue that has to be accounted for is the fact that tumours in the lymph nodes will
be located at a more superficial position than breast tumours. Therefore, antennas will
most likely record backscattered signals for a shorter period of time and/or may operate
at higher frequencies. The planar UWB radar antenna configuration will also have to be
designed in order to contemplate the imaging of the underarm.

With this system, it will be possible to identify the presence and location of significant
dielectric scatterers within the axilla — potential sites where cancer cells metastasised
to. This evaluation will be fundamental in the decision of what follow-up exams and
therapy to follow in breast cancer patients, avoiding removing healthy lymph nodes and
thus, reducing the risk of infection and other complications.

1.3 Dissertation Overview

The remainder of this dissertation is organised as described in this section.

Chapter 2 reviews the background literature related to the work developed in this dis-
sertation. In particular, it provides an overview of the physiological background related
to the axilla and metastasis of breast cancer, examines studies of dielectric properties of
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healthy and diseased lymph nodes and briefly discusses the methodology and algorithms
behind UWB Microwave Imaging.

Chapter 3 details the relevant materials for this study and explains the methodology
followed in this project.

Chapter 4 summarizes the key results that show the effectiveness of selected image
formation algorithms.

Chapter 5 provides the overall conclusions and suggestions for future work.
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2
Background

In this Chapter the background information for understanding the results of this work is
provided. The Chapter opens with an overview of the anatomy and physiology of the
lymphatic system of the underarm in order to better understand the importance of this
region in breast cancer diagnosis. The Chapter goes on, presenting studies on dielec-
tric properties of the axillary tissue and addressing the Finite-Difference Time-Domain
(FDTD) electromagnetic modelling method in Section 2.2. Section 2.3 concludes the chap-
ter with the presentation of the algorithms for artefact removal and beamforming used
in UWB radar Microwave Imaging.

2.1 Anatomical and Physiological Background

2.1.1 Lymphatic System of the Underarm

The lymphatic system, which is part of the immune system, includes a network of lym-
phatic vessels and lymph nodes running throughout the body. The main functions of
this system is to maintain fluid balance, to absorb fats and other substances from the
gastrointestinal tract and to participate in the defense from microorganisms and other
foreign substances [89].

Fluids tend to move out of blood capillaries into the interstitium (spaces between
tissue cells). The majority of this interstitial fluid moves back into the blood capillar-
ies, but the excess enters the lymphatic capillaries to become lymph. If this excess of
fluid was to remain in the interstitial fluid, tissue damage and eventual death would
result [89]. In addition to water, lymph contains solutes such as ions, nutrients, gases,
hormones, waste products and bacteria [90]. Lymph flow is unidirectional because of the

11
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lymphatic valves [91] and is generated through contraction of lymphatic vessels, contrac-
tion of skeletal muscles or thoracic pressure changes [89]. Ultimately, the fluid is emptied
into thoracic veins.

Lymphatic capillaries join to form larger lymphatic vessels, which in turn drain into
a lymph node. Lymph nodes are round, oval, or bean-shaped bodies and are fixed in ar-
eas throughout the lymphatic vessels, ranging in size from 1 to 25 mm long [89]. Lymph
nodes are mostly located near or on blood vessels and are categorized as superficial,
if located in the hypodermis beneath the skin, or deep, if located elsewhere [89]. The
depth of the axillary lymph nodes can range from 1.4 to 8.0 cm [92]. Lymph nodes store
white blood cells (e.g., lymphocytes and macrophages) and are the only structures to filter
lymph, removing damaged cells, microorganisms, tumour cells and foreign substances.
The unfiltered lymph is delivered to the lymph nodes by several afferent vessels. How-
ever, only one or two efferent vessels exist, which means that the lymph in the nodes is
somewhat stagnated giving time to the lymphocytes and macrophages to carry out their
protective functions. The lymph nodes are connected together in series so that lymph
leaving one lymph node is carried to another lymph node. A swollen lymph node may
identify the location of a problem such as an injury, infection, or tumour in or near the
lymph node. Lymph nodes in the underarm are called the axillary nodes.

Axillary lymph nodes form a chain of about 30 lymph nodes [89] from the underarm
to the collarbone. Surgeons divide them into 3 levels, according to their relationship to
the pectoral muscle on the chest (Figure 2.1) [71, 93, 94]:

(a) (b)

Figure 2.1: Axillary lymph nodes. (a) Illustration of the anatomical classification of the
axillary lymph nodes [95]. (b) Illustration of the surgical classification (used in axillary
dissection) of the axillary lymph nodes [71].
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Level I: Consists of the nodes located in the lower part of the underarm, along the lateral
border of the pectoral muscle. This level receives most of the lymph from the breast
and includes the pectoral, subscapular and lateral nodes.

Level II: Consists of the nodes located in the middle part of the axilla, posterior to the
pectoralis muscle. This level receives the fluid from Level I and some fluid from the
breast and chest wall. It includes the central axillary nodes and some apical nodes.

Level III: Consists of the nodes located above the breast and below the centre of the
collarbone, along the inside border of the pectoral muscle. This level receives fluid
from Levels I and II and from the upper part of the breast and chest wall. It includes
the remaining apical nodes.

2.1.2 Tumour Formation and Cancer Staging

Tumours are defined as an abnormal growth or division of undifferentiated cells. Gen-
erally, there are two possible origins for tumour cells: the existence of oncogenes, which
are genes responsible for the proliferation of cells, and/or the repression of the genes that
usually control cell proliferation. Tumours can be benign or malignant, depending if the
growth is controlled or uncontrolled, respectively. Malignant tumours are a synonym of
cancer [96].

Cancer cells can separate from the primary (original) tumour and spread (metastasise)
to other parts of the body by entering lymphatic vessels. These cells eventually reach the
blood, which in turn carries them to other parts of the body. We can therefore classify
the cancer in 4 different stages, based on the size of the primary tumour and whether the
cancer has spread in the body:

Stage 0: This stage is also called carcinoma in situ and describes cancers that are still
located in the position where they started and have not invaded nearby tissues.
This stage of cancer is often highly curable, usually by removing the entire tumour
with surgery.

Stage I: This stage reflects a small cancer or tumour that has not grown deeply into
nearby tissues, only with small clusters of cancer cells (not larger than 2 millime-
tres) in the lymph nodes. It is often called early-stage cancer.

Stage II and III: These stages indicate cancers or tumours that are larger in size, have
grown into nearby tissue, and have spread to lymph nodes, but not to other parts
of the body.

Stage IV: This stage means that the cancer has spread to other organs or parts of the
body, most often the bones, lungs, liver, or brain.

Staging describes the severity of a person’s cancer and therefore it is important for
planning the appropriate treatment. More detailed information about the stages of breast
cancer can be found in Table 2.1.
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Table 2.1: Breast cancer staging. Adapted from [97].

Stage 0 Carcinoma in situ.

Stage I
A Tumour is 2 centimetres or smaller.

B Small clusters of breast cancer cells (between 0.2 and 2 millimetres) in
the lymph nodes and either no tumour is found in the breast or the
tumour is 2 centimetres or smaller.

Stage II
A No tumour in the breast and cancer cells in 1 to 3 lymph nodes OR

tumour is 2 centimetres or smaller and cancer cells in 1 to 3 lymph
nodes OR tumour between 2 and 5 centimetres without cancer cells in
the lymph nodes.

B Tumour between 2 and 5 centimetres and small clusters of cancer cells
(between 0.2 and 2 millimetres) in the lymph nodes OR tumour be-
tween 2 and 5 centimetres and cancer cells in 1 to 3 lymph nodes OR tu-
mour larger than 5 centimetres without cancer cells in the lymph nodes.

Stage III
A No tumour or any size tumour in the breast and cancer cells in 4 to 9

axillary lymph nodes OR tumour larger than 5 centimetres and small
clusters of cancer cells (between 0.2 and 2 millimetres) in the lymph
nodes OR tumour larger than 5 centimetres and cancer cells in 1 to 3
lymph nodes.

B Any size tumour and cancer cells in the chest wall and/or in the skin
of the breast (causing swelling or an ulcer). Cancer may spread to up
to 9 lymph nodes.

C No tumour nor any size tumour in the breast and cancer cells in 10 or
more axillary lymph nodes and/or in the chest wall and/or in the skin
of the breast (causing swelling or an ulcer) OR cancer cells in lymph
nodes above or below the collarbone OR cancer cells in axillary lymph
nodes and lymph nodes near the breastbone.

Stage IV Cancer cells in other parts of the body, most often the bones, lungs, liver, or brain.

2.1.3 Breast Cancer Metastasises

In the case of breast cancer, the examination of the axillary nodes to assess if they contain
cancer cells is crucial to determine the stage of the cancer and the likelihood that breast
cancer has metastasised to other parts of the body.

More than 75% of the lymph of the breast is drained by the axillary lymph nodes.
Most of the remainder of the lymph passes to parasternal nodes [91, 94]. Furthermore,
when breast cancer metastasise, it usually spreads to the level I nodes first [93], following
anatomic order. The first regional lymph node to receive lymphatic fluid from a malig-
nant tumour is called sentinel node [67]. The presence of metastasis in level III nodes, for
example, without disease in levels I and II nodes is uncommon [71]. However, tumour
cells are not always harboured in the first lymph node to which the lymph flows because
lymphatic vessels and lymph nodes can relate in two different ways — lymphatic vessels
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can either run through the lymph node and discharge its contents in that node or it can
run over the surface of the lymph node without discharging its contents [91].

The detection of breast cancer metastasis in the axillary lymph nodes enables the eval-
uation of cancer staging [97]. This evaluation is necessary in order to decide what exams
and therapy to follow. Since an early detection can increase the success of cancer treat-
ment, it is of extreme importance to develop non-invasive approaches that accomplish
this goal. One such technique is Microwave Imaging.

2.2 Axilla modelling

2.2.1 Dielectric Properties

UWB Microwave Imaging operates on the basis that electromagnetic scatterings are gen-
erated by the contrast that exists between tissues with different dielectric properties, par-
ticularly between normal and malignant tissue. Tumour cells have altered membrane
composition and permeability which results in the movement of potassium, magnesium
and calcium out of the cell and the accumulation of sodium and water into the cell [31].
The increase of water and sodium within cancerous tissue directly affect its dielectric
properties. The dielectric contrast between tissues with different water content is respon-
sible for high scattering in Microwave Imaging.

The relevant dielectric properties are relative permittivity and conductivity [98, 99].
As most human body tissues are non-magnetic, the magnetic permeability (µ) is very
close to the permeability of free space and therefore is not considered [99]. In a general
case, permittivity, ε, is a complex number measured in Farad per Metre (F/m) that con-
sists of a real part (ε′) and an imaginary part (ε′′). The complex permittivity, ε, divided
by the permittivity of free space, ε0 = 8.854 × 10−12 F/m, is called relative permittivity,
εr, which is dimensionless:

εr =
ε

ε0
=
ε′ − jε′′

ε0
(2.1)

Permittivity describes the interaction of a material with the electric field applied on it.
The real part of the permittivity (ε′) is a measure of how much energy from an external
electric field is stored in the material. The imaginary part (ε′′) is related to the dissipation
of energy, which occurs when the electromagnetic energy is absorbed by the material [98,
99]. The imaginary part of permittivity (ε′′) is always greater than zero and is usually
much smaller than the real part (ε′) [99]. The measured loss in the material (ε′′) is related
to both pure dielectric loss, εd′′, (e.g., dipolar and electronic polarization) and to another
parameter called conductivity, σ, which is given in Siemens per Metre (S/m) [98]:

ε′′ = εd
′′ +

σ

ω
(2.2)

where ω = 2πf is the angular frequency.
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2.2.1.1 Dielectric Properties of Lymph nodes

Whereas there is a significant number of studies focusing on dielectric properties of tis-
sues from breast and other organs/tissues within the human body [32, 100], information
about lymph tissues is very sparse and there are only initial studies currently available.
The following paragraphs examine the limited number of studies reporting lymph node
dielectric properties.

