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Abstract

Breast cancer is considered to be one of the major causes of mortality in women world-
wide. Detection of breast tumors in their early stage is the key factor for possible suc-
cessful treatment and can significantly reduce mortality rates. In recent years, microwaves
have emerged as a potential technique for breast cancer detection one that avoids the
discomfort, risks and costs associated with x-rays and excessive cost and availability of
MRI. Microwave technique is simpler to use, much less expensive to generate, and is non-
ionizing. The microwave detection used in earlier works relied on the sharp contrast in the
electrical properties between tumors and healthy tissue. In such methods, the breast was
scanned by microwaves of various frequencies and the reflection recorded. An image de-
picting the electrical properties of the breast was then developed. The challenge, however,
is that female breasts contain a complex network of fat and fibrous tissues, the electrical
properties of which can very well resemble those of cancerous or benign tumors. Also,
the electrical properties of the breast vary with frequency, requiring the earlier techniques
to employ complex receptors. Motivated by these drawbacks, this thesis addresses the
development of an inexpensive, non-ionizing and highly sensitive microwave technique for
detecting early-stage breast tumors.

In the first part of this dissertation, anatomically-realistic numerical breast phantom
models are constructed using computer simulation technology (CST). The phantoms are
anatomically realistic three dimensional (3D) numerical models that are realistic in both
structural and dielectric properties.

In the second part of the thesis, first a single electric probe and then a magnetic probe
are individually combined with classification algorithms to help in detecting the presence of
breast tumors. A key feature of our proposed detection concept is the almost simultaneous
sensing of both a woman breasts, since right and left healthy breasts are morphologically
and materially identical except amongst very small percentage of women. The two tests
then can be compared to reveal any tissues property discrepancies. The concept employs a
near-field resonant probe with an ultra-narrow frequency response. The resonant probe is
highly sensitive to any changes in the electromagnetic properties of breast tissues, such that
the presence of a tumor can be gauged by determining the changes in the magnitude and
phase response of the sensor’s reflection coefficient. Once the probe response is recorded
for both breasts, Principle Component Analysis (PCA) method is employed to emphasize
any difference in probe responses. For validation of the concept, tumors embedded in
realistic breast phantoms were simulated. To provide additional confidence in the detection
modality introduced here, experimental results of three different sizes of metallic spheres,
mimicking tumors, inserted inside chicken and beef meat were detected, first by using an
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electric probe and then using a magnetic probe, operating at 200 and 528 MHz respectively.
The results obtained from the numerical tests and experiments strongly suggest that the
detection modality presented here might lead to inexpensive and portable modality for
early and regular breast tumor detection.

A novel modality proposed in the third part of the thesis significantly enlarges the
sensitivity area beyond that of a single probe. This modality, based on a sensor we de-
veloped, relies on a 4-element identical antenna array fed with a single port. The use of
this senor array improves the sensitivity area as compared to a single sensor, resulting in
better detection of tumors located deeply inside breast tissues. Two different sensors are
developed in this part,a dipole sensor and a loop sensor. The dipole sensor comprises a
4-element identical dipole antenna array fed with a single port. Numerical simulations
have been conducted using a numerical breast model with and without tumor cells placed
in the near-field of the sensor. The sensor is capable of detecting a breast tumor inserted
at four different locations and of various sizes. Experimental validation was conducted us-
ing chicken meat and metallic and dielectric spheres that resemble healthy and tumourous
breast tissues. The simulation and experimental results show that the array sensor has a
high sensitivity for detecting various sizes of breast tumor inserted at different locations.
The developed loop sensor comprises a 4-element identical loop antenna array fed with a
single port. Numerical simulations have been conducted using a numerical breast model
with and without tumor cells placed in the near-field of the sensor. The sensor is capable
of detecting various sizes of tumor inserted at five different locations. Experimental vali-
dation was conducted using a glass box filled with vegetable oil and metallic spheres that
resemble healthy and tumourous breast tissues, respectively. The simulation and exper-
imental results show that the array sensor has a high sensitivity for detecting a metallic
sphere placed at five different locations inside a dielectric medium as well as for detecting
variable sizes of metallic sphere.

In the fourth part of this thesis, a near-field metasurface sensor is introduced whereby
a near-field array sensor operating in the microwave regime is used statically to identify
the presence of a breast tumor. In a departure from conventional near-field sensors, the
sensor is a metasurface comprising an array of 8x8 electrically-small resonating elements.
The elements of the metasurface are designed to respond to both electric and magnetic
fields. This capability enables the metasurface to emphasize seemingly small changes in
the composition of the electric and magnetic fields in its environment, thus leading to
higher overall sensor sensitivity. Furthermore, unlike previous near-field probes, the overall
metasurface sensor is not electrically small, which means that it provides a larger sensing
surface while maintaining the effectiveness of near-field probes in the sense of detecting
material changes in the near proximity of the sensor. Numerical and experimental tests



were used to validate the proposed detection methodology. This was achieved by testing the
metasurface with a breast phantom having tumor placed at single location at three different
stand off distances and with a breast phantom having tumors placed at different locations.
Measurements were carried out on a realistic phantom that mimic a real female breast in
terms of electric properties. The results showed high sensitivity of the metasurface which
can indicate the existence of an anomaly that resembles a tumor inside a breast phantom
having inhomogeneous material composition. The advantage of the proposed metasurface
sensor array as compared to previously introduced sensors is that the proposed array
sensor is fed by a single-feed point. Unlike multiple-feed points sensors, this single feeding
port sensor array significantly reduces the computational cost and complexity caused by
processing the data from multiple feeds.

The thesis then discusses the idea of using machine learning approaches to improve the
performance of the proposed microwave detection system. The machine learning meth-
ods proposed discriminated between normal and abnormal breast phantoms in different
sizes and classes of breasts, then also significantly improved the accuracy, sensitivity and
specificity of the proposed detection system.

As future work, the last part introduces several ideas for solving challenges in various
aspects of the proposed sensors and the classification logarithms introduced in the devel-
oped system. The first idea is introduced to improve the sensitivity of the metasurface
sensor by using multiple polarization sensors. The metasurface sensor, presented in chap-
ter seven has one diploe in the middle of the loop, which will be extended to have two
cross dipoles for vertical and horizontal polarization excitations. The second idea is to
improve the sensitivity area of the proposed system by using multiple metasurface sensors
that cover the whole breast and therefore eliminate the use of mechanical motors to move
the sensor all over a breast. The third idea is to develop a portable detection system and
integrate of the standalone VNA and the sensor into one miniaturized unit. The VNA
circuitry will be positioned at the back of the sensor and will be connected with a laptop.
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Chapter 1

Introduction

1.1 Background and Motivation

Breast cancer is one of the most common types of cancer among women
worldwide. In 2019, the American Cancer Society reported that more than
40,000 women died due to breast cancer in the US [1]. In addition, it is
expected that more than 250,000 new cases of invasive female breast cancer
patients will be diagnosed in the US [1]. Detecting breast tumors during its
early stage of development is a fundamental factor for successful treatment
and can significantly reduce mortality rates [1,2]. The most common clinical
imaging and detection modalities used for breast cancer detection are X-
ray mammography, ultrasound scanning and magnetic resonance imaging

(MRI) [2-4].

Mammography is the only USA-FDA approved exam to be used to screen
for breast cancer in women with no symptoms. Mammography, however,
has recently been subjected to immense scrutiny because of relatively high
false negative and false positive results [4]. Furthermore, women who use
mammography as a screening test have higher chance of developing cancer
because of the ionizing radiation associated with X rays [5,6]. Discomfort



to women undergoing mammography is another drawback of this imaging
technique [7].

Breast ultrasound, which sends high-frequency sound waves to image to
the breast tissues. Ultrasound provides excellent contrast resolution; how-
ever, it lacks spatial resolution of conventional mammography. Therefore,
ultrasound is not approved by the FDA as a screening tool for breast can-
cer. Rather, ultrasound is used to investigate an abnormality detected by
mammography or during a physician performed breast exam [8-10].

MRI is highly sensitive in detecting invasive and small abnormalities
compared with mammography and ultrasound and can be used effectively
for women with dense breasts. Because breast density shows up as a white
region on a mammogram film just as cancer would, it is often difficult to find
abnormalities on mammograms if the breasts are dense. However, MRI has
been shown to produce a moderate amount of false-positive results. In other
words, the results of an MRI sometimes show that a suspicious abnormality
is present in the breast when, in fact, cancer is not present. Additionally,
the high cost of MRI makes it less available to a large segment of the
population [11].

The disadvantages and limitations of the current clinical detection tech-
niques motivated researchers to investigate and develop imaging techniques
based on microwaves. Microwaves imaging (MI) and detection modalities
present an attractive alternative to the available clinical detection tech-
niques for the primary reason that it requires inexpensive technology and
is non-ionizing. The core principle behind all MI modalities is the contrast
in the dielectric properties between normal and malignant breast tissues.
Therefore, the significant differentiation in the dielectric properties of nor-
mal and malignant breast tissues can be used as the underlying principle for
detection using electromagnetic waves. Research performed over the past
25 years confirms that malignant breast cancer tumors show sharp varia-
tion in their dielectric properties where the value of the permittivity and
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conductivity of the tumor tissues are higher than normal (healthy) tissues.

A review of the microwaves-based detection techniques for breast cancer
detection is introduced in this chapter. The review focuses on the two types
of microwave detection, namely microwave tomography and radar-based
techniques. A survey of some clinical prototype systems that developed for
breast tumors detection are provided.

1.2 Microwave Imaging for Breast Cancer Detection

The concept of using microwaves for breast cancer detection received sig-
nificant attention and extensive investigation from several research groups
over the past two decades, this is mainly due to the several advantages mi-
crowave techniques can offer such as inexpensive, non-invasive, non-ionizing,
and comfortable treatment [10,12-15]. In addition, microwave imaging tech-
niques provide higher sensitivity and the ability to detect small breast tu-
mors as these techniques are based on the electrical properties contrast be-
tween normal and tumors breast tissues [14]. Such detection techniques are
based on the hypothesis that the electrical properties, namely the permit-
tivity and conductivity of malignant breast tissues differ from those of the
healthy breast tissues within the microwaves band [14, 15]. In literature,
there are three modalities that have been explored for microwaves-based
breast detection. As seen in Fig. 1.1, these methods can be categorized as
passive, hybrid and active methods. [2,13-16].

In the passive approach, a radiometry device is utilized to measure the
differences in temperature between healthy and malignant breast tissues.
Tumorous tissues exhibit higher temperature compared to the surrounding
normal tissues due to the differences in the electrical properties [16, 17].
Hybrid techniques, which are also known as thermoacoustic methods, em-
ploy microwaves sensors and ultrasonic transducers to detect the presence



Microwve Imging

Passive Technique Active Technique Hybrid Technique

Tomography Radar-Based

Figure 1.1: Block diagram showing the different modalities that have been explored for
microwaves-based breast cancer detection.

of a tumor. In the hybrid techniques, the breast tissues are illuminated
by microwaves which are then absorbed by the breast tissue. Malignant
tissues significantly absorb more energy than normal tissues and radiate
stronger acoustic waves due to their higher electrical conductivity than that
of the surrounding normal tissues. An ultrasound transducer located close
to the breast then measures the reflected acoustic signals which are then
processed to reconstruct an image [16-18]. Active microwaves imaging em-
ploys microwaves signals to illuminate the breast tissues. The variation in
the dielectric properties between malignant and normal breast tissues is then
measured within specific microwaves frequency range [19]. Such technique
estimates the backscattered signals from the breast tissues to reconstruct an
image which indicates the presence of a tumor by virtue of stronger reflected
signals than that of a healthy tissues [19-21].