In 1994, Joines et al. [28] performed in 1994, for the first time, 6 measurements of the
conductivity and relative permittivity of malignant lymph nodes at frequencies between
50 and 900 MHz, a typical frequency range used for Microwave-Induced Hyperthermia.
However, this study not only examined a limited number of lymph nodes but also did
not include any healthy lymph nodes.

Later, Choi et al. [84] examined the electromagnetic properties of breast cancer cells,
specially metastasised cancer cells in the lymph nodes, by employing broadband high-
frequency microwaves ranging between 0.5 and 30 GHz. The study included 27 lymph
nodes and 7 pure cancer tissues and showed that both cancer tissues and lymph nodes
containing cancer cells differ significantly from normal lymph nodes. Figure 2.2 clearly
shows that cancer tissues and metastasised lymph nodes exhibited higher values of per-
mittivity compared to the normal nodes at low frequencies and higher values of con-
ductivity at high frequencies. Although this suggested that it is possible to distinguish

Figure 2.2: The variation of the relative permittivity and conductivity between 0.5 and
30 GHz of pure cancer tissues and metastasised lymph nodes in comparison to normal
lymph nodes as reported by Choi et al. [84]. The solid line is the real part of the permit-
tivity and the dotted line the imaginary part of the permittivity (ε), which is considered
to be ε′′ = σ/ω. Black represents the cancer mass, blue the metastasised node, and red
the normal node.
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(a) (b)

Figure 2.3: The variation of the (a) relative permittivity and (b) conductivity between
1 and 20 GHz, measured in the external and cross-sectional surfaces of healthy lymph
nodes for samples from 2 patients as reported by Cameron et al. [61]. The measure-
ments in the external surface of the node correspond to 40% and 47% fat beneath the
probe whereas the cross-sectional measurements show 20% and 10% fat content under
the measurement site.

(a) (b)

Figure 2.4: The variation of the (a) relative permittivity and (b) conductivity between
1 and 20 GHz, measured in the external and cross-sectional surfaces of lymph nodes
containing tumour cells, as reported by Cameron et al. [61].

metastatic lymph nodes with high sensitivity using microwaves, various important as-
pects of the study (such as the sensing volume of the probe) are not detailed and thus,
insight into the accuracy of the measurements is not available.

More recently, Cameron et al. [61] conducted a preliminary study of the electrical
properties of healthy and malignant lymph nodes. They measured the dielectric proper-
ties in both the external and cross-sectional surfaces (after cutting the tissue sample) of
the nodes, reporting higher permittivity and conductivity in the latter case (Figure 2.3)
where the water content is higher. The study also revealed that lymph nodes contain
more fat than originally expected and that fatty tissue dominates the measurements when
the probe is placed in the exterior of the node. Nodes containing tumour cells were
also included in the study, showing that the dielectric properties are higher in the cross-
sectional surface due to higher tumour content, when compared to the external surface
(Figure 2.4). The measurement results are encouraging but not conclusive, especially due
to the limited number of samples. The authors plan to continue measurements in order
to further understand the electrical properties of diseased and healthy lymph nodes and
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thus, assess the impact of Microwave Imaging to aid breast cancer diagnosis.

2.2.2 Finite-Difference Time-Domain Method

A FDTD model is a numerical method commonly used to simulate the propagation of
electromagnetic waves in a specified material, such as biological tissue [101, 102]. FDTD
is based on a discrete solution of Maxwell’s time-dependent equations:

∂E

∂t
=

1

ε0
5×H (2.3)

∂H

∂t
=

1

µ0
5×E (2.4)

where E is the electric field vector, H is the magnetic field vector, ε0 is the permittivity
of free space, and µ0 is the permeability of free space. In the FDTD approach, both space
and time are divided into discrete segments. The calculation of the electromagnetic field
values progresses at discrete steps in time using a leapfrog scheme [103] where, at each
step, first the electric fields and then the magnetic fields are computed. FDTD methods
are based on the approximation of partial derivatives by finite-differences. For the dis-
cretisation of the Maxwell’s equations, the space and time and space resolutions, dx and
dt respectively, need to be defined. Firstly, dx is chosen and finally the time step dt is
determined using [104]:

dt =
dx

2c0
(2.5)

where c0 is the speed of light.

The frequency-dependency of the dielectric properties of biological tissue is imple-
mented in the FDTD model by the following Debye formulation [45]:

εr(ω) = ε∞ +
σs
jωε0

+
εs − ε∞
1 + jωτ

(2.6)

where ε∞ is the permittivity at ω = ∞, εs and σs are respectively the static permittivity
and conductivity at ω = 0, and τ is the relaxation time constant, which is the time re-
quired for the displaced system aligned in an electric field to return to 1/e of its random
equilibrium value [99].

The FDTD method has been extensively used in several studies regarding Microwave
Imaging of the breast [37, 45, 105, 106]. The method is employed because it is intuitive,
highly accurate and efficient, does not use linear algebra which allows an infinite number
of electromagnetic unknowns, it is simple to program and easily adapted to deal with a
variety of problems [107, 108].

For the purpose of this dissertation, a FDTD model will be designed to simulate the
electromagnetic behaviour of the underarm region when illuminated by an UWB radar
system. The model needs to represent the lymph nodes, skin, muscle and bone in the
upper arm. Each type of anatomical structure will be given its appropriate dielectric
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properties as described in the literature [28, 61, 84, 100, 109–111].

2.3 Ultra-Wideband Radar Microwave Imaging

Ultra-wideband radar microwave imaging involves illuminating the axilla with an ultra-
short UWB pulse (around 150 picoseconds), emitted by antennas at different locations
surrounding the underarm, and recording the backscattered signals. In a monostatic
system, each element of an antenna array sequentially transmits the UWB pulse and re-
ceives the reflected signals [38]. Instead of an array of antennas, a single antenna can
also be used to scan the tissue at the various locations [37]. In a multistatic system, for
each transmitting antenna, all antennas in the system are simultaneously receivers. An
artefact removal algorithm is then applied to the recorded signals to subtract the high-
backscattering responses caused by skin. Finally, a beamforming algorithm spatially fo-
cuses the backscattered signals in order to create an energy profile of the axilla to identify
the presence and location of significant dielectric scatterers. High-energy regions may
indicate the presence of metastasis in the lymph nodes. A block diagram of a monostatic
UWB system for axilla Microwave Imaging is shown in Figure 2.5.

Figure 2.5: Generic diagram illustrating the proposed UWB radar Microwave Imaging
system of the axilla.

Two different antenna configurations have been examined for breast imaging. In the
planar configuration, first used by Hagness et al. [112], the patient is in the supine posi-
tion with a planar antenna array placed across the naturally flattened breast. Conversely,
in the cylindrical configuration, developed by Fear et al. [113], the patient lies in the prone
position with a cylindrical array of antennas surrounding the breast, which is naturally
extending through an opening in the examination table. For the purpose of this disserta-
tion, a planar configuration and a monostatic system will be adopted.

In the following Section, a variety of artefact removal and beamforming algorithms
are discussed.
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2.3.1 Artefact Removal Algorithms

The stored backscattered signals include not only the tumour response, but also reflec-
tions from the skin. These reflections appear early in the time domain signal and are
typically several orders of magnitude greater than the response from all other scatter-
ers and therefore, if not removed, these could easily mask the tumour response [114].
This makes the artefact removal a critical component of any radar-based imaging system
which needs to be applied before applying the focusing algorithm to form the image. A
range of existing artefact removal algorithms are presented in the following paragraphs.

2.3.1.1 Average Subtraction

The simplest method was described by Li et al. [38] and consists in creating a reference
waveform by averaging all the stored waveforms and then subtracting this reference
from each of the original backscattered signals:

Bm = bm −
1

M

M∑
m=1

bm (2.7)

where M is the number of antennas, bm is the original backscattered signal recorded
at antenna m and Bm is the artefact-free signal. Since the artefact is dominant in the
reference waveform and the tumour and clutter signals (due to heterogeneous tissue) are
reduced to negligible levels, after the subtraction the result will essentially contain only
the tumour response and clutter signals. This method, however, assumes that the artefact
is identical for all antennas which in practice does not occur. This approach was adapted
for the 3D case by Lim et al. in [115].

2.3.1.2 Rotation Subtraction

The Rotation Subtraction method was proposed by Klemm et al. [116] and requires two
sets of measured data. The first set is recorded with a circular antenna array in one
position and a second set of signals is recorded after the antenna array has been rotated
around the vertical axis. In order to reduce the skin reflection, the second measurement
is subtracted from the first one.

2.3.1.3 Adaptive Filtering

The artefact in the different antennas is similar but not identical due to local variations
in skin thickness and tissue heterogeneity, as opposed to what is assumed by the simple
Average Subtraction and Rotation Subtraction algorithms. In order to compensate for
this variation, Bond et al. [117] proposed a method based on the Wiener Filter algorithm
in which the artefact in each channel is estimated as a filtered combination of the signal
in all other channels:

Bm = bm − qT bc (2.8)
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where bc is vector calculated from all other antennas except m, and q is the vector of fil-
ter weights. The filter weights are chosen to minimize the residual signal mean-squared
error over the initial portion of the stored signal, which is dominated by the artefact.
O’Halloran et al. [118] modified this algorithm to allow for the multistatic case. Here,
the artefact removal algorithm first divides the signals into groups with similar artefacts,
and then removes the artefact from each signal within the group. Maklad et al. [119] also
modified the algorithm by selecting a physically and characteristically relevant neigh-
bourhood of antennas to estimate each portion of skin response. The basic assumption
of these algorithms is that, although the artefact will not be identical in each channel, it
is recorded at approximately the same time, while any tumour response will appear at
different positions in time due to the distance between the antennas.

Sill et al. [120] proposed a different adaptive filtering algorithm, based on the recursive
least squares algorithm, in which the weight vectors are updated recursively after each
time step. In contrast, the previous method [117] has a constant weight vector, which is
shifted through the selected window.

2.3.1.4 Entropy Based Time Window

Adaptive filtering algorithms usually bring some distortion to the tumour reflection and
are computationally complicated. In order to overcome these issues, Zhi and Chi [121]
developed the Entropy Based Time Window artefact removal algorithm, based on the
assumption that the artefacts have high similarity between the recorded data at different
antennas and appear earlier in time, while the tumour response is delayed and attenuated
differently in each channel. This method applies a time window function to the received
signals, which is designed according to the entropy of the antenna signals at each time
instant. Entropy is a measure of the variation of the signal and in this approach, a large
entropy value, as a measure of high similarity, gives values of zero to the time window
function, eliminating the artefact. This algorithm was shown to completely remove the
part of signal estimated to contain the artefact but often failed to accurately estimate the
exact portion of the signal containing the artefact [114].

2.3.1.5 Frequency Domain Pole Splitting

Firstly described by Maskooki et al. [122], this method employs a frequency domain
model for the backscattered signal, representing each signal as a sum of complex ex-
ponentials, where each complex exponential represents a pole of the system and each
pole corresponds to a specific scatterer. The information related with skin reflection can
then be removed by removing the poles over a stated threshold, which correspond to
the strongest scatterers. The reconstructed signal, which only contains the tumour and
clutter response, is then converted into the time domain. As this method processes each
signal individually, it adds no clutter from other channels. However, it tends to introduce
considerable distortion in the tumour response [114].
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2.3.1.6 Hybrid Artefact Removal Algorithm

Recently, Elahi et al. [123] proposed a novel artefact removal algorithm that combines
the best attributes of the Entropy Based Time Window algorithm [121] and the adaptive
Wiener Filter algorithm [117]. The first step of the proposed algorithm is to use an im-
proved Entropy Based Time Window algorithm to estimate the part of the signal contain-
ing the artefact, based on entropy values. Once the artefact window has been defined, the
Wiener Filter algorithm is applied over this window to estimate the artefact as a filtered
combination of the signals in all other channels according to equation 2.8. This algorithm
was shown to perform better in terms of signal and image quality when compared to
the Entropy Based Time Window algorithm, for both homogeneous and heterogeneous
scenarios [123].

2.3.2 Beamforming Algorithms

After artefact removal, beamforming is used to focus the backscattered signals to each
pixel in the output image which correspond to specific focal points within the tissue. An
effective beamforming algorithm must identify the presence and location of a tumour
and provide high resolution while suppressing clutter due to the normal heterogeneity
of biological tissue. Currently there are two main categories of beamformers, namely
data-independent and data-adaptive. This section describes many different image re-
construction algorithms that have been proposed for the UWB microwave imaging tech-
nique.

2.3.2.1 Data-Independent Beamforming

Data-independent beamformers assume that the input signal propagates through a medium
with known dielectric properties, and thus with known wave velocity. This information
is then used to establish the delay and attenuation effects encountered by a radar sig-
nal. A number of data-independent beamformers used in the UWB breast imaging are
described in the following paragraphs.

Delay-And-Sum
In 1998, Hagness et al. [105] implemented a 2D monostatic system based on the Delay
And Sum (DAS) beamformer. The DAS beamformer involves time-shifting (delaying)
and summing the backscattered signals to produce a synthetic focal point, which corre-
sponds to each pixel in the image. First, time delays are calculated based on the distances
from the focal point to each antenna in order to identify the contribution of each pro-
cessed signal. Following the time-shifting of the signals according to the computed time
delay, all contributions are added. If a tumour exists at a specific focal point, the returns
from the tumour site will add coherently. Returns from clutter, due to natural heteroge-
neous tissue, will add incoherently and will be suppressed. In this way, tumour signals

22



2. BACKGROUND 2.3. Ultra-Wideband Radar Microwave Imaging

are enhanced whereas clutter signals are minimized. The intensity of a pixel (I) in the re-
constructed image is the square of the coherently summed values for a specific synthetic
focal point at ~r = (x, y):

I(~r) =

∫ Twin

0

[
M∑

m=1

Bm(t− τm(~r))

]2
dt (2.9)

where M is the number of antennas, Bm is the mth backscattered signal and τm(~r) is the
discrete time delay described as τm(~r) = 2dm/(vTissueTs), with dm =| ~r − ~rm | being the
distance between the mth transmitting antenna at ~rm and the focal point (~r), vTissue the
average velocity of signal propagation in breast tissue (vTissue = c0/

√
εr, c0 is the speed

of light), Ts the sampling interval between data points and Twin the window length. The
energy profile of the breast is created by varying the position of the synthetic focus from
point to point (i.e. for each pixel) within the region of interest. High energy regions will
likely indicate the presence of malignant tissue and low energy regions represent normal
tissue.

In 2001, Li et al. [38] introduced the weights wm in the DAS algorithm in order to
compensate for attenuation due to 2D radial spreading of each UWB cylindrical pulse as
it propagates outward from the transmitting antenna:

I(~r) =

∫ Twin

0

[
M∑

m=1

wmBm(t− τm(~r))

]2
dt (2.10)

Here, Bm represents the backscattered waveform after some processing, including an
artefact removal. The radial spreading compensation was adapted to a 3D system by
Fear et al. [37].

Nilavalan et al. [124] developed in 2003 the first multistatic DAS beamformer, where
all M antennas record each backscatter signal. In such system, M2 signals are recorded,
but due to reciprocity, only M(M − 1)/2 signals need to be processed.

The main advantage of the DAS algorithm is its simplicity and short computation
time.

Improved Delay-And-Sum
In 2008, Klemm et al. [116] evaluated, for a 3D multistatic system, a modified DAS beam-
forming using an additional weighting factor, QF (Quality Factor), to represent the qual-
ity of the coherent focusing algorithm. This factor is calculated in three steps. Firstly, for
each focal point, ~r, the energy is collected, cumulatively summed and plotted against the
number of channels. Next, this curve is normalised by multipliying 1/(1 + σe), where σe
is the standard deviation of energy for all radar signals used in the summation. Finally, a
second order polynomial (y = ax2 + bx + c) is fitted to the normalized energy collection
and it is assumed that QF = a. This algorithm improves the signal-to-clutter ratio and its
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characteristic equation is:

I(~r) = QF(~r) ·
∫ Twin

0

[M(M−1)/2∑
m=1

wmBm(t− τm(~r))

]2
dt (2.11)

Delay-Multiply-And-Sum
In 2008, Lim et al. [115] proposed the Delay-Multiply -And-Sum (DMAS) algorithm, a
similar approach to the DAS algorithm but with an additional pairing multiplication pro-
cedure after time shifting and before the time-shifted signals are summed and squared.
The DMAS algorithm is based on the fact that by increasing sample size, additional clut-
ter rejection is achieved. For example, considering 5 antennas in a monostatic system
(M = 5), the clutter and noise rejection in DAS is achieved by summation of 5 (M ) sig-
nals, whereas for DMAS, 10 (MC2) signals are summed.

Channel-Ranked Delay-And-Sum
The previous algorithms assume that the tissue is dielectrically homogeneous. However,
in case of heterogeneity, detection of tumours is much more challenging as signals with
a longer propagation distance are more likely to encounter different dielectric properties,
which reduce the quality of the microwave image due to incoherent addition. To compen-
sate for that, O’Halloran et al. [125] developed an algorithm which gives extra weighting
to signals with shorter propagation distances. Each multistatic signal is assigned a rank
from 1 to M (M is the number of multistatic signals) according to its round-trip distance
from the focal point, with the signal with the shortest propagation distance assigned a
rank of 1. A weighting factor, w, is then calculated based on this ranking:

w =
M − rank
M(M − 1)/2

(2.12)

This algorithm not only gives greater weighting to signals with shorter propagation
distances, but also requires that the sum of the weights is always equal to 1, ensuring that
weighting does not inhibit the imaging of cancerous tissue at significant distances.

Microwave Imaging via Space-Time
Bond et al. [117] and Davis et al. [126] developed the monostatic Microwave Imaging via
Space-Time (MIST) beamforming. The main goal is to more effectively compensate for
frequency-dependent propagation effects, such as path dependent dispersion and atten-
uation effects. The MIST beamformer firstly time-aligns the backscattered signals. Then,
these signals pass through a bank of Finite-Impulse Response (FIR) filters, one in each an-
tenna, and are summed to produce the beamformer output. The result is time-gated, and
the energy for the point of interest is calculated. The filters solve a least-squares prob-
lem such that reflection from a possible tumour are passed with approximately unit gain
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while the clutter and noise gain is reduced. O’Halloran et al. [118] adapted the MIST algo-
rithm for the multistatic configuration (multi-MIST) showing that this algorithm signifi-
cantly outperforms the monostatic MIST beamformer from which it is derived. In [127],
the robustness of the multi-MIST algorithm was examined across a range of clinical sce-
narios including variations in dielectric properties and tumour positions and sizes.

Time-Difference-of-Arrival
The Time-Difference-of-Arrival (TDOA) algorithm, proposed in 2013 by Moll et al. [128],
considers one transmitting antenna Ti and two receiving antennas Rj and Rk. If there is
a tumour located at ~r, the difference in times of arrival ∆tjk at the two antenna positions
~rj and ~rk is given by:

∆tjk(~r) =
1

vTissue
(|~r − ~rj | − |~r − ~rk|) (2.13)

where vTissue is an assumed constant velocity of signal propagation in breast tissue. Since
the distance from the transmitter to the scatterer is the same for both receivers, it does
not affect the differences in times of arrival when the wave velocity is constant. Hence,
the three-dimensional intensity distribution can be obtained by a superposition of all
transmitter-receiver combinations:

I(~r) =
MT∑
i=1

MR−1∑
j=1

MR∑
k=j+1

cjk(∆tjk(~r)) (2.14)

where cjk denotes the cross-correlation function between the receiver signals andMT and
MR are the number of transmitting and receiving antennas, respectively.

2.3.2.2 Data-Adaptive Beamforming

Data-Adaptive beamforming describes how signals recorded by an antenna array are ma-
nipulated in order to achieve unit gain from a desired direction while suppressing signals
of the same frequency from unwanted directions. Conversely to the data-independent
beamformers, data-adaptive do not need a-priori information about the dielectric proper-
ties of tissue that in practice will not be available. The signal originating from the desired
direction is estimated by varying the weights (or steering vector) applied to the antenna
array. One popular Data-Adaptive beamformer is the Robust Capon Beamformer (RCB)
implemented by Li et al. [129], which involves minimizing the output power of the beam-
former while ensuring a unit gain in the direction of interest. Xie et al. [130] extended the
approach for a Multistatic Adaptive Microwave Imaging (MAMI) algorithm by imple-
menting the RCB in two stages in order to eliminate errors within the steering vector and
making the algorithm more robust. Several changes have been introduced to the RCB to
improve on the robustness of the algorithm such as Transmitter-Grouping RCB [131] and
Double Constrained RCB [132].

In [133], Moll et al extended the data-independent TDOA algorithm in order to not
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require the wave velocity information. Here, the times-of-arrivals between two transmit-
ters and one receiver is analysed directly in the time and not the spatial domain. As a
result, the tumour was located correctly in moderate heterogeneous breast tissue.

In general, data-adaptive beamforming perform better than data-independent beam-
formers. In [134], data-adaptive methods outperformed DAS, and MAMI gave the best
results in both homogeneous and heterogeneous breasts, while RCB showed a poor per-
formance in the latter case.

2.3.3 Discussion and Conclusion

The success of the imaging procedure depends on many aspects, such as the type of UWB
system (monostatic or multistatic) and the used algorithms for the artefact removal and
beamforming.

The multistatic approach has been shown to significantly outperform monostatic imag-
ing algorithms primarily because the former approach acquires many more reflections
from the dielectric scatterers. Having this in mind, O’Halloran et al. [135] proposed a
novel imaging technique to further increase the number of multistatic signals by rotating
the antenna array around the breast. However, investigation of various antenna con-
figurations and signal acquisition techniques for further improved imaging should be
completed.

As stated, the skin artefact present in the received data needs to be removed and is
an important step prior to the focusing algorithm and image formation. Elahi et al. [114]
tested several artefact removal algorithms and observed that, although both Rotation
Subtraction and Average Subtraction algorithms are computationally simple, they usu-
ally fail to remove the artefact due to local variations in the thickness of the skin and
differences in the distance of each antenna to the skin. Conversely, Adaptive Filtering
and the Frequency Domain Pole Splitting algorithms perform well but tend to introduce
significant distortion in the tumour response. The Entropy Based Time Window algo-
rithm completely removes the portion of the signal estimated to contain the artefact but
sometimes fails to estimate that portion of the signal. The Hybrid Artefact Removal Al-
gorithm combines the best attributes of the Entropy Based Time Window algorithm and
the adaptive Wiener Filter algorithm performing better than each one individually. How-
ever, this still needs to be adapted to the multistatic case.