Techniques for breast cancer imaging using active microwaves methods
are extensive, including tomography and radar-based techniques [21-24].
The tomography approach is usually performed iteratively and it can be
represented by a nonlinear inverse problem that requires significant com-
putational resources for producing the dielectric properties of the breast.



Imaging of the breast tissues can be constructed from the recovered mi-
crowave data file through inverse scattering algorithms that estimate the
constitutive parameters of the breast tissues by analyzing the absorbed and
reflected microwave signals [25-30]. The radar-based approaches utilize an
external microwaves source to illuminate the breast tissues with ultrawide-
band (UWB) signals. The backscattering signals from the breast are used
for detecting breast tumors [31-33].

1.2.1 Microwave Tomographic Imaging

Microwave tomography (MT) applies microwave signals that illuminate the
breast tissue to reconstruct the permittivity and conductivity of the breast.
This approach aims at the complete reconstruction profile of the dielectric
properties of the imaged object. It generally leads to an ill-posed nonlin-
ear inverse scattering problem which reconstructs the image by estimating
the scattered fields and compares it with the signals obtained from normal
breast [34,35]. MT has been investigated in theoretical and experimental
studies for breast cancer detection by several research groups [35]- [40].

MT uses three steps to reconstruct an image of the breast tumors: col-
lecting microwave tomogram data, analyzing the data, and finally displaying
the images [35,36]. The acquisition of the microwaves data is performed by
exposing the breast tissue to a microwaves signal and then producing the
microwaves tomogram data file. The microwaves tomogram data analysis
part is performed by using inverse scattering algorithms that calculate the
dielectric properties of the normal and tumor breast tissues from microwave
tomogram data files. The data visualizing part is achieved by utilizing 2D
or 3D tomogram images that show the presence, location, and size of the
tumor [40]. The MT system for breast cancer detection combines both a
hardware part which includes microwaves sensors and probes, and a software
part that includes image reconstruction approaches and algorithms.
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The first clinical prototype for the near-field tomography MI system for
breast cancer detection was reported in [38]. The system consisted of a
cylindrical array of a transceiving monopole antenna array (16 elements)
in the 300-1000 MHz frequency range. The microwave clinical exam was
conducted to five women and the scan time sessions have been taken between
10-15 min per breast [38]. Son et al. developed a preclinical prototype
MT system for breast cancer detection [39]. In this system, a 16-element
circular array is placed into an imaging bath having a matching liquid. Each
antenna is used for signal transmission and reception over a frequency band
from 500 MHz to 3,000 MHz. A matching liquid was used to fill the MI
bath to reduce reflections from the breast surface. The 2D tomography
system is convenient for trials on patients and phantoms. The reported
prototype system was used to detect a 10 mm tumor inside a phantom at
1700 MHz [39]. In 2016,Jeon et al. introduced a clinical trial prototype MT
system for detecting breast tumors. This clinical trial prototype system was
designed to work from 3 GHz to 6 GHz with an Fast Forward Solver (FFS)
algorithm [40]. The clinical trial prototype system was used for investigating
15 women ranging in age from 40 to 68 years old [40]. Clinical trial results
illustrated that a tumor with a size of 25 mm can be detected in the left
breast [40].

1.2.2 Radar-Based Microwave Imaging

Bridges et al. proposed the first radar-based MI system in 1997 [41]. It
avoids using nonlinear inverse scattering algorithms for recovering all the
profile of the breast’s dielectric properties to construct an image for the
breast [41-43]. Bridges’” method utilized microwaves signals to illuminate
the breast tissues using an antenna array placed at different locations sur-
rounding the breast [41]. The backscattered microwaves signals are then
received by the same antennas and processed by radar-based MI methods



to detect the tumor’s location and size. These backscattered signals indicate
the presence of the tumor because of the contrast in the dielectric properties
between the normal and tumor tissue at microwaves frequencies. Radar-
based MI techniques involve radar-based MI methods and radar-based MI
beam-forming algorithms [42]. Radar-based MI methods are based on dif-
ferent radar configurations that employ elements of an antenna array which
transmits or receives (separately or simultaneously) microwaves signals into
or from the breast. The beam-forming algorithms are used to reconstruct
images from the reflected signals [43].

Radar-based MI techniques can be classified into five approaches: Con-
focal Microwave (CM), Tissue Sensing Adaptive Radar (TSAR), Microwave
Imaging Via Space-Time (MIST), Multi-Static Adaptive (MSA), and Time-
Domain Data Adaptive (TDDA) [44].

Klemm et al. introduced a prototype UWB frequency-domain radar-
based MI system. The system consists of an aperture array of UWB an-
tennas that are positioned on a section of the hemisphere that conforms
to the curved breast shape [45]. The UWB array is positioned with the
breast comfortably resting on the spherical shell. The signals are captured
by a data acquisition module and transferred to a computer [45]. Clinical
imaging results show that the system can detect an 8 mm breast tumor [45].

Zhurbenko et al. reported a radar-based frequency-domain system. The
architecture of the system consists of 32 monopole antennas, a measurement
unit, a data acquisition system and a computer. The antennas are used to
measure the amplitude and phase of the scattered fields in the 3D imag-
ing domain using electronic scanning in the frequency range from 0.3 to 3
GHz [46]. Fear et al. developed a 3D UWB tissue sensing adaptive radar
(TSAR) MI prototype system for breast cancer detection which consists of
a patient interface employing a padded table with a hole through which the
breast drops into a cylindrical container. The mono-static approach is used
to collect data and filtering is used to reduce the reflections from the skin
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Table 1.1: Summary of some clinical MI studies

Research Scan Number | Coupling Antenna Acquisition
group time | of patients | medium array type | and Imaging
Dartmouth 5 min 175 Yes Monopole Frequency
College [28,29, 38] synthetic Tomography
University 30 min 8 Yes Vivaldi Frequency
of Calgary [47,48] synthetic DAS
McGill 5 min 13 Yes Microstrip Time
University [49] stationary DAS
Bristol 10 S 267 Yes Slot frequency
University [50] Hardware IDAS
Shizuoka 3 min 2 Yes stacked patch | Frequency
University [51,52] Hardware DAS
Southern 4 min 11 Yes Horn Frequency
University [53] synthetic DAS
Hiroshima [54] 5 min 14 Yes Planar slot Time
University synthetic DAS
London 5 min 45 Yes Planar Frequency
University [55]

tissues. In this work, the system was tested on eight volunteers ranging in
age from 32 to 47 years [46]. The system was able to detect of 5 mm diam-
eter breast tumor [46]. Summary of some clinical radar-based microwave
imaging studies as shown in Table 1.1. The table is subdivided into six
categories: the research group, the acquisition and imaging, the scan time,
the Maximum number of patients, and the coupling medium.



1.3 Research Problem and Contributions

A key interest behind our work here is to provide an alternative detec-
tion technique that is not only reliable for early stage cancer detection but
especially, inexpensive, comfortable/non-invasive, non-ionizing and highly
accessible to a wide sector of the populations in different countries. There-
fore, reliability of detection and low cost are two cornerstones of the new
modality proposed in this work.

While this work is concerned with the detection of breast cancer, it also
related to the specific detection modalities that use microwave-based sys-
tems. These modalities have gained significant attention over the past 15
years. The research proposed here builds on the viability of the microwave-
based modalities and proposes mitigating the fundamental challenges of
these modalities. Therefore, the course of this work is focused on the fol-
lowing:

1. Introducing the development of three dimensional anatomically real-
istic numerical breast - phantoms models in computer simulation tech-

nology (CST)

2. Introducing the concept of using an electrically-small near-field probe
based on a single electric and a magnetic dipole for breast tumor de-
tection.

3. Developing an array sensor comprised of 1x4 electrically small printed
dipole antennas with identical dimensions excited by a single port for
detecting breast tumors at different locations.

4. Introducing the concept of developing an array sensor comprised of
1x4 electrically small printed loop antennas with identical dimensions
excited by a single port for detecting breast tumors at different loca-
tions.



5. Introducing the concept of using a metasurface sensor for enhancing
the sensitivity area of near-field microwave detection systems.

6. Examining the metasurface with a breast phantom having a tumor
placed at single location at three different stand - off distances and
with a breast phantom having tumors placed at different locations.

7. Applying machine learning techniques to accentuate the variance in
the sensor’s responses for both healthy and tumorous cases.

8. Examining the developed metasurface sensor to discriminate between
normal and abnormal breast phantoms representing different sizes and
classes of breasts phantoms.

9. Estimating the accuracy, sensitivity and specificity of the proposed
microwave detection system .

1.4 Dissertation Outline

The remainder of this dissertation is outlined as follows:

Chapter 2 proposes a novel methodology for using the anonymous breast
MRI datasets obtained from the University of Wisconsin online repository
for construction of 3D realistic numerical breast phantoms in CST Mi-
crowave Studio. The chapter also review the literature on dielectric prop-
erties of normal and tumourous breast tissues in the microwave regime .

Chapter 3 and Chapter 4 respectively introduce the concept of using
1) an electric dipole probe and 2) magnetic dipole probe both an ultra-
narrow band electrically small with principal component analysis (PCA)
technique. The breast tumors exhibit both high permittivity and perme-
ability compared with surrounding healthy breast tissue. The single dipole
probe employed is considered as an electric probe, and is highly sensitive
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to changes in the permittivity of tumors. This sensitivity is due to the
interaction of the confined electric field in the dipole gap with the permit-
tivity of the breast tissues. The single loop probe is considered to be a
magnetic-probe, and is highly sensitive to any changes in the conductivity
of the breast tissues. The magnetic probe exhibits a higher magnetic field
than the electric probe. Because breast tumors exhibit higher conductivity
than permittivity values, than those normal in breast tissues, the magnetic
probes will be more sensitive than electric probes in detecting tumors.

Chapter 5 presents a methodology to further improve the sensitivity area
of the detection system. Using an array of elements instead of a single el-
ement enlarges the sensitivity area of the sensor, resulting in covering the
whole breast and therefore eliminating the use of mechanical motors to
move the sensor all over the breast. Therefore, the sensitivity of the pro-
posed array sensor is based on the aggregate effect of all elements to form
one single but highly sensitive sensor. A sensor array comprises of 1x4
electrically small printed dipoles antennas of identical dimensions, excited
by a single port, is introduced in this chapter. The simulation results show
that the array sensor has a high sensitivity for detecting a breast tumor
placed at four different locations inside the breast phantom model. More-
over, experimental results show that the array sensor has a high sensitivity
for detecting metallic and dielectric spheres placed at five different locations
inside a dielectric medium, as well as for detecting variable sizes of spheres.

Chapter 6 introduces a loop array sensor comprised of a 4-element identi-
cal electrically small loop antenna array excited by a single port. Numerical
simulations have been conducted using a numerical breast model with and
without tumor cells placed in the near-field of the sensor. The sensor is ca-
pable of detecting a 7 mm breast tumor inserted at five different locations.
This experiment was then repeated with other various sizes of tumors. Ex-
perimental validation was conducted using a glass box filled with vegetable
oil and metallic spheres that resemble healthy and tumors breast tissues,
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respectively. The simulation and experimental results show that the array
sensor has high sensitivity for detecting a metallic sphere placed at five dif-
ferent locations inside a dielectric medium, as well as for detecting variable
sizes of the metallic spheres.

Chapter 7 expands the concept of the array sensor using electrically
small elements. In this chapter, the sensor array is a metasurface compris-
ing an array of 8x8 electrically-small resonating elements. The elements
of the metasurface are designed to respond to both electric and magnetic
fields. This approach enables the metasurface to emphasize seemingly small
changes in the composition of the electric and magnetic fields in its environ-
ment, thus leading to a higher overall sensor sensitivity. In addition, this
chapter presents the idea of testing the metasurface sensor with a breast
phantom having tumor placed at single location at three different stand
off distances and with a breast phantom having tumors placed at different
locations.

Chapter 8 presents a detection technique that combines a machine learn-
ing technique with microwave near-field sensors for breast tumor detec-
tion. The detection technique consists of two main parts including meta-
surface microwave near-field sensors and machine learning classification log-
arithms. The metasurface is extend to the metasurface sensor which intro-
duced in Chapter 7. The sensor, a metasurface comprising an array of 8x8
electrically-small resonating elements, operates at 1.3 GHz.

The proposed technique uses the metasurface sensor to identify the dif-
ferences between normal and abnormal breasts. Distinguishing between
healthy and non-healthy breast is based on estimating the differences in
the reflection coefficient of the sensor response for both normal and abnor-
mal breasts. The machine learning methods proposed discriminated be-
tween normal and abnormal breast phantoms in different sizes and classes
of breasts, then also significantly improved the accuracy, sensitivity and
specificity of the proposed detection system.
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Finally, the accomplished work, list of publications, and possible future
directions are summarized in Chapter 9.
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Chapter 2

Construction of 3D Realistic
Numerical Breast Phantoms in CST
Microwave Studio

2.1 Introduction

Computational electromagnetic simulations softwares are useful tools to
study the interactions of electromagnetic waves with the human breast tis-
sues and improve design concepts related to microwave breast cancer de-
tection and treatment. The advancement in numerical breast phantoms
designs improved the effectiveness of computational tools to evaluate new
detection or treatment concepts for breast cancer [56,57].

In this chapter, we used the anonymous breast MRI datasets which were
obtained from the University of Wisconsin online repository to build realis-
tic breast phantoms in the computer simulation technology (CST) [58-60].
These phantoms are an anatomically realistic three dimensional (3D) nu-
merical model with dielectric properties derived from the T1-weighted MRI
images using a piecewise-linear mapping between MRI voxel intensity and
the dielectric properties of the breast.
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2.2 Anatomy of a female human breast

A healthy human female breast consists of two tissue types including fat
tissues (or adipose tissue), and fibroglandular tissues. The fibroglandular
is consists of glandular tissue and connective tissue. The healthy human
female breast consists of different sections including 15 and 25 lobes, ducts,
dilated sections of duct to hold milk, nipple, fat, pectoralis major muscle
and chest wall. Fig. 2.1 shows the anatomy of the healthy breast [61,62].

Anatomy of the Female Breast
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Figure 2.1: The anatomy of a female breast shows the fatty tissue and the glandular lobes.
For the National Cancer Institute (¢) 2011 Terese Winslow LLC, U.S. Govt. has certain
rights. Used with permission.

Breast tumors can be divided into main two types including benign (Non-
invasive) and malignant tumors (Invasive), which defined by an unusually
rapid cells growth inside the normal breast tissues. Regarding benign tu-
mors, the growth is controlled whereas the growth is out of control for
malignant tumors. There are four Stages of breast tumors which classifies
or describes tumors size and tumors spread inside the breast tissues. In the
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early stage, the breast tumor is 2 cm or less in diameter and has not yet
spread deeply into the chest wall.

2.3 Microwave Dielectric Properties of Breast Tissues

Knowledge of the dielectric properties of breast tissues is essential for the
understanding of the interactions between the electromagnetic waves and
the breast tissues. The dielectric properties of breast tissues are represented
by a complex permittivity where the real part represents the ability of the
material to store microwave energy whereas the imaginary part, or the loss
factor indicates the ability of the material to absorb microwave energy [63].

Microwaves-based detection modalities are mainly based on the observa-
tion of high variation of the dielectric properties between normal and tumors
breast tissues [64,65]. Therefore, the significant differentiation in dielectric
properties of breast tissues can be used as the underlying principle for a
detection method using electromagnetic wave.

Research performed in the past years confirms that breast tumors show
sharp variation in their dielectric properties in comparison to nearby healthy
breast tissue. Several research groups studied the dielectric properties of
normal and tumors breast tissues in the microwaves region. These studies
showed that tumors breast tissues have significant differences in their di-
electric properties in comparison to surrounding normal breast tissues. [65]—

[76).

Based on the dielectric contrast between tumors and healthy breast tis-
sue, the possibility of using microwave for tumors detection was postulated
many years ago by Mallard and Lawn [77]. Earlier research claimed that
normal breast tissues are mostly homogeneous, whether it has higher fat
content or not; therefore, tumors present a dielectric anomaly in the homo-
geneity which translates into an object with a dielectric contrast.

16



Campbell and Land [67] studied healthy and cancerous tissues over the
frequency of 3.2 GHz [67]. In the most comprehensive, important and most
recent study of normal, benign and malignant breast tissue by Lazebnik et
al. [70] , exhaustive measurements were performed to conclude that due to
the complex network of glandular adipose and fibroconnective tissue in the
breast, there is a significant heterogeneity of dielectric properties in normal
breast tissue. More specifically, this critical study showed that the con-
trast in the microwaves dielectric properties between malignant and normal
adipose-dominated tissues in the breast is considerable, as large as 10 to 1,
while the contrast in the microwaves dielectric properties between malig-
nant and normal glandular/fibroconnective tissues in the breast is no more
than about 10%. The study in [70],which is most likely the most compre-
hensive to date dealing directly with human female breast tissue (unlike
other earlier studies which included different mammalian species), shows
conclusively that a microwave-based cancer detection scheme that relies on
imaging of the dielectric contrast between breast tissues cannot be effective
in general.

Table 2.2 gives a chronological summary of several published studies of
the dielectric properties’ contrast between normal and tumors human breast
tissues [65]— [76].

The table is subdivided into four categories: the year of study and the
author name, the operating frequency, the probe used in the measurements,
and the number of samples. The accuracy of difference between the normal
and tumor tissues of each repotted study is based on many factors such
as,frequency range for fitting model, tissue type and size, number of sample
that used for study, sensing depth and volume, time from excision to mea-
surement of tissues in the study, type of the using fitting data model and
the environment of the testing is in vivo or ex vivo states [78]- [82].

In summary, a thorough review of data reported in the literature reveals
that the most constant difference between normal and tumors tissues is the
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increased water content of the latter. And for this reason the conductiv-
ity of tumor tissues at microwave frequencies will be higher than that of
normal tissues. As a consequence, at microwave frequencies, tumor tissues
will exhibit larger dielectric constant and conductivity profiles than most
of normal tissues. Thus, the conclusion of these earlier works is that nor-
mal breast tissue is homogeneous, whether it has higher fat content or not;
therefore, tumors present an anomaly in the homogeneity and they rep-
resent a sharp dielectric contrast object. It is this very fact, namely the
dielectric properties change in the cancerous tissues that is the backbone of
our proposed detection modality in this study.

2.4 Design Methodology

The American College of Radiology (ACR) defines four categories of breast
composition according to the radiographic density of breast fibrous and
glandular tissues as shown in Table. 2.2 [83,84].

University of Wisconsin-Madison online repository provided a database
of anatomically realistic numerical breast phantoms which accurately mimic
both the spatial distribution of the different types of breast tissues includ-
ing skin, adipose tissue (fat), and fibrous-connective-glandular (ductal and
lobular) tissues and the dielectric properties of those tissues relevant to mi-
crowave interactions with the phantom [84]. These anatomically realistic
breast phantoms are realistic in both structural heterogeneity and dielec-
tric properties information. The information anatomical structure of these
breast phantoms is provided using Magnetic resonance images (MRIs). In
addition, the normal and malignant breast tissues dielectric properties of
these phantoms are provided by large-scale dielectric study of the University
of Wisconsin and the University of Calgary [58,59,85].

We used the database of anatomically realistic the breast phantoms which
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were obtained from the University of Wisconsin UWCEM online repository
to build the breast phantom in the computer simulation technology (CST).
Each realistic numerical breast phantom consists of a 3D grid of cubic voxels,
where each voxel is 0.5mm x 0.5mm x 0.5mm. Each phantom has data set of
three ASCII text files including breastInfo.txt, mtype.txt, and pval.txt. [59].
The breastInfo.txt file provides the basic information about the numerical
phantom,dimensions of the grid in units of grid cells [“s17, “s2”, “s3”],
and the classification of breast composition. The mtype.txt file contains
data of different voxels in the grid. The pval.txt file provides the dielectric
properties of the breast phantom [59].

To import the numerical breast phantoms using the database from the
University of Wisconsin repository into Computer Simulation Technology
(CST) Microwave Studio following procedures are used:

1. Generate a voxel file which contains the material numbers using MAT-
LAB [86].

2. Generate a material file that maps material numbers.

3. Generate a Visual Basic macro file containing material redefinitions for
each of the numbered material types to include frequency-dependent
dielectric properties.

4. Import the generated 3D breast voxel model into CST Microwave Stu-
dio.

MATLAB software is used to generate the voxel file, the material file
and the macro file to integrate the breast phantoms into CST [86]. The
material file is generated by using the single Cole-Cole model equation for
the frequency-dispersive tissues properties as shown below.

!/

e(w) = € (w) — je (W) = €exe + Ac O

1+ (jwr)l-@ + jwe,

(2.1)
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where w is the angular frequency, € (w) is the frequency-dependant dielectric
constant, € (w) is the frequency-dependant dielectric losses and e, is the
free space permittivity. The ey, 05, 7 and «a are the Cole-Cole model
parameters obtained from the clinical experimental data. The breast model
has the physical shape of a real human female breast. Moreover, with a
high resolution of 0.5 mm, the model also includes the following eight tissue
types: skin, muscle, glandular-1,2,3, and fat-1,2,3 [59, 84].

Fig. 2.2 shows the four American College of Radiology classes of breast
density of the numerical breast phantoms fatty, scattered fibroglandular,
heterogeneously dense, and extremely dense in a cross section of an MRI-
derived model highlighting the correlated distribution of tissue within the
breast integrated in CST. The color visualizations show the permittivity
grid for the reconstruction where the adipose (blue) and fibroglandular (red/
orange) regions of the heterogeneous interior of the phantoms.