In order to create an energy profile, a beamforming algorithm is applied. O’Halloran et
al. [136] tested the DAS, DMAS and IDAS with three realistic breast FDTD models. The
authors observed that, although both IDAS and DMAS significantly outperformed DAS,
breasts with higher content of fibroglandular tissue significantly caused reduced perfor-
mance of IDAS and DMAS. In fact, in [137] it was shown that all of the tested beam-
forming algorithms (IDAS, Channel Ranked DAS and TDOA) allow for the correct local-
ization of the tumour in an homogeneous breast tissue, but once the level of dielectric
heterogeneity increased, the focusing algorithms failed in the tumour localization. The
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main reason for that is the unknown wave velocity within the healthy tissues of the breast
which is needed for the beamforming reconstruction methods. This prompts the devel-
opment of more sophisticated beamformers that work independently of the wave veloc-
ity information and the degree of tissue dielectric heterogeneity. Data-adaptive imag-
ing techniques attempt to overcome the shortcomings of data-independent algorithms
by calculating a set of filter weights based only on the received signal data. Although
they clearly improve the data-independent algorithms, false negative or false positive
diagnosis may still occur as a result of multiple high energy regions within the energy
profile. Additional imaging techniques need to be investigated in order to further re-
duce the effects of heterogeneous tissue and to clearly identify a tumour. As an example,
contrast agents that modify the relative permittivity and conductivity of tissue (such as
microbubbles and single-walled carbon nanotubes) are being investigated [138] to iden-
tify cancerous tissue within dielectrically heterogeneous breasts. These agents make the
tumour a stronger scatterer due to an increased dielectric contrast between normal and
malignant tissue.
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3
Methods and Materials

In this Chapter a clear explanation of how this study was conducted is presented. The
chapter starts by describing the relevant materials that were the bases of this dissertation
and finishes by detailing the methods. Firstly, the procedure to simulate the propagation
of electromagnetic waves in a numerical model of the axilla; secondly, the algorithms that
were used to form images of the axilla from microwave signals; and finally the metrics
that were used to evaluate the performance of each reconstruction algorithm. The simu-
lation and all the algorithms were developed and tested in MATLAB R©1 R2014a (version
8.3).

3.1 Materials

In order to accomplish the objectives of this dissertation and to examine the performance
of each image formation algorithm, it was necessary to develop completely new 2D
FDTD models that mimic the underarm region. The development of these numerical
phantoms was completed by another researcher in the research group although I actively
contributed to their development. In the FDTD models, each type of tissue is a new layer.
Each model contains a 0.2 cm layer of skin and adipose tissue, which results in an overall
axilla region thickness of 10 cm. A specific location within the FDTD model is given by:
(depth, span) cm. In order to adequately evaluate the image formation algorithms, three
models of the underarm with different tissue composition were considered, all of them
accounting for the heterogeneity of the adipose tissue:

• Simple heterogeneous model. Comprises a single lymph node.

1MATLAB is a registered trademark of The MathWorks, Inc.
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• Heterogeneous model. Comprises two linked lymph nodes near the skin surface
(healthy and metastasised).

• Heterogeneous model with muscle. Comprises two linked lymph nodes (in the
anatomical levels I and/or II) and contains a 2.5 cm muscle layer which is 3.7 cm
deep.

An example of a heterogeneous model with muscle is shown in Figure 3.1.

Skin

Antennas
Heterogeneous Adipose 
Tissue
Metastasised Lymph Node 
(cross-section)
Metastasised Lymph Node 
(surface)
Healthy Lymph Node 
(cross-section)
Heathy Lymph Node 
(surface)

Muscle

Lymphatic Vessel

Figure 3.1: Representation of a heterogeneous model with muscle.

The lymph nodes are modelled with a bean-shaped curve [139] and can have differ-
ent dimensions. Particularly, metastasised lymph nodes are usually bigger than healthy
lymph nodes because lymph nodes swell when a tumour develops in or near them. In
this dissertation, the size of a lymph node will always be referred to its larger axis, includ-
ing the surface. The classification of the lymph nodes in the models is done according to
their relationship to the muscle layer: level I lymph nodes are located above the muscle
(2.0 cm deep) and level II lymph nodes are located at the muscle surface or inside the
muscle. Level III lymph nodes are not modelled because, as it will be discussed later in
Chapter 4, they are too deep in the axilla and they are not clearly visible with the tested
image formation algorithms.

As noted in Chapter 2, the dispersive frequency-dependency of the dielectric proper-
ties of various tissues is implemented using a Debye model, given by Equation 2.6. The
literature review concerning the dielectric properties was not intended for this disserta-
tion, but it will be briefly exposed here for completeness. The Debye parameters for each
type of tissue are shown in Table 3.1. Skin Debye parameters are obtained to fit published
data by Zastrow et al. [109], healthy and malignant lymph nodes are modelled according
to the dielectric properties found in studies by Cameron et al. [61], the dielectric proper-
ties for adipose tissue are based on the results described by Lazebnik et al. [110] and the
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muscle properties are those described by Eleiwa et al. [111]. In order to account for the
dielectric differences within adipose tissue, a dielectric variation of 10% with respect to
the nominal property is randomly incorporated.

Table 3.1: Parameters of the Debye Formulation for the various tissues in the underarm
that are represented in the FDTD models.

Tissues Permittivity
(ε∞)

Conductivity
(σs) [S/m]

ε∞ − ε0 Relaxation
Time (τ ) [ps]

Skin 15.93 0.831 23.83 13

Adipose Tissue 3.14 0.036 1.61 14.11

Muscle 47.8 5.58 25.4 6.79

Healthy surface 8 2 3 9.24

Lymph Nodes cross-
section

47 6 27 9.4

Metastasised surface 17 4 10 10.47

Lymph Nodes cross-
section

55 9 31 11

Lymphatic Vessel 8 2 3 9.24

3.2 Methods

3.2.1 FDTD Simulation Procedure

FDTD modelling, as briefly addressed in Section 2.2.2, is a numerical method commonly
used for modelling the propagation of electromagnetic signals in biological tissues. The
method is detailed in [104], which presents an implementation of the method in C pro-
gramming language. This implementation was adapted to MATLAB environment to sim-
ulate a microwave radar system using the developed axilla numerical phantoms. With
this method, representative backscatter signals are computed allowing the evaluation of
the image formation algorithms presented in Sections 3.2.2 and 3.2.3. In total, 42 FDTD
simulations in different imaging scenarios were carried out.

The FDTD grid resolution, dx, is 0.5 mm and the time step, dt, is calculated by means
of Equation 2.5 as 0.833 ps. A Perfectly Matched Layer [140] is used as an absorbing
boundary condition so that the reflections of propagating electromagnetic fields from the
edges of the FDTD mesh are minimized. The antenna array is composed of 17 elements
placed on the skin, equally spaced and spread over a distance of 80 mm. The number
of antennas is 17 because this was found to be the optimized number that offered the
best compromise of performance versus efficiency for a Microwave Imaging system in
a planar configuration with the same antenna span [34]. During a scan, each antenna
sequentially illuminates the phantom with a UWB pulse and the backscattered signal
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is recorded at the same antenna. Prior to further processing, all the FDTD signals are
downsampled from the sampling frequency of the FDTD simulation, from 1200 GHz to
50 GHz.

(a) (b)

Figure 3.2: Representation of the UWB input signal. (a) Time-domain of the pulse. (b)
Magnitude spectra of the pulse.

The input pulse, G(t), is a 150 ps differentiated Gaussian pulse with a centre fre-
quency of 7.5 GHz and a -3 dB bandwidth of 9 GHz, defined as:

G(t) = a× (t− b)× e−
(t−b)2)
τ2 (3.1)

where a = −0.25, τ = 35 and b = 3× τ . The time-domain and magnitude spectra of this
pulse are represented in Figure 3.2.

3.2.2 Artefact Removal Algorithms

An overview of several artefact removal algorithms found in the literature was provided
in Chapter 2. In this dissertation, the following artefact removal algorithms are investi-
gated:

"Ideal": As previously applied by Conceição et al. [34], this artefact removal is imple-
mented by subtracting the backscattered signals from a homogeneous FDTD model
with no lymph nodes nor muscle from the backscattered signals obtained with the
heterogeneous FDTD model containing lymph nodes (and possibly muscle), allow-
ing for the isolated skin backscatter to be removed. The “ideal” artefact removal is
introduced in this chapter as it potentially removes the artefact more efficiently and
can be used to clearly examine the performance of the beamformers.

Average Subtraction: This artefact removal is implemented by subtracting the average
of all the stored waveforms from each of the original backscattered signals.
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Adaptive Filtering: In this algorithm developed by Bond et al. [117], the artefact in each
channel is estimated as a filtered combination of the signal in all other channels. For
this algorithm, the filter weights are chosen to minimize the residual signal mean-
squared error over the portion of the signal dominated by the artefact. Without loss
of generality, suppose we want to remove the artefact from channel 1, the artefact at
the nth sample of the first antenna is estimated from successive samples centred on
that sample. The (2J + 1) × 1 vector of time samples in the mth channel is defined
as:

bm(n) = [bm(n− J), ..., bm(n), ..., bm(n+ J)]T, 2 ≤ m ≤ M (3.2)

where J is the number of samples on either side of the nth time sample. The sam-
ples of bm(n) for the channels 2 to M are concatenated into a vector b2M(n) =

[bT2 (n), ..., bTM(n)]T. The filter weight vector q is then chosen according to:

q = argmin
q

n0+m−1∑
n=n0

b1(n)− qTb2M(n)2 (3.3)

where the time interval n = n0 to n0 + m − 1 represents the initial portion of the
recorded data that contains the artefact and no backscattered signals from lesions.
The solution to this minimization problem can be described as:

q =
p∑

i=1

1

λi
uiu

T
i ×

1

m

n0+m−1∑
n=n0

b2M(n)b1(n) (3.4)

where λi, 1 ≤ i ≤ p are the p significant eigenvalues and ui the corresponding
eigenvectors. For the purpose of this work, this algorithm was implemented with
a window length from n = 6 to 40, J = 3 and p = 5. These values were em-
pirically found to be the values that give the best quality images of the axilla (the
image quality is described by several performance metrics which are discussed in
Section 3.2.4).

3.2.3 Beamforming Algorithms

Several beamforming algorithms were described in Chapter 2. This study attempts to
examine the performance of the following beamformers for the formation of an image of
the axilla:

DAS: The implemented DAS algorithm was presented by Hagness et al. [105], in which
the signals are first time shifted and then summed. In Figure 3.3, a diagram of this
beamformer is presented.

DMAS: The DMAS algorithm, proposed by Lim et al. [115], is similar to the DAS algo-
rithm but additional pairing multiplication procedure after time shifting is applied.
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Time Delay Sum

+ Energy Calculation
& Image Formation

B1

B2

B3

B4

4 Monostatic Antennas

Lesion

Figure 3.3: Diagram of the monostatic DAS beamforming algorithm with M = 4 anten-
nas. All other beamformers (DMAS, Channel-Ranked DAS and Channel-Ranked DMAS)
are derived from this one.

Channel-Ranked DAS: This algorithm was developed by O’Halloran et al. [125] and,
comparing to the DAS algorithm, gives extra weighting to signals with shorter
propagation distances. This means that, for example, in Figure 3.3, the DMAS al-
gorithm will attribute higher weight to the signal B2 when compared to the signal
B4.

Channel-Ranked DMAS: This is a novel algorithm that was developed during this dis-
sertation. It applies the Channel-Ranked DAS to the DMAS algorithm taking into
consideration not only the propagation distances of each signal (as Channel-Ranked
DAS) but also a higher number of signals due to the additional pairing multiplica-
tion procedure (as DMAS).