In order to investigate the detection of the breast tumors in the real-
istic environments, we inserted different sizes of the breast tumors at dif-
ferent locations inside the developed healthy breast phantoms. The tu-
mors’s dielectric properties were obtained from cancer surgery as docu-
mented in [70,84,86] as shown in Fig. 2.3.

2.5 Conclusion

We constructed and integrated four classes of three dimensional (3D )
anatomically realistic numerical human female breast phantoms in the CST
full wave simulation. The realistic phantoms are an anatomically realistic
(3D) numerical model with dielectric properties derived from T1-weighted
MRI images using a piecewise-linear mapping between MRI voxel inten-
sity and the dielectric properties of the breast. The 3-D realistic numerical
human female breast phantoms have been utilized for investigating a new
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Figure 2.2: Representative numerical healthy human female breast phantoms from the
University of Wisconsin repository. The phantoms represent the four American College
of Radiology classes: (a) fatty, (b) scattered fibroglandular, (c) heterogeneously dense,
and (d) extremely dense. (a) Three-dimensional view. (b) z cross section. The color
visualizations show the permittivity grid for the reconstruction where the adipose (blue)
and fibroglandular (red/ orange) regions of the heterogeneous interior of the phantoms.

microwave technique for breast cancer detection.
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Figure 2.3: Representative numerical abnormal human female breast phantoms view from
xy plane. The phantoms represent the four American College of Radiology classes of
breast density : (a) fatty, (b) scattered fibroglandular, (c) heterogeneously dense, and (d)
extremely dense. The color visualizations show the permittivity grid for the reconstruction
where the adipose (blue) and fibroglandular (red/ orange) regions of the heterogeneous
interior of the phantoms
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Table 2.1: Chronological Summary of Several Studies of the Dielectric Properties of Human

Female Breast Tissues.

Year and Frequency Probe Number
Author Range Type of Samples (patients)
1984 3 MHz-3 GHz Open-ended 15
Chaudhary et al. [65] coaxial probe
1988 20 KHz-100 MHz End-of-the-line 7
Surowiec et al. [66] capacitive probe
1992 3.2 GHz Resonant 37
Campbell and Land [67] cavity probe
1994 50-900 MHz Flat-ended 12
Joines et al. [68] coaxial probe
2004 0.5-30 GHz Open-ended 12
Choi et al. [69] coaxial probe
2007 0.5-20 GHz Open-ended 196
Lazebnik et al. [70] coaxial probe
2009 100 Hz-8.5 GHz Electrical Impedance 6
Halter et al. [71] Spectroscopy probe
2014 1-6 GHz Open-ended 102
Sugitani et al. [72] coaxial probe
2015 0.5-50 GHz Open-ended unspecified
Martellosio et al. [73] coaxial probe
2017 0.5-50 GHz Open-ended 220
Martellosio et al. [74] coaxial probe
2018 0.5-8 GHz Open-ended 509
Cheng et al. [75] coaxial probe
2019 200 MHz- 13.6 @3z Open-ended 48

Hussein et al. [76]

coaxial probe




Table 2.2: The four classes of numerical breast phantom according to their radiographic
density

Class Name of Phantom Percentage of Glandular Tissue
1 Mostly fat < 25%
2 Scattered fibroglandular 25% -50%
3 Heterogeneously dense 51%-75%
4 Very dense > 75%
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Chapter 3

Near Field Breast Tumor Detection
Using Ultra-Narrow Band Electric
Probe with Machine Learning
Techniques

3.1 Introduction

In this chapter, we propose a near-field microwave sensing modality that
uses a single probe combined with a classification algorithm to help in de-
tecting the presence of tumors in the human female breast. The concept em-
ploys a near-field resonant probe with an ultra-narrow frequency response.
The resonant probe is highly sensitive to the changes in the electromagnetic
properties of the breast tissues such that the presence of the tumor is gauged
by determining the changes in the magnitude and phase response of the sen-
sor’s reflection coefficient. A key feature of our proposed detection concept
is the simultaneous sensing of tissue property changes to the two female
breasts since the right and left healthy breasts are morphologically and ma-
terially identical. Once the probe response is recorded for both breasts, the
Principle Component Analysis (PCA) method is employed to emphasize the
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difference in the probe responses. For validation of the concept, tumors em-
bedded in a realistic breast phantoms were simulated. To provide additional
confidence in the detection modality introduced here, experimental results
of three different sizes of metallic spheres, mimicking tumors, inserted in-
side chicken and beef meat were detected using an electrically-small probe
operating at 200 MHz. The results obtained from the numerical tests and
experiments strongly suggest that the detection modality presented here
might lead to an inexpensive and portable early and regular screening for
breast tumor.

3.2 Microwave Sensors for Microwave Breast Detec-
tion Systems

Developing microwave sensors is an important part of designing the mi-
crowave detection system for breast cancer detection. The microwave de-
tection system employs microwave sensors to transmit microwave signals
to illuminate the breast tissues and measure the backscattered reflection
signals from the breast under test [15].

The microwave sensors should meet the specific design requirements, in-
cluding operating frequency, directivity, sensitivity, accuracy, and compact
size. Design the microwave sensor at specific operating frequencies for the
MI system is a significant task due to higher frequencies the attenuation
of microwave signals increases which case a lower penetration depth. Sev-
eral antennas have been developed as microwave sensors for breast cancer
detection, including dipole antennas, patch antennas, dielectric resonator
antennas, slot antennas, horn antennas, Vivaldi antennas, open-ended coax-

ial probes, tapered slot antennas (TSAs), bow-tie antennas, and monopole
antennas [10,15,44].

Near-field (NF) microwave probes that are sensitive to the electromag-
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netic properties of materials are actively applied to medical imaging de-
vices. The most important feature in a microwave near-field probe is its
ability to confine the fields to regions that are significantly smaller than
the wavelength of the operating frequency of the probe as well as having
the advantage of larger penetration depth. Therefore, microwave near-field
probes are able to resolve sub wavelength features, improving the overall
resolution. [87,88]

Several studies developed NF microwave probes that have been used for
detection. The work by Ren et al has introduced a near-field antenna probe
based on the concept of enhancing the evanescent fields with the primary
objective of detection using split-ring resonators [89]. A tapered rectangular
waveguide probe was used for cancer detection [90]. Zhang et al proposed a
parallel-plate waveguide probe for non-invasive breast cancer detection [91].

Probe design and simulation

The probe used in this chapter is a dipole antenna small enough to con-
fine most of the near-field radiation into the breast tissue to increase its
sensitivity to variation in the dielectric properties of the tissues that are
interrogated. Other types of antennas could be used such as loops or even
patch antennas. However, we emphasize that the specificity of the probe
topology is not of prime interest here but rather the entire system concept.
Nevertheless, study of the sensitivity of different probes will be considered
in a future separate study. For sufficient field penetration into the breast
tissue, the operating frequency must be chosen carefully to ensure enough
penetration level inside the dense breast. Without loss of generality, we
select the frequency of operation to be 200 MHz which ensures sufficient
field penetration in the human female breast.

The probe was designed as a printed dipole of length 92 mm and trace
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width of 2 mm hosted on a RO4003 Rogers material with a thickness of
1.52 mm and a dielectric substrate of a relative permittivity of €,=3.38 as
shown in Fig.3.1. The electrical length of the dipole is A\/12, (where A is
the wavelength in free space) which makes its radiation efficiency very low
implying a flat, or near unity reflection coefficient (S;;) response, which in
turn, makes it highly insensitive to breast material changes. To enable the
probe to be highly sensitive, the probe must be made an efficient radiator
which leads to a highly defined ultra-narrow band-stop filter response by
using a lossless matching network. The network was designed using the
full-wave numerical simulation tool CST Microwave Studio [60]. The opti-
mized matching network consisted of a series and parallel inductors having
inductances of 0.36 uH and 0.49 uH, respectively with specific placement of
the elements as shown in Fig.3.1(a). We emphasize that both the values of
the inductors and their location and orientation were optimized using CST.

(a) (b)
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Probe
network Substrate
\ ———————— paginives’ f . 2 |
| T [ |
/ [l N ; : P S, -
{ \ MatchmgL/ :
\ Vil network . A

-
S~ ———

A
A 4

Figure 3.1: The printed electrically-small probe hosted on a dielectric substrate. (a)
Schematic showing probe and the location of the matching network elements, where L1

and L2 are inductances of values of 0.36 uH and 0.49 uH respectively. (b) Photo of the
fabricated probe and the matching network.

The probe was fabricated and tested yielding strong agreement between
the measurements and the simulations as can be observed from Fig. 3.2.
Specifically, the agreement was very strong for the resonance frequency but
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we observe a deviation in the bandwidth which we attribute to non-ideal
behavior of the elements and particularly the dispersive nature of all mate-
rial involved in the fabrication of the probe (for instance, the inductance of
real inductors is frequency dependent whereas the simulated ones have fre-
quency independent inductance). The slight broadening of the bandwidth
of the fabricated (real-world) probe in comparison with the ideal (numeri-
cal) probe has the advantage of providing additional features that enhance
the detection discrimination when using the principle component analysis
as will be shown below.

The proposed probe was then simulated with a breast phantom which
constructed in CST in chapter two to test its ability to detect the presence
of tumors. The model used in this chapter without loss of generality, the
model used in this work is the Heterogeneously Dense Breast ID: 062204”
ACR classification: Class 3. The model has 0.5 x 0.5 x 0.5 resolution with
219 x 243 x 273 voxels.

The probe was calibrated with the numerical realistic breast phantom
where the proposed probe is placed at a distance of 5 mm away from the
healthy breast phantom as shown in Fig. 3.3(a). The magnitude and phase
of the reflection coefficient of the probe were then recorded at 201 different
frequencies spanning the range 100 to 300 MHz. Next, a tumor is inserted
inside the same breast phantom with three different diameter sizes namely:
9 mm, 13 mm, and 17 mm, as shown in Fig. 3.3(b). The tumor’s dielectric
properties were obtained from cancer surgery as documented in [70]. The
magnitude and phase information were then recorded for the breast with
the tumor. The data is then analysed with and without the tumor to decide
whether or not a tumor is present.

The key aspect of the tumor detection modality introduced here is based
on two findings. The first is the material and topological symmetry between
the two healthy breasts of a woman [92,93]. The second is the unlikelihood
that a woman would develop breast tumors in both breasts at the same
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Figure 3.2: Response of the probe over the 100-300 MHz frequency band. The broadening
of the bandwidth in the measurements arises form the dispersive nature of the material
and circuit elements used in the construction of the probe.

time and the unlikelihood that a woman would develop identical breast
tumors in both breasts at the same time [93]. The detection modality
introduced here calls for the detection test to employ two identical probes
positioned symmetrically with respect the two breasts. The responses of
the two probes were then recorded (phase and magnitude of the reflection
coefficients) and processed using the PCA method to decide whether or not
a tumor is present. If the response of the probes from both breasts are

30



Probe

4
¥

ity
[l] %) | Tumor

(a) (b)

Figure 3.3: Simulation setup: (a) Ultra-narrow band probe with a stand-off distance of 5
mm from a 3D realistic numerical breast phantom model. (b) The embedded tumor in the
numerical breast phantom.

identical, then the woman breasts are most likely free of tumors; otherwise,
there is a likelihood of the presence of a tumor that can be either benign
or cancerous. We fully realize that a discrepancy between the two does not
conclusively determine which breast contains the tumor. Nevertheless, it
is conceived that when such a device is realized, the outcome of such tests
allows the healthcare provider to refer the women to additional screening
using more expensive techniques if needed.

In the proposed detection method, the scattering parameters of the probe
which contain the magnitude and phase features are extracted. Here, the
feature vectors prior to applying the PCA analysis method are the magni-
tude and phase of reflection coefficient of the probe (the S11 or the scat-
tering parameter of the probe). The feature vectors are then tabulated in
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a table containing 3 columns and 201 rows (not included in the paper for
brevity). Each discrete value of the magnitude and phase changes with the
frequency response. The magnitude and phase of the reflection coefficient
of the probe were recorded at 201 different frequencies spanning the range
100 to 300 MHz. The two feature vectors: the magnitude and phase have
dimensions of 201 rows and 3 columns. The first feature, the magnitude,
is described by the first and second column which contains the frequency
and magnitude points, respectively. The second feature, the phase, is de-
scribed by the first and third column which comprises the frequency and
phase points, respectively. The data was then entered into the PCA analysis
method code to indicate the presence of a tumor inside a breast.

Next,we employ the PCA method to reduce the dimensionality of the
problem by implementing a vector space transform [94]. The objective of
PCA is to extract critical information from the scattering parameter re-
sponse data set and to express this information as a set of orthogonal vari-
ables called principal components [94]. The eigen-decomposition of positive
semi-definite matrices and the singular value decomposition of rectangu-
lar matrices are used for finding the principal components. [94]. Thus, via
mathematical projection, high dimensional original datasets can be reduced
to small number of variables without losing much of the original information
to analyze trends, patterns and outliers [95].

Once the probe response of the two probes are recorded (mimicking the
scenario where a single probe is used for each of the two breasts), the PCA
feature extraction method is applied for both the healthy and the tumourous
cases. The results of Fig. 3.4(a), Fig. 3.4(b) the magnitude of S; using
PCA, Fig. 3.4(c) the phase of S; and Fig. 3.4(d) the phase of Si; using
PCA show that the probe is capable of detecting breast tumors as small as
9 mm. Clearly the probe is more sensitive to larger tumor sizes as indicated
by the more pronounced separation between the cases with and without
tumors. We also observe that for the 9 mm tumor, the magnitude response
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was more effective than the phase response in the sense of providing higher
discrimination.

Experimental Validation

In light of the preliminary and encouraging simulation results obtained
above, an experiment was carried out to test the feasibility of the pro-
posed concept in an environment that have resemblance to female breast
tissues. The experiment setup consisted of the proposed electrically-small
dipole probe, a keysight 8.5 GHz VNA, metallic spheres with different di-
ameter sizes (mimicking a tumor), chicken breast tissue and a slice of a beef
steak. The experiment apparatus was contained in a wooden box with an
opening in one of the box sides to allow for easily placing and changing the
position of the material under test inside the box as shown in Fig. 3.5. The
experiment was performed inside an anechoic chamber to ensure that no
energy is bouncing back from the surrounding environment and effecting
the measured probe response.

Initially, the material under test is scanned horizontally at 6 different
positions as shown in Fig. 3.6(a). The main reason for performing such
a scan is to determine the location where the probe sensitivity is highest
(highest sensitivity refers to the highest shift experienced by the magnitude
and phase of the Sy; of the probe when compared to the original case). For
instance, the Sq1; of the probe in the presence of an object placed at the
edge of the dipole probe compared to that of the same object placed at the
center of the probe is quite different. This is mainly due to the fact that a
high electric field is confined within the gap of the dipole at the resonance
frequency. When an object is placed in the vicinity of the gap, the probe’s
response experiences higher shift in both the magnitude and phase than
the case where the object is placed further away from the gap. Hence, the
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probe is highly sensitive to an object placed above or close to the gap. Once
the position of highest sensitivity was found, (see Fig. 3.6(a)), the probe
response was then recorded for this high sensitivity position. Although,
the middle of the probe experienced the highest sensitivity, other locations
away from the gap have a reasonable shift which can lead to a successful
differentiation between the normal and the tumor breast tissue. Therefore,
In a real-world detection scenario, the patient can position the probe in any
location in front of the breast to perform the self examination.

Next, three different tests were performed: 1) with chicken breast, 2)
a slice of beef, and 3) a hybrid of both. In each test, two main variables
were changed. First, multiple metallic spheres, which will be embedded
inside the material under test with different diameter sizes were used. Three
different diameter sizes were used: 9 mm, 13 mm, and 17 mm to test the
ability of the probe to detect various tumor sizes. For each tumor size,
two different stand-off vertical distances were used as shown in Fig. 3.6(b).
In the experiment, the scattering parameters seen from the port of the
probe were recorded for both the phase and the magnitude. The phase and
magnitude of the scattering parameters were analyzed with and without the
PCA method for two vertical distances of 5 mm and 10 mm as shown in
Fig. 3.6(b). The results are presented in Fig. 3.7 and Fig. 3.8. It is evident
from the results that the plots of the reflection coefficient of the probe in
the presence of the metallic sphere for both the magnitude and phase as
shown in Fig. 3.7(a), Fig. 3.7(c), Fig. 3.8(a) and Fig. 3.8(c), experience a
very slight shift that is hard to detect for the various locations labelled 0 - 5
(see Fig. 3.6(a)). Here, the difficulty in detecting the difference between the
tumerous breast compared to a healthy one refers to the fact that a human
eye cannot easily distinguish the change in either the magnitude or the
phase of the probe. Additionally, by direct inspection of the magnitude and
phase of the reflection coefficient, it is extremely difficult, if not impossible,
to differentiate the healthy breast from the tumourous one, even if the
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process is automated, without additional classification procedure. However,
when the data were plotted using the PCA method as shown in Fig. 3.7(b),
Fig. 3.7(d), Fig. 3.8(b) and Fig. 3.8(d), a clear and obvious distinction is
observed between the healthy breast tissue (no sphere) compared to that of
the malignant case (with an embedded sphere).

For the first experiment a chicken breast which includes skin, fat and
meat was used as a testing material. The chicken was positioned at the
fixed horizontal distance labeled 3 in Fig. 3.6(a). Then the magnitude and
phase of the probe were extracted with two stand-off distance, namely 5 mm
and 10 mm, as shown in Fig. 3.6(b). The experiment was then repeated
after inserting a metallic sphere inside the same chicken breast. Please note
that during the experiment, we labeled the location where the spheres were
embedded inside the chicken to ensure a fair and identical comparison. The
results obtained from this experiment is shown in Fig. 3.9. The second
experiment was conducted with a slice of meat instead of chicken to test
the strength of the probe to detect the variation inside the material with
different electrical properties. Similarly, the test was done for different
stand-off distances and different sphere sizes. The results obtained from
this case is shown in Fig. 3.10. In the last experiment, a hybrid medium
consisting of a chicken breast sandwiched between two slices of meat were
used to test material with higher degree of heterogeneity than the previous
two cases. The results are plotted in Fig. 3.11.

In all of the three experiments, the PCA analyzer provides a spatial sepa-
ration between the normal and tumorous cases. In addition, it is noticeable
that as the tumor size increases, the separation between the normal and
the tumorous case increases, which indicates a more pronounced detection.
Moreover, the separation between the cases with and without the tumor is
more pronounced for the magnitude as compared to the phase of the S; of
the probe, which is similar to the behavior observed when interrogating the
numerical breast phantom.
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Discussion

Since the realistic female breasts are of a hemispherical shape, is it critical
to test the ability of the probe to detect tumors located at varies positions
within a curved shape breast model. Therefore, an experiment was con-
ducted consisting of a chicken meat placed on a Styrofoam of a hemispher-
ical shape. Then a 9 mm metallic sphere was inserted in three locations
consecutively inside the breast as shown in Fig. 3.12 (b). The probe was
then placed at a distance of 5 mm and 10 mm away from the breast. The
experimental results are summarized in Fig. 3.13 (i) and Fig. 3.13 (ii) for a
distance off of 5 mm and 10 mm respectively. Fig. 3.13 (a) and Fig. 3.13
(b) show the magnitude and phase of Si; at distance off 5 mm respectively.
Fig. 3.13 (c) and Fig. 3.13 (d) show the magnitude and phase of Sj; at
distance off 10 mm respectively. It is evident from the results that there
is a clear distinction in the magnitude and phase of the probe between the
breast without tumor and the breast with tumor for all of the three loca-
tions. In the experiment, the locations of the tumors were selected to cover
the outer peripheral and the middle parts of the breast. Such experiment
proves the ability of the probe to detect tumors placed at different locations
of a breast having a hemispherical shape regardless of the location of the
tumor within the breast.

In all of the experiments performed thus far, we used metallic spheres
to represent a tumor inside a breast. This is due to the fact that our
main objective is to test the ability of the proposed probe to detect the
dielectric variation within the breast. To study the ability of the probe to
detect a realistic tumor which is not purely conductive, an experiment was
conducted using tumors made of an oil and gelatine mixture as shown in
Fig. 3.14. Such mixture is proven to yield dielectric properties similar to
that of a realistic tumor [96-99].

The experimental procedures used for the high conductivity sphere was
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repeated for the lossy dielectric spheres. We inserted a 9 mm high dielectric
sphere at the same three different locations inside the hemisphere breast
chicken. The probe response of the two testing without and with tumor
at the different locations are recorded at standoff distance of 5 mm and 10
mm. Then the probe response was analyzed using the PCA as shown in as
shown in Fig. 3.15. Fig. 3.15 (i) and Fig. 3.15 (ii) show the magnitude and
phase of S11 at distance off 5 mm and 10 mm respectively. Fig. 3.15 (a)
and Fig. 3.15 (b) show the magnitude and phase of Sy; at stand off 5 mm
respectively. Fig. 3.15 (¢) and Fig. 3.15 (d) show the magnitude and phase
of S1;1 at stand off 10 mm respectively.

In the last experiment, three different diameter sizes 9 mm, 13 mm and 17
mm of high conductive and high dielectric spheres were embedded inside the
chicken meat. Two different measurements were conducted using spheres
made of metal and the oil gelatine mixture. In both measurements, the
probe was placed at two standoff distances, 5 mm and 10 mm, away from
the phantom. The results are shown in Fig. 3.16 and Fig. 3.17 for both the
metallic based tumor and the oil-gelatine based tumor, respectively.