For each beamformer, the focal point energy is calculated across a window. For this
work, a time window of 6 samples was found to be the optimum value and remained
constant throughout the experiment. However, as noted by Bond et al. [117], the duration
of the backscattered response is proportional to tumour size, and so a larger window
would be more appropriate if the tumour is expected to be larger.

3.2.4 Performance Metrics

A range of different metrics are used in order to evaluate the performance and robustness
of each image formation algorithm. Particularly, these metrics are used to measure the
ability of the imaging system to highlight cancerous lymph nodes in the presence of clut-
ter, to distinguish between diseased and healthy lymph nodes and to accurately localize
the centre of the metastasis. The following performance metrics were used:

• Full Width Half Maximum (FWHM). Measures the distance between the peak re-
sponse of the detected metastasised lymph node and the point at which the energy
of this response drops to half. It expresses the physical extent of the metastasis
response [34, 37].
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• Signal-to-Clutter Ratio (SCR). Compares the maximum metastasis response to the
maximum clutter response. The maximum clutter response is the maximum pixel
value of the image in the area that excludes the response from any lymph node up
to twice the extent of the FWHM value [34, 37].

• Signal-to-Mean Ratio (SMR). Describes the ratio of the maximum metastasis re-
sponse to the average energy response of all the tissues within the axilla, excluding
the response from any lymph node up to twice the extent of the FWHM value [34,
115].

• Max-to-Max Ratio (MMR). Compares the maximum metastasised lymph node re-
sponse to the maximum response from healthy lymph nodes.

• Localisation Error (Lerror). Calculates the difference between the location of the
metastasis peak response and the actual location of the metastasised lymph node.
This metric, as well as FWHM, determines the effectiveness of the system in local-
ising the tumour within the axilla [34, 118].
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4
Results and Discussion

The purpose of this chapter is to summarize the key results that show the efficiency of the
image formation algorithms presented in Chapter 3. For that, the algorithms are applied
to simulated backscattered signals recorded at an array of antennas, after illuminating a
numerical phantom of the axilla with a UWB pulse. In this Chapter, the computation of a
set of backscattered signals is first discussed and then, the results of applying the image
formation algorithms to the backscattered signals using a variety of numerical phantoms
of the axilla are presented. The relevant performance metrics are also presented and
analysed for each simulation.

4.1 Computational Electromagnetic Simulation for Data Acqui-
sition

The backscattered signals calculated using the FDTD method are an approximation to
the signals that would be acquired from a real clinical setting. Figure 4.1 (a) (solid blue
curve) illustrates the recorded backscattered signal in the first antenna (of an array of
17 antennas) using a simple 2D model of the axilla, consisting in a layer of skin and in
heterogeneous tissue surrounding a metastasised lymph node placed 2.0 cm deep. Af-
ter recording, these signals are processed to remove their artefact caused by skin. The
performance of this process is illustrated in the figure, where it is clearly seen that prior
to applying an artefact removal algorithm (solid blue curve), the early-time response is
dominated by the incident pulse and the skin response. After applying the artefact re-
moval (dotted red curve), the results demonstrate that the early-time response is almost
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(a)

(b)

(c)

Figure 4.1: Computed FDTD backscattered signals (note the different scales in the Sig-
nal Magnitude axes between plots). (a) Signals before and after applying the Adaptive
Filtering artefact removal. (b) Late-time responses after applying the Adaptive Filtering
artefact removal at 4 different channels. (c) Artefact-free signal at channel 9 before and
after time-shifting.

completely eliminated while, as shown in Figure 4.1 (b), the late-time response is pre-
served. This figure shows that the late-time response at four different antennas contains
the tumour response and clutter due to the heterogeneity of the underarm. The tumour
response appears, as expected, earlier in channel 9 because it is closer to the metastasised
lymph node, and later in channel 1 since this is the furthest antenna. After removing
the artefact, a beamforming algorithm is applied to focus the backscattered signals. A
common step to all beamformers is the time-shifting which is calculated based on the
distances from the focal point to each antenna in order to identify the contribution of
each processed signal. Figure 4.1 (c) illustrates the processed signal in channel 9, where a
time delay of 23 samples is successfully applied.
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4.2 Simple Heterogeneous FDTD Models

After established in Section 4.1 that the FDTD simulation is working correctly, the first
experiment consists in applying each algorithm to a simple numerical phantom (Fig-
ure 4.2 (a)) that includes a single metastasised lymph node of 22 mm located at (-2.0, 5.0)
cm. This phantom accounts for heterogeneity of the adipose tissue by including a ran-
dom dielectric variation of 10% with respect to the nominal property. Table 4.1 illustrates
the overall performance of each artefact removal and beamforming algorithm in terms
of SCR, SMR, FWHM and Lerror. MMR is not calculated as it compares the response of
metastasised lymph nodes to the response from healthy lymph nodes, and in this sce-
nario the phantom only contains a single lymph node.

The performance of the selected beamforming algorithms (DAS, DMAS, Channel-
Ranked DAS and Channel-Ranked DMAS) is compared based on the "Ideal" artefact
removal results. It is possible to conclude that the SCR results are similar for every
beamformer, but both DMAS and Channel-Ranked DMAS significantly outperform the
DAS and Channel-Ranked DAS beamformers, as the former two beamformers have av-
erage SMR results of 27.43 dB compared to 23.02 dB for the latter two beamformers.
Furthermore, the response of the metastasised lymph node is better focused when us-
ing DMAS and Channel-Ranked DMAS as represented by the lowest values of FWHM.
Among the selected beamformers, DAS can be considered the weakest algorithm and,
although DMAS and Channel-Ranked DMAS perform similarly, DMAS can be consid-
ered the strongest beamformer for this situation due to slightly higher SMR and lower
FWHM.

Examining the overall performance of the selected artefact removal algorithms, the

(a) (b)

Figure 4.2: Image formation using Adaptive Filtering and DMAS. (a) FDTD model of the
underarm with a 20 mm metastasised lymph node at 2 cm from skin. (b) Resulting image
of backscattered energy.
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Table 4.1: Performance metric results of the selected artefact removals ("Ideal", Average
Subtraction and Adaptive Filtering) and beamformers (DAS, DMAS, Channel-Ranked
DAS and Channel-Ranked DMAS) for a simple heterogeneous FDTD model of the axilla
with one lymph node at location (-2.0, 5.0) cm.

DAS DMAS
Channel-Ranked

DAS
Channel-Ranked

DMAS

"Ideal"

SCR (dB) 3.02 3.03 3.03 3.04
SMR (dB) 23.27 27.52 22.77 27.34
FWHM (mm) 7.25 5.00 9.25 6.00
Lerror (mm) 16.07 16.07 16.07 16.07

Average
Subtraction

SCR (dB) 3.02 3.03 3.02 3.07
SMR (dB) 22.85 28.78 21.80 28.24
FWHM (mm) 8.75 4.75 9.00 5.75
Lerror (mm) 17.01 17.01 17.18 17.18

Adaptive
Filtering

SCR (dB) 3.02 3.03 3.01 3.05
SMR (dB) 23.07 28.80 22.93 28.41
FWHM (mm) 8.25 4.75 8.75 5.75
Lerror (mm) 17.01 17.01 17.18 17.18

Adaptive Filtering offers higher SCR and SMR and lower FWHM values when compared
to Average Subtraction, for all the beamforming algorithms. These results are consis-
tent with the findings in [114] regarding breast tumour detection, which concluded that
Adaptive Filtering not only removes almost all the skin artefact, but it also preserves the
tumour response in contrast to Average Subtraction that frequently fails to effectively
remove the artefact. The resulting image of backscattered energy using the Adaptive
Filtering and DMAS algorithms is shown in Figure 4.2 (b).

The analysis presented in this Section can be replicated to evaluate the performance
of the algorithms in the remaining FDTD models. Therefore, in the interest of brevity, in
some subsequent results only the algorithms that yielded the best results are presented.
In most scenarios, applying Adaptive Filtering and DMAS yielded the best results.

4.2.1 Effects of Natural Variations in Dielectric Properties

The dielectric properties of the underarm tissue may vary significantly between patients.
Therefore, in order to examine the performance of the image formation algorithms to
this variation, simulations were run for different percentages of variation of the relative
permittivity of the tissue surrounding the lymph node, ranging from 0% (homogeneous
FDTD model) to 50% in steps of 10%. The simulations were also carried out for two differ-
ent tumour depths, 2.0 cm and 4.9 cm. The SCR and SMR metrics results using Adaptive
Filtering with DMAS are plotted in Figure 4.3. The Lerror and FWHM metrics are not plot-
ted as they do not vary significantly with the varying dielectric properties compared to
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(a) (b)

Figure 4.3: Effects of dielectric heterogeneity for lymph nodes at two different depths: 2.0
cm and 4.9 cm. The metrics (a) SCR and (b) SMR correspond to the use of the Adaptive
Filtering artefact removal and the DMAS beamformer.

SCR and SMR. The behaviour of all the other combinations of artefact removal and beam-
forming algorithms is very similar (but with poorer performance metric values compared
to Adaptive Filtering with DMAS) and therefore, due to space constraints, these will not
be shown.

Overall, both the SCR and SMR decrease significantly with increasing dielectric varia-
tion of the axilla, demonstrating that the peak energy response of the metastasised lymph
node is better distinguishable in the presence of low tissue heterogeneity. These metric
results are particularly worse for a deeper tumour because the extension of heteroge-
neous tissue encountered by the signals is higher, which makes the imaging problem
more difficult. Conversely, for a superficial lymph node, the performance of the com-
bination of Adaptive filtering with DMAS beamformer remains approximately constant
with increasing dielectric variation. By visual inspection of the energy profile of the axilla
for a tumour located at a depth of 4.9 cm (Figure 4.4), the tumour is still visible for the
highest level of heterogeneity (±50%), but there are also significant non-cancerous high
energy regions. The reason behind this is that all the implemented beamformers are data-
independent, which means that they assume that the input signal propagates through a
homogeneous medium with known dielectric properties, and thus with known wave
velocity. However, dielectric heterogeneity means that the signals propagate through tis-
sue with different dielectric properties. The significant difference between the assumed
homogeneous model and the actual heterogeneous model causes a much more erratic
behaviour in the constructive addition of backscattered signals.

4.2.2 Effects of Increasing Tumour Depth

The depth of the axillary lymph nodes can show large variability (from 1.4 to 8.0 cm [92]).
As a result, the proposed microwave imaging system was tested with a tumour located
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(a) (b)

(c)

Figure 4.4: Images of backscattered energy using the Adaptive Filtering artefact removal
and the DMAS beamformer for a tumour located at a depth of 4.9 cm, with (a) 0%, (b)
±20% and (c) ±50% of dielectric variation of the tissue surrounding the lymph node,
respectively.

at three different depths, namely at: 2.0 cm, 4.9 cm and 8.2 cm. The numerical phantoms
and the resulting simulated backscattered images using Adaptive Filtering with DMAS
are shown in Figure 4.5 and the corresponding performance metrics are presented in
Table 4.2. As clearly noted, the performance of the system tends to worsen when the

Table 4.2: Metric results for a metastasised lymph node located at different depths using
the Adaptive Filtering artefact removal and the DMAS beamformer.