Fig. 3.16 (i) and Fig. 3.16 (ii) show the magnitude and phase of Sj; of
the three high conductivity sphere sizes at standoff of 5 mm and 10 mm
respectively. Fig. 3.16 (a) and Fig. 3.16 (b) show the magnitude and phase
of S11 at distance off 5 mm respectively. Fig. 3.16 (¢) and Fig. 3.16 (d)
show the magnitude and phase of S11 at distance off 10 mm respectively.
Fig. 3.17 (i) and Fig. 3.17 (ii) show the magnitude and phase of S1; of the
three high dielectric sphere sizes at standoff of 5 mm and 10 mm respectively.
Fig. 3.17 (a) and Fig. 3.17 (b) show the magnitude and phase of Sj; of the
three high dielectric tumor sizes at stand off 5 mm respectively. Fig. 3.17
(c) and Fig. 3.17 (d) show the magnitude and phase of Sj; at stand off 10
mm respectively. From the results, it is clear that the probe can detect
the metallic based tumor and the oil-gelatine based tumor with different
diameter sizes. From the results, it is clear that the probe can detect the
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metallic sphere and the oil-gelatine spheres with different diameter sizes.

Conclusion

In this chapter, an alternative microwave modality for breast tumor detec-
tion using a single electric probe for each of the two human female breasts
is presented . The sensing mechanism is simple and has the advantage
of providing portability and comfort for the user. Our numerical results
have demonstrated the ability of sensing a tumor that is as small as 9 mm
buried inside breast tissues. In addition, experimental results show the high
sensitivity of the probe which can detect the presence of a tumor inside a
chicken breast having inhomogeneous dielectric variations. The feature ex-
traction algorithm, the principle component analysis, was used to enhances
the changes in the scattering parameters of the probe which aid in distin-
guishing between a healthy and tumorous breast.

The sensing modality conceived here is sharply different from other microwaves-
based modalities that were based on reconstructing the dielectric properties
profile of the breast. The modality presented here is fundamentally based
on the complex interaction between the near-field of an electrically-small
probe and the highly heterogeneous human female breast. The overall de-
tection schemed is intended to provide women with regular initial stage
breast tumor screening that is portable and comfortable. In this work, the
feasibility of the concept was demonstrated by using human female breast
phantoms and experimentally using chicken and beef tissues. Future work
will focus on replacing the measurements’ devices with compact circuits to
ensure full portability.
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Figure 3.4: The probe response for normal breast tissue and breast tissue with different
tumor sizes of 9 mm, 13 mm and 17 mm using the PCA feature extraction method. (a)
the magnitude of Sj;, b) the magnitude of Sj; using PCA, c)the phase of Sj; and d) the
phase of Si; using PCA.
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Figure 3.5: Experiment setup: (a) The ultra-narrow band probe with chicken breast. (b)
The ultra-narrow band probe with two slice of meat.
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Figure 3.6: A schematic showing the experimental procedures. (a) Horizontal scan. (b)
Vertical scan.

40



Stand off = 5mm
() (b)
0, ! 4 ) : Tumor
— 04 3 5 Normal
e A 2 200°¢ ",
o e e O of 14 1 ;
"8 +©+ S84 Normal = ¢ 4 4
—_— ® S5 Normal =
A || w2 0@ 2
10f =g | Y 4
o] ¥ | . 34
160 180 200 220 -10 -5 0 S 10
Frequeny(MHz) 15t pC
(c) (d)
=l | @ Tumor 3‘
-40 st Norma 50 Normal
2 50 I 4, 24
e Torme | 2 2]
. il IS 315 181
100 e 04"
-120 =S5 Tlumor _50
160 180 200 220 -200 0 200
Frequeny(MHz) 1 st PC

Figure 3.7: Experiment results of a chicken breast with an without an embedded metallic
sphere of size 9 mm for all the horizontal scans (showing in Fig. 3.6(a)) and a stand-off
distance of 5 mm (showing in Fig. 3.6(b)). The response of the probe was extracted and
analyzed for (a) the magnitude of Sy, (b) the magnitude of Sy; using PCA, (c) the phase
of S11 and (d) the phase of Si; using PCA.
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Figure 3.8: Experiment results of a chicken breast with an without an embedded metallic
sphere of size 9 mm for all the horizontal scans (showing in Fig. 3.6(a)) and a stand-off
distance of 10 mm (showing in Fig. 3.6(b)). The response of the probe was extracted and
analyzed for (a) the magnitude of Sy1, (b) the magnitude of Sy; using PCA, (c) the phase

of S11 and (d) the phase of Si; using PCA.
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Figure 3.9: Experiment results of using three different sizes of metallic spheres of size 9
mm, 13 mm and 17 mm embedded in a the chicken breast using PCA with a stand-off
distance of 5 mm for (a) magnitude of S1; and (b) the phase of S;; and stand-off distance
of 10 mm for the (c) magnitude of S1; and (d) the phase of S1; using PCA.
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Figure 3.10: Experiment results of using three different sizes of metallic spheres of size 9
mm, 13 mm and 17 mm embedded in a slice of beef using PCA analyses with vertical
distances of 5 mm (for the a)magnitude of S;; and b)phase of Sj; and a vertical distance
of 10 mm (for the c¢)magnitude of Sj; and d)phase of Sy1).
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Figure 3.11: Experiment results of using three different sizes of metallic spheres of size
9 mm, 13 mm and 17 mm embedded in a mixture of a slice of beef and chicken
breast using PCA analyses with vertical distances of 5 mm (for the a)magnitude of S;; and
b)phase of Si; and a vertical distance of 10 mm (for the ¢)magnitude of S;; and d)phase
of Sll)-

45



Probe

Standoff
dlstance\j #
Skin .o P
L1 @
L3 L2

Sphere
Locations

Chicken
meat

Chicken meat

(a) (b)

Figure 3.12: Experiment setup: (a) The chicken meat placed on hemispherical shape
Styrofoam. (b) A schematic showing the inserted 9 mm sphere at three different location
inside the chicken meat.
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Figure 3.13: Experiment results of using a 9 mm metallic sphere embedded in a hemsi-
sphere chicken meat at three different locations using PCA analyses. a) magnitude of
S11 and b) phase of Sy; at distance off 5 mm respectively. ¢) magnitude of Sj; and d)
phase of S7; at distance off 10 mm respectixile%y.
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Figure 3.14: View of three different sizes of high conductive (metallic spheres) and high
dielectric spheres (oil gelatine mixture spheres).
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Figure 3.15: Experiment results of using a 9 mm high dielectric sphere embedded in a
hemisphere chicken meat at three different locations using PCA analyses. a) magni-
tude of Sy; and b) phase of Si; at distance off 5 mm respectively. ¢) magnitude of Sj; and
d) phase of Sj; at distance off 10 mm respectively.
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Figure 3.16: Experiment results of using three different sizes of high conductive spheres of
size 9 mm, 13 mm and 17 mm embedded in a hemisphere chicken breast using PCA
analyses. a) magnitude of S; and b) phase of Si; at distance off 5 mm respectively. c)
magnitude of Sj; and d) phase of S1; at distance off 10 mm respectively.
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Figure 3.17: Experiment results of using three different sizes of high dielectric spheres (oil
gelatine mixture spheres) of size 9 mm, 13 mm and 17 mm embedded in a hemisphere
chicken breast using PCA analyses. a) magnitude of Sj; and b) phase of Sy at distance
off 5 mm respectively. c¢) magnitude of Sj; and d) phase of Sj; at distance off 10 mm
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Chapter 4

Electrically Small Magnetic Probe
with PCA for Near-Field Microwave
Breast Tumors Detection

4.1 Introduction

In this chapter, an electrically small magnetic probe combined with principal
components analysis (PCA) technique for microwave breast cancer detection
is presented. The proposed magnetic probe is designed as an electrically
small square loop antenna integrated with a matching network operating
at 528 MHz. The concept of the proposed microwave detection is based
on the shift in the resonance frequency of the near-field magnetic probe
due to the presence of a tumor. The proposed magnetic probe is highly
sensitive in detecting any changes or abnormality in the dielectric properties
of the female breast tissues. Detecting the existence of the breast tumors
are expected by estimating the variations in the scattering parameters of
the probe’s response. The PCA is a feature extraction technique applied
to accentuate the variance in the sensor responses for both healthy and
tumorous cases. It is shown that when a numerical realistic breast phantom
with and without tumor cells is placed close to the magnetic probe in the
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near-field region, the probe is capable of distinguishing between healthy
and tumorous tissues. In addition, the probe can identify tumors with
various sizes placed in a specific location within the breast. As a proof of
concept, the magnetic probe was fabricated and used to detect a 9 mm
metallic sphere buried at three different locations inside a lump of chicken
meat, mimicking both normal and tumorous breast tissues, respectively.
The CST numerical simulations and experimental results demonstrate that
the presented technique is an emerging modality for detecting breast tumors
through an inexpensive and portable way.

In the previous chapter, an electric dipole was employed as a probe to
collect the electromagnetic signature with and without a tumor. Since ma-
lignant tumors possess a frequency-dependent conductivity that is higher
than the surrounding tissues, in this work we propose a magnetic probe so
that the electromagnetic response is accentuated as compared to an electric
dipole. This is attributed to the fact that the magnetic field produced by
the magnetic dipole is affected when placed in close proximity to a conduc-
tive material. Such effect is translated as a shift in the scattering parameter
of the magnetic probe as will be shown in the results section.

4.2 Probe design

The magnetic probe employed in this work consists of a square loop with
lumped capacitors placed at the middle of each arm as depicted in Fig. 4.1.
The main reason for loading the loop with the capacitors is to miniaturize
the loop such that it would resonate at lower frequencies. Such a row
operating frequency is required to ensure a reasonable penetration level
into the breast tissues. The loop was hosted on top of a RO4003C Rogers
material with a dielectric constant of €, = 3.38 and a thickness of 1.54 mm.
Each arm of the loop has a length of L = 30 mm and width of w = 30
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mm. The values of the lumped capacitors are C, = Cy = 8.2 pF, C3 = 5.7
pF, Cy = 2 pF, and C5; = 160 nF. The capacitors Cy and Cj play a major
role in matching the loop with a 50 €2 feeding line at the desired resonance
frequency of 528 MHz which lies within the medical band. The loop is then
simulated using CST Microwave Studio [60]. The probe simulation response
was obtained as shown in Fig. 4.2(a).

(a) (b)
3.18mm

—} {—.m.
T C3

30mm ¥ C,L—~\C2'm m

Matching Substrate
network

Figure 4.1: The proposed electrically small probe showing in (a) schematics and (b) fabri-
cated. In both sub-figures, the probe consists of a loop antenna with five capacitors used
as matching network.

The fabricated prototype of the proposed probe is shown in Fig. 4.1(b).
The five capacitors were soldered accordingly, and a coaxial cable was placed
across the feed of the loop probe. The simulated and measured reflection
coefficients of the probe are depicted in Fig. 4.2(b). It is obvious from the
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obtained results that the resonance frequency of both the simulated and
measured responses is 528 MHz. However, the measured Si; bandwidth is
much wider than the simulated one due to the losses of the lumped elements
which were not accounted for in the simulation.

===: Simulation
== EXxperiment

-20

500 520 540 560
Frequeny (MHz)

Figure 4.2: The simulated and measured reflection coefficients of the probe.
To investigate the capabilities of the proposed magnetic probe for detect-

ing breast tumor cells, the proposed probe was tested with a realistic female
breast through numerical simulations. In this chapter, the heterogeneously
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dense breast phantom model of the ID: 062204 ACR classification: Class
No. 3 is used.