Depth SCR (dB) SMR (dB) FWHM (mm) Lerror (mm)

2.0 cm 3.03 28.80 5.75 17.01
4.9 cm 3.02 22.44 13.75 41.84
8.2 cm -9.42 11.93 26.5 79.83
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(a) (b)

(c) (d)

(e) (f)

Figure 4.5: Image formation using the Adaptive Filtering artefact removal and the DMAS
beamformer for a lymph node located at different depths. (a), (c), (e) FDTD models of the
underarm with a lymph node at 2.0 cm, 4.9 cm and 8.2 cm, respectively. (b), (d), (f)
Resulting images of backscattered energy.
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distance of the tumour from the skin increases. In fact, as the depth increases, the val-
ues for FWHM and the Lerror also increase (showing poorer localisation performance),
whereas SCR and SMR noticeably decrease (demonstrating lower contrast between the
lymph node response and the background clutter). The reason for this behaviour is that
when the average propagation distance between tumour position and the antennas in-
creases, the attenuation encountered by the microwave signals also increases, resulting
in attenuated reflections from the metastasised lymph node. The strong reflections near
the skin in Figures 4.5 (d) and (f) result from the higher heterogeneity the signals en-
counter when the lymph node is deeper (note the different scales between the backscat-
tered images). The remaining selected beamforming algorithms (DAS, Channel-Ranked
DAS and Channel-Ranked DMAS) yielded the same trends in terms of these metrics for
both artefact removals, but revealed poorer performance.

4.2.3 Effects of Increasing Tumour Size

As noted in Chapter 2, lymph nodes can range in size from 1 to 25 mm long. Therefore,
this section considers five different test scenarios where a metastasised lymph node po-
sitioned at (-2.0, 5.0) cm varied in size from 5 to 25 mm, in steps of 5 mm. The recorded
Lerror and SMR for all the beamformers using Adaptive Filtering are shown in Figure 4.6.

Both the SMR and SCR increase with increasing tumour size. Even for the smallest
tumour size (5 mm), there still exists a significant contrast between the tumour and the
background clutter, with a SMR as high as 25.43 dB. Again, the different metrics plotted
in Figure 4.6 indicate that the DMAS and Channel-Ranked DMAS beamformers signifi-
cantly outperform the DAS and Channel-Ranked DAS beamformers for all tumour sizes,
as observed by higher values for SMR, and lower values for Lerror. However, it should
be noted that for smaller tumours, the Channel-Ranked DAS outperform DAS and the

(a) (b)

Figure 4.6: Variation of (a) Lerror and (b) SMR with tumour size for all beamformers using
the Adaptive Filtering artefact removal.
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Channel-Ranked DMAS outperform DMAS. This is due to the fact that for the smaller
tumour the dielectric heterogeneity masks the tumour response, which provides a much
more difficult imaging scenario. As Channel-Ranked beamformers reward the channels
with shorter propagation distance, which typically encounter a lower extent of dielectric
heterogeneous tissue, they tend to add the signals more coherently at the tumour site,
providing an improved image of smaller tumours.

4.3 Heterogeneous FDTD Model

In this Section, the FDTD model of the underarm region not only accounts for 10% vari-
ance of the dielectric properties of the tissue surrounding lymph nodes, but also contains
a healthy and a metastasised lymph node, both located 2.0 cm under the skin. Two dif-
ferent scenarios are considered: firstly, both metastasised and healthy lymph nodes have
the same size (15 mm), and secondly the diseased lymph node is bigger than the healthy
lymph node (22 mm and 15 mm, respectively). Table 4.3 comprises the metric results and
the resulting backscattered images are displayed in Figure 4.7. By visual inspection, it is
possible to distinguish the two lymph nodes 18 mm apart (measured from their surfaces)
in both scenarios. However, their classification into healthy or diseased can only be con-
clusive if they differ in size. This is indicated by the metric MMR which is negative if the
size of the lymph nodes is the same and positive if different. This is due to the fact that
the two categories of lymph nodes do not differ sufficiently in their dielectric properties.
This would not be a problem in a real exam since a lymph node tends to swell when it is
infiltrated with metastases brought by the lymph from the primary cancer in the breast.
By examining the other metric results, it is observed that the most effective beamformer is
the Channel-Ranked DMAS as it offers improvements in SMR, MMR and FWHM metrics
compared to the other tested beamformers.

Table 4.3: Performance metric results of the selected artefact removals and beamformers
for heterogeneous FDTD models of the axilla with two lymph nodes (a healthy and a
metastasised one). It compares two scenarios: one with lymph nodes of the same size,
and another one with the metastasised lymph node larger than the healthy lymph node.

DAS DMAS
Channel-Ranked

DAS
Channel-Ranked

DMAS

Same
Size

SCR (dB) 3.01 1.83 3.04 2.30
SMR (dB) 19.17 25.45 18.57 24.89
MMR (dB) -0.39 -1.08 -0.30 -0.96
FWHM (mm) 8.50 5.50 8.50 6.25

Different
Size

SCR (dB) 3.01 3.02 3.01 3.01
SMR (dB) 21.60 26.87 21.53 27.17
MMR (dB) 2.92 5.01 3.87 6.88
FWHM (mm) 8.75 5.00 8.50 5.00
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(a) (b)

(c) (d)

Figure 4.7: Image formation using Adaptive Filtering and Channel-Ranked DMAS. (a)
Numerical phantom with two lymph nodes (15 mm long) and (b) resulting image of
backscattered energy. (c) Numerical phantom with one healthy lymph node (15 mm long)
and a metastasised lymph node (22 mm long) and (d) resulting image of backscattered
energy.

4.3.1 Resolution of the System

The resolution of the system, defined as the ability to differentiate between two adjacent
scatterers within the axilla, was also tested in a scenario with two lymph nodes with the
size of 15 mm. The resolution revealed to be higher when using the Adaptive Filtering
artefact removal and the Channel-Ranked DMAS beamformer, the system was able to
distinguish between two lymph nodes up to 3 mm apart (minimum distance between
their surface) with an energy contrast of 1.46 dB. For these algorithms, the distance be-
tween the two peaks of backscattered image is estimated at 2.2 cm while the actual dis-
tance between the centre of the lymph nodes is 2.0 cm (presenting an error of 9%). As
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for the remaining selected beamformers, they also allowed distinguishing between the
lymph nodes with similar localisation error, but with lower contrast in the energy of the
peaks.

4.4 Heterogeneous FDTD Model With Muscle

A 2.5 cm muscle layer, which is 3.7 cm deep, is added to the heterogeneous model (with
±10% variance), parallel to the skin. Level I lymph nodes are represented by the lymph
nodes located at a depth of 2.0 cm, and level II lymph nodes at 3.7 cm (at the surface
of the muscle), or 4.9 cm (inside the muscle). Level III lymph nodes, which would be
located further under the muscle layer, are not considered. As shown in Section 4.2, deep
tumours cannot be easily detected and, in this scenario, tissues that are located under the
muscle are not detected with the algorithms implemented in this dissertation. In a real
scenario this is not a significant issue since breast cancer metastasise usually spreads to
level I nodes first, following anatomic order, being uncommon the presence of metastasis
in level III nodes unless nodes of levels I and II nodes have already been affected. For
all these tests, the metrics were again recorded and the most relevant ones are displayed
in Table 4.4. The backscattered images using Adaptive Filtering and Channel-Ranked
DMAS are shown in Figure 4.8.

The introduction of the muscle layer does not change the MMR, but influences both
the SCR and SMR as the contrast between the metastasised lymph node and the sur-
rounding tissue is lower. This is even more significant for the DAS algorithm which
yielded 21.60 in terms of SMR in the phantom without muscle (Table 4.3), and 20.86 in
the phantom with muscle (Table 4.4), which represents a decay of 0.74 dB in SMR. As for
the ability to precisely locate the tumour, the Lerror is exactly the same in both scenarios
(4.61 mm).

Table 4.4: Relevant performance metric results of the selected artefact removals and
beamformers for heterogeneous FDTD models of the axilla with muscle and two lymph
nodes (a healthy and a metastasised one). It compares lymph nodes in two different
levels: level I and level II.

DAS DMAS
Channel-Ranked

DAS
Channel-Ranked

DMAS

Level I

SCR (dB) 3.00 3.02 3.04 3.02
SMR (dB) 20.86 26.58 21.10 27.11
MMR (dB) 2.90 4.96 3.90 6.89
FWHM (mm) 8.75 4.50 9.00 5.50

Level II

SCR (dB) 3.01 3.02 3.01 3.01
SMR (dB) 16.93 23.87 16.23 23.37
MMR (dB) 1.92 4.11 2.52 5.37
FWHM (mm) 11.50 9.00 12.00 8.50
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(a) (b)

(c) (d)

(e) (f)

Figure 4.8: Image formation using Adaptive Filtering and Channel-Ranked DMAS for
two adjacent lymph nodes in several levels, according to their position to the muscle.
(a), (c), (e) FDTD models of the underarm with metastasised lymph nodes at level I, level
II in the surface of the muscle and level II inside the muscle, respectively. (b), (d), (f)
Resulting images of backscattered energy.
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Level II lymph nodes are also distinguishable when located at the surface of the mus-
cle (Figure 4.8 (d)), although in this case lower values of SCR, SMR and MMR are ob-
served for all the beamformers, when comparing to the values obtained for the phan-
tom with only level I lymph nodes. If level II lymph nodes are inside the muscle (Fig-
ure 4.8 (f)), it is not possible to distinguish a clear energy peak of the lymph node using
any of the implemented beamformers. This is due to the fact that the dielectric proper-
ties of metastasised lymph nodes do not differ significantly from those of the muscle, as
presented in Table 3.1.

4.5 Other Heterogeneous FDTD Models

Besides the imaging scenarios presented in the above paragraphs, the selected artefact
removal and beamforming algorithms were tested in several other FDTD models of the
axilla. Some of the most significant findings are given in Figure 4.9, which presents the
backscattered images created by using the Adaptive Filtering artefact removal and the
DMAS beamformer –– the combination of algorithms that yielded better results in the
previous Sections.

Figure 4.9 (b), shows that when two lymph nodes are not centred around the antennas
(as in Figure 4.8 (b)) the lymph node closest to the centre has the strongest peak response
(in Figure 4.8 (b) the responses are identical in both lymph nodes). The reason for that
is the higher number of antennas that record the response of that lymph node, when
compared with the rightmost lymph node. This means that, when the beamformer adds
the backscattered signals, the response from the lymph node closest to the centre will
be higher due to the higher number of signals with a stronger response. This could be
overcome by increasing the span of the array of antennas so that the number of antennas
near each node is similar.

Figure 4.9 (d) shows that, if two lymph nodes are in different levels, the response of
the lymph node closer to the skin is higher than the response from the deeper lymph
node (in the scenario illustrated in this figure, the contrast between the two energy peaks
is 46.73 dB). This is because, as explained in Section 4.2, the deeper the tumour, the more
attenuated is the response.

Finally, Figure 4.9 (f) shows that, if one lymph node is on top of another one, only
the lymph node closer to the skin can be detected. Its response almost completely masks
the response from the deeper lymph node. This is a side-effect caused by the use of the
planar configuration.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.9: Image formation using Adaptive Filtering and Channel-Ranked DMAS for
several heterogeneous FDTD models with two lymph nodes. (a), (c), (e) FDTD models of
the underarm representing several phantoms. (b), (d), (f) Resulting images of backscat-
tered energy.

.
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5
Conclusion

5.1 Main Conclusions

This dissertation examined a number of microwave signal processing techniques to im-
age and determine the presence of metastasised lymph nodes within the axillary region
in order to aid the detection and staging of breast cancer. This was essentially motivated
by the fact that in about 80% of detected breast cancer cases, cancer cells metastasise into
the axillary lymph nodes and the existing imaging techniques for axillary lymph node
detection and evaluation have not yet yielded satisfactory sensitivity or specificity.

Several 2D heterogeneous models of the axilla were developed to comprehensively
evaluate the performance of each image formation algorithm. The phantoms were cre-
ated with different levels of heterogeneity and with tumours of different sizes and at var-
ious locations (including different anatomical levels). Two artefact removal algorithms
and four data independent beamforming algorithms were implemented and then com-
pared through five metrics: SCR, SMR, MMR, FWHM and Lerror. Among the tested
beamformer algorithms, three were already described in the literature (DAS, DMAS and
Channel-Ranked DAS), but a new approach was proposed in this dissertation for imag-
ing of dielectrically heterogeneous tissues. This approach is called Channel-Ranked DMAS
and includes a pairing multiplication procedure after time shifting which gives extra
weighting to channels with shorter propagation distances.

Each one of the tested algorithms effectively imaged metastasised lymph nodes when
the axilla was composed of dielectrically heterogeneous adipose tissue. Overall, it was
observed that Adaptive Filtering is the artefact removal algorithm that better reduced the
early-time response of the skin from the backscattered signals. Moreover, the DMAS and

51



5. CONCLUSION 5.2. Limitations and Future Work

the proposed Channel-Ranked DMAS were found to outperform the selected beamform-
ers across the range of metrics in every tested scenario — different phantoms.

With the different underarm model scenarios, this study demonstrated that the quan-
titative metrics and visual quality of the resultant UWB axilla profiles worsened with:

• Increasing the depth of lymph nodes. As the depth increased, the attenuation
encountered by the microwave signals also increased.

• Increasing dielectric variability within tissue surrounding lymph nodes. The
implemented data-independent beamformers assumed a homogeneous model (or
with little variability), so the variant wave velocity in the actual heterogeneous
model degraded metric values.

• Decreasing the size of lymph nodes. Although a tumour as small as 5 mm was
successfully imaged, multiple high energy regions were visible in the resultant
backscattered images. For smaller tumours, the proposed Channel-Ranked DMAS
performed better than the other beamformers, because when imaging smaller tu-
mours, the dielectric heterogeneity is more noticeable and this beamformer rewards
the channels that typically encounter a lower extent of dielectric heterogeneous tis-
sue.

Additionally, it was also observed that it was possible to distinguish between a healthy
and a metastasised lymph node when they had different sizes (metastasised lymph nodes
tend to grow larger than healthy lymph nodes), as they may not significantly differ in
their dielectric properties. When a metastasised lymph node was bigger when compared
to a healthy lymph node, they were better differentiated when using the newly proposed
Channel-Ranked DMAS. It was also observed that level II lymph nodes are only detected
when located at the surface of the muscle since the muscle has dielectric properties simi-
lar to those of the lymph nodes.

5.2 Limitations and Future Work

Despite the superior performance of the DMAS and the Channel-Ranked DMAS algo-
rithms, multiple high energy regions (that do not represent the lymph nodes) are present
within resultant backscattered images, which can lead to a false negative or false pos-
itive diagnosis (if they mask the metastasised lymph node response or if they have a
similar response to the metastasised lymph nodes, respectively). This is mainly because,
as previously stated, all data-independent beamformers assume that signals are prop-
agating through a homogeneous medium. The inaccuracies between this assumption
and the actual heterogeneous medium affect the performance of the beamformers. This
prompts the development of novel and more sophisticated imaging algorithms that are
able to compensate for the unknown dielectric heterogeneous tissue composition of the
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underarm. Data adaptive beamformers may be a solution to compensate for inhomo-
geneities as they attenuate the effects of clutter by minimizing the overall signal power
while maintaining the response from a desired direction. Another solution is to incor-
porate methods into future beamformers, as those developed by Winters et al. [141] for
breast, which estimate the average dielectric properties of the patient’s underarm tissue.
Multistatic imaging algorithms may also be used as they have previously been shown
to outperform those used for monostatic systems due to the extra recorded signals and
spatial diversity which might improve the localisation of tumours. The artefact removal
algorithms could also be improved, for instance, using the Hybrid Artefact Removal al-
gorithm proposed by Elahi et al. [123] as it combines the best attributes of the Adaptive
Filtering with the Entropy Based Time Window.

The lack of information related to the dielectric properties of the lymph nodes is an-
other important current limitation. Extensive studies regarding this matter must be com-
pleted and these should include a high number of tissue samples in order to further
understand the differences in electrical properties of diseased and healthy lymph nodes
and thus, further study the impact of microwave imaging to aid breast cancer diagnose. If
the dielectric differences between healthy and diseased lymph nodes prove to be insuffi-
ciently high to clearly distinguish these two categories of lymph nodes, the incorporation
of contrast agents that enhance the dielectric contrast in the regions of interest could be
studied so that tumours can be identified more easily.

Future work should also involve the development of FDTD underarm models with
a semi-curved tissue distribution, which should also include other tissues such as rib
cage and lung. The extension of numerical phantoms to three dimensions should also
be studied, as well as the investigation of classification methods to differentiate between
normal and malignant tissue.

As soon as more realistic simulations are validated, and prior to the application of
any beamforming algorithms in a clinical environment, the algorithms must be tested
with experimental UWB signals acquired from anatomically realistic anthropomorphic
phantoms of the underarm region. A prototype for lymph node examination should
then be built having into consideration several aspects, such as the choice of a coupling

Figure 5.1: Illustration of a possible antenna configuration to be used in an examination
of the underarm to image axillary lymph nodes.
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medium for the gap between axilla and the antennas and the development and design of
a suitable UWB antenna for imaging the underarm. The antenna configuration also has to
be accounted for and a possible solution, represented in Figure 5.1, is to have the patient
with her arm placed along her head, and place a flexible array of antennas directly on the
skin.

To conclude, the results presented in this dissertation are promising and show the
feasibility of this novel approach to image the underarm region. Microwaves still have
to hardly compete with already well-established imaging modalities, such as Ultrasound
and MRI, but certainly Microwave Imaging can provide significant advantages compared
to these existing modalities as it offers good resolution, non–ionizing radiation and is
potentially low–cost.

5.3 Contributions

The contributions of this dissertation are briefly summarised in this Section:

• Development of a Graphic User Interface in MATLAB, called LN VISUALISER, to
assist in applying the image formation algorithms to the computed backscattered
signals and in calculating the performance metrics for each image. The Quick Guide
for this interface can be found in Appendix A.

• Presentation at the 1st meeting of the COST Action TD1301 (Accelerating the Tech-
nological, Clinical and Commercialisation Progress in the Area of Medical Microwave
Imaging), held in Lisbon from the 31st March 2014 until the 1st April 2014.

• Poster presentation in the 6th Workshop on Biomedical Engineering, held in Lisbon
on the 5th April 2014. The presented poster can be found in Appendix B.

• Oral presentation at a special session in the 2014 IEEE International Symposium
on Antennas and Propagation and USNC-URSI Radio Science Meeting, held from
the 6th to 12th July 2014, in Memphis, Tennessee, USA. The abstract submitted and
approved for oral presentation can be found in Appendix C.

• Participation in the 5th edition of the Fraunhofer Portugal Challenge 2014 (results
pending).

• Participation in the prize ANACOM - URSI Portugal (results pending).

• The work presented in this dissertation will be submitted in a high impact factor
journal, possibly an IEEE journal or Medical Physics.
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A
LN VISUALISER’s Quick Guide

This appendix contains the quick guide for LN VISUALISER, a MATLAB Graphic User
Interface designed to create an energy profile of the axilla according to the microwave
backscattered signals recorded in the antennas. This interface also allows to calculate
performance metrics in order to evaluate each image formation algorithm.
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VISUALISER 

In about 80% of detected breast cancer cases, cancer cells can metastasise to the axillary 
lymph nodes (LN), making their analysis an essential part of breast cancer staging. A 
potential non-invasive approach to early detection of metastasis in lymph nodes is 
Microwave Imaging in which healthy and diseased lymph nodes can be identified due 
to different dielectric properties. LN VISUALISER is a MATLAB graphic user interface 
designed to create an energy profile of the axilla according to the microwave signals 
recorded in the antennas.  These images allow to check whether there are healthy or 
diseased lymph nodes since high energy regions in Microwave Images may indicate the 
presence of a tumour.  
Prior to the use of LN VISUALISER, it is necessary to simulate the propagation of 

electromagnetic waves in the underarm (using, for instance, the FDTD method). 
 

Numerical Phantom 
 

In order to create an image of the axilla, first it 
is necessary to provide the results of a FDTD 
simulation performed with a numerical phantom 
that mimics the underarm region to the LN 
VISUALISER. For that, LN VISUALISER 
automatically searches for a ‘.mat’ file named 
‘FDTDResults’ in the current folder. However, if 
the file does not exist or the user wants to select 
another file, it is possible to click on  
and choose the intended results file. 

LN VISUALISER assumes that the file has 
information regarding the phantom that was used 
for the simulation and that the simulation has been 
completed for a numerical phantom with the 
following characteristics: 

• 400 x 400 cells (although only 200x200 cells are displayed) 
• 0.5 mm resolution 

As soon as the simulation is uploaded, the numerical phantom is shown (Fig. 1). 
 

Image Formation 
 

In order to create an energy profile of the axilla, it is necessary to choose an algorithm 
for the artefact removal and another one for the beamformer (Fig. 2). 

Fig. 1 | Numerical Phantom that is shown in 
LN VISUALISER as soon as the results of a 

simulation are uploaded. 
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Artefact Removal 
There are three options: Ideal, Average Subtraction and 

Adaptive Filtering. 

• Ideal 
This algorithm removes the skin artefact 
from a signal by subtracting the signal 
without the lymph nodes. It is necessary to 
provide the results of a simulation with a 
homogeneous numerical phantom 
without the lymph nodes (or other tissue 
such as muscle) to the LN VISUALISER. 
For this, LN VISUALISER searches for a 
.mat file named 
‘FDTDResults_background_noTumour’ in 
the current folder. If it does not exist, it asks 
the user to select the intended file.  
 

• Average Subtraction1 
It removes the artefact from each 
monostatic channel by subtracting the average of the downsampled 
monostactic signals from all channels. 
 

• Adaptive Filtering2 
It estimates the artefact at each antenna as a filtered combination of the 
signals at all other antennas. If this option is selected and the user clicks 
on , he/she will be asked to fill the following information (Fig. 
3): 
 

 Window Start and Window End - need to be chosen to window the 
original signal so that it contains the artefact caused by the skin (to be 
removed) and no backscattered signals from tumours. Default: 6 and 40, 
respectively. 

 Number of Samples Each Side - number of samples in each side of 
the nth air-skin response. Default: 3. 

 Number of Eigenvalues Default: 5. 
 

1 X. Li and S. Hagness. “A Confocal Microwave Imaging Algorithm for Breast Cancer Detection”. In: Microwave and 
Wireless Components Letters, IEEE 11.3 (2001), pp. 130–132. 
2 E. J. Bond, X. Li, S. Hagness, and B. Van Veen. “Microwave Imaging Via Space-Time Beamforming for Early Detection 
of Breast Cancer”. In: Antennas and Propagation, IEEE Transactions on 51.8 (2003), pp. 1690–1705. 

Fig. 2 | Algorithm that the user 
needs to choose to create an energy 

profile of the axilla. 

 
  

                                                            



 

5 

 
VISUALISER 

 

 

 

Beamformer 
There are four options: Delay and Sum (DAS), Delay Multiply and Sum (DMAS), 
Channel Ranked DAS and Channel Ranked DMAS. For any of these options it is 
necessary to firstly choose the  for calculating energy (Default: 6). 
 

• DAS3 
It calculates time delays based on the distances from a focal point (each 
point in the grid) to the antenna, and then time-shifts the signals and 
adds them to calculate the energy of that focal point. 
 