First, the developed probe is placed at a stand-off distance of 5 mm from
the healthy breast phantom as shown in Fig. 4.3(a). The probe’s response
was then recorded. Next, a 9 mm tumor was placed at three different
locations inside the healthy breast as shown in Fig. 4.3(b). The dielectric
properties of inserted tumor were obtained from tumor surgery as presented
in [70]. The three locations namely L1, L2 and L3 are labeled according to
the distance between the tumor and the probe where L1 is the closest from
the probe, L2 deeper than the first location L1 and L3 is the farthest to the
probe. The probe response was then recorded for the other breast with the
embedded tumor. The probe response data that contain the magnitude and
phase are then analyzed with and without the tumor to determine whether
or not the breast is infected with a tumor.

Next, PCA as a feature extraction method [96,97,100] is employed to
emphasize the variation of the probe responses of both normal and tumors
cases by extracting important data from the magnitude and phase of the
probe’s response datasets. These datasets are then represented as orthog-
onal vectors called principal components [96,97,100]. In large datasets,
the Principal Component Analysis (PCA) is used to reduce the dimen-
sionality by implementing a vector space transform [97,100]. The PCA
task is to abstract the important information from the data set and to ex-
press this information as a set of new- orthogonal variables called principal
components [100]. In Mathematical terms, eigen-decomposition of positive
semi-definite matrices and the singular value decomposition of rectangular
matrices are used for finding the principal components [97]. Thus, via math-
ematical projection, high dimensional original datasets can be reduced to
small number of variables without losing much of the original information
to analyze trends, patterns and outliers [100].

In the proposed microwave detection technique, the reflection coefficient
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Tumor

Proposed
Probe

Figure 4.3: Numerical simulation set-up: (a) Magnetic probe at a stand-off distance of
5 mm away from the 3-D normal breast phantom model. (b) The inserted tumor in the
breast model.

of the proposed magnetic probe which contains the magnitude and phase
features are extracted. Here, the feature vectors prior to applying the PCA
analysis method are the magnitude and phase of scattering parameters (S11)
of the probe. Each discrete value of the reflection coefficient changes with
the frequency response. The magnitude and phase of the scattering param-

57



eters of the probe were recorded at 201 different frequencies spanning the
range 490 to 560 MHz. The first feature datasets, magnitude, is defined by
the first and second column which contains the frequency and magnitude
points, respectively. The second feature datasets, phase, is defined by the
first and third column which includes the frequency and phase points, re-
spectively. The data was then entered into the PCA analysis method code
to indicate the existence of a tumor inside a breast phantom. Moreover,
PCA is used to emphasize or explore the difference between the measured
probe responses datasets of both cases (i.e., with and without tumor). Once
the probe scattering parameters of the two examinations of the breast phan-
tom are registered , the probe response was extracted and analyzed with
and without PCA as shown in Fig. 4.4. The results of Fig. 4.4(a) show the
magnitude of Sj; and Fig. 4.4(b) show the magnitude of Sj; using PCA .
Fig. 4.4(c) shows the phase of Sj; and Fig. 4.4(d) shows the phase of Sy
using PCA. It is evident from the results that the difference in magnitude
and phase of the reflection coefficient of the probe between the normal and
tumourous case is greater for tumor locations that are closer to the probe.

Then the numerical simulations were extended for detecting three dif-
ferent sizes of tumors placed at a single location. Three different sizes of
breast tumors with diameters of 9 mm, 13 mm, and 17 mm are embed-
ded inside the breast phantom to see the capability of the proposed probe
for detecting different sizes of the breast tumors as shown in Fig. 4.3(b).
The results are shown in Fig. 4.5 for the three different tumor sizes. For
all tumor sizes, the probe was capable of detecting the presence of tumor
tissues. Obviously from the results, larger tumor sizes are easier to detect,
where the shift in the frequency response of both magnitude and phase is
noticeable compared with normal case.
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Figure 4.4: Simulation results of the probe magnitude and phase responses for breast
phantom model with and without a 9 mm tumor at three different positions. (a) The Sy
magnitude, (b) the Sj; magnitude using PCA, (c) the S;; phase and (d) the Sj; phase
using PCA.
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Figure 4.5: Simulation results of the probe response for detecting three different sizes of
breast tumors including: 17 mm, 13 mm and 9 mm inserted at the same location inside
the healthy breast phantom. (a) Sj; magnitude, (b) S;; magnitude using PCA, (c) Si;
phase and (d) S1; phase using PCA.
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4.3 Experimental Validation

Several experiments were conducted to validated the obtained simulated
results. In the experiments, a lump of chicken meat and metallic spheres
were used to mimic a breast phantom and a breast tumor respectively. The
chicken meat was placed at a stand-off distance of 5 mm from the fabricated
magnetic probe. All the measurement setup was enclosed in a styrofoam as
shown in Fig. 4.6.

In the experiment, the same test procedure that was done in the simula-
tion for various tumor locations and sizes is repeated. The obtained results
are summarized in Fig. 4.7 and Fig. 4.8. Consistent conclusions were ob-
tained from the experiments as compared to the simulations in terms of the
sensitivity of the probe to different tumor locations and sizes.

Sensor ~o,
~ Skin
Stand off ~
" 4
Chicken
Meat etallic
Sphere

Figure 4.6: Experiment Procedures: (a) The proposed magnetic probe at a stand-off dis-
tance of 5 mm from the chicken meat. (b) A schematic illustrating the experimental setup
when inserting a 9 mm metallic sphere at three different positions inside the chicken meat.

For all sizes of the tumor, the probe was capable of detecting the pres-
ence of tumor tissues as depicted in Fig. 4.8 . Obviously, and from the
experimental results, larger tumor sizes are easier to detect. It is evidenced
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Figure 4.7: Experiment results showing the probe responses for detecting a 9 mm metallic
sphere inserted at three different locations inside the chicken meat. (a) The magnitude of
S11, (b) the magnitude of Sj; using PCA, (c) the phase of Sj; and (d) the phase of Sy

using PCA.
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Figure 4.8: Experimental results showing the probe response for detecting three different
sizes of metallic spheres of size 9 mm, 13 mm and 17 mm inserted at the same location
inside the chicken meat. (a) Sj; magnitude, (b) Si; magnitude using PCA, (c) Si; phase
and (d) Sy; phase using PCA.
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that as the tumor size increases, the classification using the PCA between
the healthy and infected (with different tumor sizes) chicken meat is distin-
guishable.

4.4 Conclusion

In this chapter, a new microwave detection technique for human female
breast tumor using an electrically small single loop magnetic probe is intro-
duced. The sensing scheme has the advantages of providing non-ionizing,
inexpensive and easy to use method of detection. The detection modality
introduced here is used to classify between the healthy and tumorous breast
based on the interaction between the microwave signal of a magnetic-small
loop probe and the dielectric properties of the breast tissues of the human
female breast. The sensing concept was validated through numerical and
experimental tests by detecting tumors placed at different locations and var-
ious sizes. The simulation results show the capability of detecting a 9 mm
breast tumor embedded in three different locations inside a female realistic
breast phantom. The experimental results demonstrated that the proposed
probe has higher sensitivity for detecting the presence of a tumor in thee
different locations inside a slice of chicken meat having inhomogeneous di-
electric variations. The feature extraction method, PCA, was employed to
emphasize and enhance the variation in the probe’s response which identity
between a normal and tumorous female breast.
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Chapter 5

Near-field Microwave Dipole Array
Sensor for Breast Tumor Detection

5.1 Introduction

In this chapter, electrically small four dipole antenna arrays excited by a
single port proposed as a microwave sensor for near-field microwave breast
tumor detection is presented. Using of antenna array enlarges the sensitivity
area as compared to a single element resulting in better detection of tumors
located deeply inside breast tissues. The dipole array sensor comprises 4-
element identical dipole antenna array fed with a single port. The simulation
and experimental results show that the array sensors has a high sensitivity
for detecting a breast tumor inserted at different locations and with various
sizes.

The advantage of the proposed sensors as compared to previously intro-
duced sensors is that the proposed array sensor is fed by a single-feed point.
When compared to multiple-feed points sensors, using a single feeding port
sensor array allows for great reduction in the computational cost and com-
plexity that are caused by processing the data from multiple feeding points.
In addition, using an array of elements as compared to a single element en-
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larges the sensitivity area of the sensor which results in covering the whole
breast and therefore eliminating the use of mechanical motors to move the
sensor all over the breast. Therefore, the sensitivity of the proposed array
sensor is based on the aggregate effect of all elements to form one single but
highly sensitive sensor.A summary of the advantages of the proposed sensor
for detecting breast tumors compared to the current sensors that are used
for MI techniques is presented in Table 5.1.

5.2 Sensor design and simulation

The near-field sensor array is comprised of 1x4 electrically small printed
dipoles antenna array with identical dimensions and substrate material of
overall length L is 123 mm and trace width of W is 30 mm where as the
length of each electrically small dipole Id is 30 mm and width wd is 3 mm
which hosted on a substrate Rogers material (RO4003C) with a thickness of
1.52 mm and dielectric constant of €,=3.38 as shown Fig. 5.1. Each dipole
is fed through a gap of length g = 1 mm using two vias connected to each
arm of the dipole. The two vias penetrate the substrate to connect the
loop to a feeding network printed on the bottom face of the substrate. The
sensor array is excited by a single port placed on the substrate’s bottom face
which shares the common ground placed on the top face with dimensions
of lg = 40 mm and Wg = 17 mm, as shown in Fig. 5.1(a). A corporate feed
network using uniform impedance microstrip lines is designed to distribute
the signal to all resonating loop elements as shown in Fig. 5.1(b). The
CST [60] optimization tool was used to optimize the width and length of
the feed lines so that the sensor array operates at the desired resonance
frequency of 1130 MHz. The proposed sensor was fabricated as shown in
Fig. 5.1. The measured and simulated reflection coefficients of the proposed
sensor array are shown in Fig. 5.2. Strong agreement is observed between
the simulation and measurements.
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Table 5.1: A qualitative summary of the advantages of the proposed sensor for detecting
breast tumors compared to the current sensors that are used in MI techniques.

Feature Proposed Current sensors
Sensors that used for
MI technology [2,10,44,101]
Operation Low frequency High frequency
Frequency | high penetration low penetration
Bandwidth Narrow band Wide band
Number Multiple sensor Multiple sensor
of elements with one fed with multiple fed
Simplicity Simple setup Complex setup
simple processing complicated processing
for detecting for reconstructing
tumors an image of tumors
Immersion No need need immersion
medium mediums(oil)
Cost Affordable Costly
Comfort Comfortable Might produce
and easy to use discomfort to patients
Potability Portable Most of MI
Portable systems are fixed

To see the capability of the proposed array sensor for detecting breast
tumor cells, the proposed sensor was simulated with the heterogeneously
dense breast phantom model of the ID: 062204 ACR classification: Class
No 3 which introduced in chapter2 using CST.
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Figure 5.1: The proposed dipole array sensor. (a) Top view shows the loop antenna array
elements. (b) Bottom view shows the corporate feed network of the proposed sensor arrays.
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Figure 5.2: The reflection coefficient of the array sensor obtained through (a) simulation
and (b) measurement.