• DMAS4 
It performs an additional pairing multiplication procedure after time 
shifting (as completed for the DAS). 
 

• Channel Ranked DAS5 
It gives extra weighting to signals with shorter propagation distances. 
 

• Channel Ranked DMAS 
It performs an additional pairing multiplication procedure to Channel 
Ranked DAS. 

3 S. Hagness, A. Taflove, and J. Bridges. “Two-Dimensional FDTD Analysis of a Pulsed Microwave Confocal System for 
Breast Cancer Detection: Fixed-Focus and Antenna-Array Sensors”. In: Biomedical Engineering, IEEE Transactions on 
45.12 (1998), pp. 1470–1479. 
4 H. B. Lim, N. T. T. Nhung, E.-P. Li, and N. D. Thang. “Confocal Microwave Imaging for Breast Cancer Detection: 
Delay-Multiply-and-Sum Image Reconstruction Algorithm”. In: Biomedical Engineering, IEEE Transactions on 55.6 
(2008), pp. 1697–1704. 
5 M. O’Halloran, M. Glavin, and E. Jones. “Channel-Ranked Beamformer for the Early Detection of Breast Cancer”. In: 
Progress In Electromagnetics Research 103 (2010), pp. 153–168. 

Fig. 3 | Information asked to the user 
when they create an image using the 
'Adaptive Filtering' artefact removal. 
This figure shows the default values. 
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Image Visualisation 
 

After the algorithms are chosen, clicking on  will create the ‘Energy Profile’ 
of the axilla. The image that appears in LN VISUALISER is created using the function 
contourf in MATLAB (Fig. 4) and using a decibel (dB) scale. The number of counter 
levels can be changed at any time by changing the field  and clicking  to 

apply to the current image or  to create a new image with the new number of 
counter levels. 
Sometimes it is useful to visualize the image using the function imagesc instead (Fig. 

5). This can be done by pressing . 

 
Save Images 
 

Pressing on  will save the following images in the current folder:  

• Current numerical phantom (file name: Phantom.png) 
• Energy profile with contour (file name: Energy_X1_X2.png) 
• Energy profile with imagesc (file name: Energy2_X1_X2.png) 

 
In the file names, X1 and X2 refer to the algorithms used for the image formation 

(Artefact removal and Beamformer, respectively). 
 

Fig. 5 | Energy profile of the axilla using the function 
imagesc. 

Fig. 4 | Energy profile of the axilla using the function 
contourf. 
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Calculate Metrics 
 

 

Fig. 6 | The user can select one of three methods to calculate metrics and see the results of this calculation. It is also 
possible to save the results. 

There are 3 options to calculate metrics, based on the energy profile created by certain 
algorithms (Fig. 6): 

• Auto: Automatically calculates the metrics.  
• Semi-Auto: It is necessary to introduce how many lymph nodes are present 

(based on the numerical phantom). 
• Manual: Firstly, it is necessary to introduce the number of lymph nodes which 

are present, and then it is necessary to select the region of interest for each lymph 
node response in the ‘Energy Profile’. This selection needs to be sufficiently large 
(at least twice the extent of the FWHM value, which is the point at which the 
energy of the peak response drops to half). 

Note: Pressing   will explain what is being calculated in each metric. 

After one of these methods has been chosen and the metrics calculated, the user will 
visualise the several lymph nodes that were found in the ‘Energy Profile’ (LN 
VISUALIZER is able to show up to seven lymph nodes) under . They will 
appear in different colours (that are also represented in the ‘Energy Profile’) and in 
increasing order of probability of being a diseased lymph node (Fig. 7). Also, they are 
given a number, where 1 represents the lymph node with higher probability of being 
metastasised, 2 the second lymph node with higher probability of being metastasised, 
etc. This order is based on the fact that higher energy regions may correspond to tumours 
and that the higher the energy, the higher the probability of the region being a tumour. 

Note: It is good practice to always check, by looking at the ‘Energy Profile’ with the 
different colours, if the lymph nodes that were detected automatically by ‘Auto’ or ‘Semi-
Auto’ make sense. Since these are automatic methods, they might not work correctly 
depending on the image.  
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Fig. 7 | After calculating metrics, LN VISUALIZER indicates the LNs that were found in the ‘Energy Profile’ and 
orders them by likelihood of malignancy. 

 

Save Results 
 

Clicking on  will save a ‘.txt’ file with the metrics calculation under the name 
‘Results_Metrics’ in the current folder. If the file already exists it is possible to overwrite 
the file or to add an extra line to the already existing file (Fig. 8). It is particularly 
useful to add results if we are comparing different algorithms for the same numerical 
phantom. In this file, each line has a reference to the algorithms that were used to form 
the ‘Energy Profile’ (Fig. 9).  
 

 

Fig. 8 | Dialog box that appears to the user when he/she clicks on  and there is already a file named 
‘Results_Metrics.txt’ in the current folder. 
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Fig. 9 | Example of a file with results using the same phantom but comparing several image formation algorithms. 

 
  



B
Poster

This appendix contains the poster presented in the 6th Workshop on Biomedical Engi-
neering, held in Lisbon on the 5th April 2014. Here, some initial results obtained in this
dissertation were shown.
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• This innovative work proposes a microwave-based system for axillary lymph node 

examination so that metastasised lymph nodes can be detected ahead of  surgery to:

• predict breast cancer staging;

• avoid removing healthy lymph nodes and its resulting health risks (e.g., 

lymphedema and paraesthesia).

• In future work, we aim to improve the algorithms to distinguish between healthy and 

metastasised lymph nodes and to test these algorithms in more realistic phantoms.

Initial Study with Microwave Imaging of the 

Axilla to Aid Breast Cancer Diagnosis
Ricardo Eleutério1,2,*; Alexandre Medina1,2,*; Raquel Conceição2
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Abstract

Introduction

Methods and Materials
• It is possible to distinguish two lymph nodes separated by 30 mm (between its 

centres) with an error of  1.0 mm and to detect their depth with an error of  0.5 mm.

• In these preliminary results, the algorithms used to create the energy profile could 

not correctly differentiate between an healthy and a metastasised lymph node. 

Discussion

Conclusions

Permittivity (𝜺∞)

[F/m]

Conductivity (𝝈𝒔) 

[S/m]
𝜺𝒔 − 𝜺∞ [F/m]

Relaxation Time (𝝉) 

[ps]

Skin 15,93 0,831 23,83 13 

Heterogeneous Adipose 

Tissue (±10%)
3,14 0,036 23,83 14,11 

Healthy Lymph Node 47 6 27 9,4 

Metastasised Lymph 

Node
55 9 31 11,1 

• Advantages: 

• low power;

• non-ionizing;

• low-cost.

• Healthy and diseased lymph nodes are identified by their different dielectric 

properties (relative permittivity and conductivity) at microwave frequencies.

• MWI involves illuminating the axilla with a UWB pulse, and recording the resulting 

backscattered signals (Figure 2). 

• The FDTD was used to simulate the propagation of  microwaves in the axilla.

Results

Figure 2. Diagram illustrating a monostatic microwave UWB radar imaging system.

Table 1. Parameters of the Debye Formulation for the underarm region as defined by Cameron 
et al. and Lazebnik et al.

Figure 1. Representation of  the 

location of  axillary lymph nodes.

• In 80% of  breast cancer cases, cancer cells 

metastasise into axillary lymph nodes (Figure 1).

• If  tumour cells are detected in lymph nodes, 

metastases may have spread to other organs. 

• Analysis of  the lymph nodes enables cancer 

staging.

• Promising non-invasive approach  to diagnose 

lymph nodes.

Axillary

Lymph Nodes

Motivation

• The processing of  the backscattered signals include:

• Artefact removal to remove the high skin reflection.

• Beamformer to spatially focus the backscattered signals.

• Image formation to image dielectric scatterers.

− σ𝑠 static conductivity

− ϵ0 permittivity of free space

− ϵ𝑠 static permittivity

− ϵ∞ permittivity at ω = ∞
− τ relaxation time constant

− ω angular frequency

• The frequency-dependency of  the dielectric properties is implemented with FDTD by 

the following Debye formulation (simulation parameters in Table 1):

ϵ∗ ω = ϵ∞ +
σ𝑠
𝑗ωϵ0

+
ϵ𝑠 − ϵ∞
1 + 𝑗ωτ

− c = −0.25
− τ = 35
− d = 3 ∗ τ

Time Delay Sum

+
Energy Calculation

& Image Formation

• The input pulse (Figure 3) was a 150 ps differentiated 

Gaussian with a centre frequency of  7.5 GHz and a -3dB 

bandwidth of  9 GHz:

G t = c × t − d × 𝑒
−

t−d 2

τ2

Ultra Wideband (UWB) 

Microwave Radar Imaging

Finite-Difference Time-Domain (FDTD) Simulations

Signal Processing Algorithms

• Artefact Removal – Subtract the average of  all the stored waveforms from each of  

the original backscattered signals to remove the skin response.

• Beamformer and Image Formation – Delay-And-Sum algorithm (Figure 4).

Figure 4. Diagram illustrating the Delay-And-Sum beamformer.

Healthy Lymph Node Metastasised Lymph 
Node

Skin Antennas

Heterogeneous Adipose Tissue

Figure 5. Numerical phantom of  the axilla.

Figure 6. Energy profile of  the axilla (on a dB scale). The lymph nodes location is 

given by the dark red region.

• Microwave Imaging (MWI) is one of the most promising imaging modalities for breast cancer early screening and monitoring. We propose a new imaging modality to improve breast

cancer diagnosis and the detection of metastasised lymph nodes in the underarm region.

• In this initial study we test the feasibility of microwave imaging in the axillary region by means of the simulation of an Ultra Wideband radar system. The image formation algorithm is

tested to assess if two close lymph nodes are distinguishable and if it is possible to detect a metastasised lymph node.

Figure 3. Differentiated 

Gaussian pulse.
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Microwave Imaging (MWI) is one of the most promising imaging modalities for 
breast cancer early screening and monitoring. An important issue that is not 
commonly addressed in breast microwave imaging literature is the importance of 
imaging the underarm region – where up to 80% of breast cancer cells can 
metastasise to [Cameron et al, ANTEM, 1-3, 2010; Patani, Journal of Cancer 
Surgery, 33, 409-419, 2007]. When performing mastectomies to remove breast 
cancer, the axillary lymph nodes are often removed and their histopathological 
analysis is performed.  Thus, the evaluation of whether the cancer has spread 
beyond the breast is crucial to decide what follow-up exams and therapy to 
follow. The first nodes to receive drainage from the primary tumour in the breast 
are called Sentinel Node. If cancer cells are found in the Sentinel Node, there is 
an increased risk of metastatic breast cancer and an axillary dissection should be 
performed. However, the non-invasive detection of cancer cells in the Sentinel 
Node is often inconclusive. Because of that, often too many lymph nodes are 
surgically removed in a time-consuming process which is associated with a long 
patients’ recovery, pain, risk of infection and lymphedema [Komen, Facts for 
Life: Axillary Lymph Node, 2009]. Therefore, non-invasive alternatives for the 
use in axillary staging should be considered in order to reduce the incidence of 
these adverse events. 
 
We propose an initial study to test the feasibility of imaging the axilla region by 
means of the simulation of an Ultra Wideband radar system. We will present 
initial 2D axilla models consisting of skin, normal tissue and metastised lymph 
nodes. Initial imaging results will be obtained by means of a beamformer that will 
ultimately time-align all the signals recorded at each antenna. The location of the 
metastised lymph node will be analysed by visual inspections and through 
metrics, such as Signal-to-Clutter Ratio and/or Full Width Half Maximum 
metrics. 
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