First, the proposed sensor array is placed at stand-off distance of 5 mm
away from the healthy breast phantom as shown in Fig. 5.3(a). The probe’s
response was then recorded which included the magnitude and phase of the
scattering parameters at the feed point of the array. Next, a tumor of a
spherical shape with a diameter of 10 mm was placed at four different loca-
tions inside the healthy breast as shown in Fig. 5.4. The dielectric properties
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of the inserted tumor was obtained from tumor surgery as presented in [70].
The four locations namely L1, L2, L3, and L4 are labeled according to the
distance between the tumor and the sensor where L1 is the nearest location
to the center of the sensor, L2 is located at the side of the sensor further
away than the first location L1, and L4 is the farthest to the sensor. The
sensor response was then recorded for the other breast with the embedded
tumor. The data of the sensor response which contains both magnitude and
phase is then analysed with and without the tumor to decide whether or
not a tumor is present.

Tumor

Sensor :

(2) (b)

Figure 5.3: Simulation setup: (a) The proposed array dipole sensor at a stand-off distance
of 5 mm from 3D normal realistic numerical breast phantom model, and (b) The inserted
tumor in the normal numerical breast phantom model.

Once the sensor response of the two examinations, with and without the
inserted tumor, at different locations is recorded, the sensor response was
extracted and analyzed as shown in Fig. 5.5 and Fig. 5.6. The results of
Fig. 5.5 shows the magnitude of Si1, and Fig. 5.6 shows the phase of S1;. It
is evident from the results that the difference in magnitude and phase of the
reflection coefficient of the array sensor between the normal and tumourous
case is greater for tumor locations that are close to the sensor.

For more validation of the proposed sensor array, the simulation was
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Figure 5.4: Simulation setup of three different tumor locations inside the breast phantom
model. The tumor is located at random positions in the breast tissue with size of 10 mm.
(a) Tumor located at L1 (x = 130 mm, y = 40 mm, z = 140 mm). (b) Tumor located at
L2 (x = 150 mm, y = 60 mm, z = 140 mm). (c¢) Tumor located at L3 (x = 140 mm, y =
90 mm, z = 140 mm). (d) Tumor located at L4 (x = 150 mm, y = 90 mm, z = 140 mm) .

extended for detecting three different sizes of tumors at a single location.
Four different sizes of breast tumors with diameter sizes, namely: 7 mm,
10 mm, 13 mm and 16 mm, are embedded inside the breast phantom to
study the capability of the proposed sensor for detecting different sizes of
the breast tumors as shown in Fig. 5.3(b). The results are shown in Fig. 5.7
and Fig. 5.8 for the four different tumor sizes. In all the tumor sizes, the
probe was capable of detecting the presence of tumor tissues. Obviously
from the results, larger tumor sizes are easier to detect, where the shift in

the frequency response of both magnitude and phase is noticeable compared
with normal case.
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Figure 5.5: Simulation results of the sensor array, magnitude response for the breast phan-
tom model with and without a 10 mm tumor at four different locations.
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Figure 5.6: Simulation results of the sensor array, phase response for the breast phantom
model with and without a 10 mm tumor at four different locations.

5.3 Experimental Study

An experiment was performed to test the proposed sensor in an environ-
ment that resembles female breast tissues. The fabricated sensor was used
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Figure 5.7: Simulation results of the magnitude of reflection coefficient response Si; in dB
for detecting four different sizes of breast tumors including: 7 mm,10 mm, 13 mm and 16
mm inserted at a fixed location inside the healthy breast phantom.
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Figure 5.8: Simulation results of the phase of reflection coefficient response Si; in degree

for detecting four different sizes of breast tumors including: 7 mm,10 mm, 13 mm and 16
mm inserted at a fixed location inside the healthy breast phantom.

to validate the concept experimentally. The measurement setup used in the
experiment consists of the sensor, a Victor Network Analyzer (VNA), metal-
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lic spheres and tumors made of an oil and gelatine mixture with different
diameter sizes (mimicking tumors) and chicken meat as shown in Fig. 5.9
and Fig. 5.10 respectively.

In the experiment, the same test procedure that was employed in the
simulation for various tumor locations and sizes is repeated. First, the
sensor was tested with the chicken meat which is considered as the normal
case of the breast phantom. Second, we placed a 13 mm tumor inside the
chicken meat at four different locations which represent the breast phantom
with inserted tumors as shown in Fig. 5.11 . The main objective of inserting
the 13 mm tumor at four different locations inside the chicken meat is to
analyse the capability or the sensitivity of the array sensor for detecting
breast tumor at different locations even though the tumor is not facing the
area of the sensor. In addition, we can avoid the scan of multiple location
for detection the tumor.

Sensor

Figure 5.9: Measurement setup showing the proposed sensor with a chicken meat.

The experimental results of the sensor magnitude and phase response
when using a tumor sphere (high dielectric spheres ) of size 13 mm inserted
in a chicken meat at four different locations are summarized in Fig. 5.12
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Figure 5.10: View of four different sizes of high conductive (metallic spheres) and high
dielectric spheres (0il gelatine mixture spheres).
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Figure 5.11: Measurement setup showing the process of allocating the tumor of radius 6.5
mm at various locations within the chicken meat.
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and Fig. 5.13 respectively. Fig. 5.14 and Fig. 5.15 show the results of the
sensor magnitude and phase response when using a metallic sphere (high
conductive sphere) of size 13 mm at four different locations.

It is depicted that the sensitivity of the sensor for detecting the sphere
at location (L1) where the sphere is located at the center of the sensor is
higher than the other locations where the tumor is located off center or
the area from the sensors. In addition, the sensor has higher sensitivity
for detecting the high dielectric spheres (tumors) than the high conductive
metallic spheres.
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Figure 5.12: Experimental results of the sensor magnitude response when using a tumor
of size 13 mm inserted in a chicken meat at four different locations.

Another experiment was performed to test the ability of the proposed
sensor to detect various tumor sizes as shown in Fig. 5.10. In the exper-
iment, the metallic spheres and tumors with various radii as indicated in
the simulation were inserted inside the chicken meat. Here, the tumors and
spheres where located in the same place one at a time. The response of the
sensor was recorded for each case and compared to the original case hav-
ing only chicken meat with no tumor. The magnitude and phase responses
of different sizes tumors were analyzed and plotted as shown in Fig. 5.16
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Figure 5.13: Experimental results of the sensor phase response when using a tumor of size
13 mm inserted in a chicken meat at four different locations.
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Figure 5.14: Experimental results of the sensor magnitude response when using a metallic
sphere of size 13 mm inserted in a chicken meat at four different locations.

and Fig. 5.17. Fig. 5.18 and Fig. 5.19 shows the results of magnitude and
phase responses of of different sizes metallic spheres. From the results, we
can clearly see that as the tumor size increases, a higher frequency shift is
experienced in both the magnitude and phase of the reflection coefficient.
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Figure 5.15: Experimental results of the sensor phase response when using a metallic sphere
of size 13 mm inserted in a chicken meat at four different locations.
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Figure 5.16: Experiment results of the magnitude of reflection coefficient response Si; in
dB for detecting four different sizes of breast tumors including: 7 mm,10 mm, 13 mm and
16 mm inserted at a fixed location inside the chicken meat phantom.
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Figure 5.17: Experiment results of the phase of reflection coefficient response S;; in dB for
detecting four different sizes of breast tumors including: 7 mm,10 mm, 13 mm and 16 mm
inserted at a fixed location inside the chicken meat phantom.
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Figure 5.18: Experiment results of the magnitude of reflection coefficient response Si; in
dB for detecting four different sizes of metallic spheres including: 7 mm,10 mm, 13 mm
and 16 mm inserted at a fixed location inside the chicken meat phantom.

5.4 Conclusion

A near-field dipole array sensor was introduced for detecting breast tumors.
Numerical and experimental tests were used to validate the proposed detec-
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Figure 5.19: Experiment results of the phase of reflection coefficient response S;; in dB for
detecting four different sizes of metallic spheres including: 7 mm,10 mm, 13 mm and 16
mm inserted at a fixed location inside the chicken meat phantom.

tion methodology. This was achieved by testing the proposed sensor with
a breast phantom having tumors placed at four different locations and of
various sizes. Measurements were carried out on chicken meat. The results
showed a high sensitivity of the proposed sensor which can indicate the ex-
istence of an anomaly, that resembles a tumor, inside chicken meat having
inhomogeneous material composition.
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Chapter 6

Near-field Microwave Loop Array
Sensor for Breast Tumor Detection

6.1 Introduction

This chapter presents a novel sensor based on loop antenna arrays excited by
a single port, that is to be used for near-field microwave breast tumor detec-
tion. The proposed sensor comprises 4-element identical loop antenna array
fed with a single port, that is to be utilized for improving the sensitivity area
as compared to a single loop sensor resulting in better detection of tumors
located deeply inside breast tissues. Numerical simulations have been con-
ducted using a numerical breast model with and without tumor cells placed
in the near-field of the sensor. The sensor is capable of detecting a breast
tumor inserted at five different locations and with various sizes. An exper-
imental validation was conducted using a glass box filled with vegetable oil
and metallic spheres that resembles healthy and tumourous breast tissues,
respectively. The simulation and experimental results show that the array
sensor has a high sensitivity for detecting a metallic sphere placed at five
different locations inside a dielectric medium as well as detecting variable
sizes of the metallic spheres.
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6.2 Sensor design and simulation

The near-field sensor array comprises of 1x4 loop antenna array with iden-
tical dimensions and substrate material having an overall length of L = 125
mm and width of W = 51 mm. Each element has a side length of 1d = 30
mm and the array was hosted on a substrate of Rogers material (RO4003C)
with a thickness of 1.52 mm and a relative permittivity of ¢,=3.38 as shown
Fig. 6.1. Each small loop is fed through a gap of length g = 1 mm using
two vias connected to each arm of the loop. The two vias penetrate the
substrate to connect the loop to a feeding network printed on the bottom
face of the substrate. The sensor array is excited by a single port placed
on the substrate’s bottom face which shares the common ground placed on
the top face with dimensions of Lg = 40 mm and wg = 17 mm, as shown in
Fig. 6.1(a). A corporate feed network using uniform impedance microstrip
lines was designed to distribute the signal to all resonating loop elements as
shown in Fig. 6.1 (b). The CST [60] optimization tool was used to optimize
the width and length of the feed lines so that the sensor array operates at
the desired resonance frequency of 1.108 GHz.

The proposed sensor was fabricated as shown in Fig. 6.1(b). The mea-
sured and simulated reflection coefficients of the proposed sensor array are
shown in Fig. 6.2. Strong agreement is observed between the simulation
and measurements.

To see the ability of the proposed sensor for detecting breast tumor cells,

the proposed sensor was simulated with the Heterogeneously Dense Breast
phantom model of the ID: 012204” ACR classification: Class 2 in CST.

First, the proposed sensor array is placed at stand-off distance of 5 mm
away from the healthy breast phantom as shown in Fig. 6.3(a). The probe’s
response was then recorded which included the magnitude and phase of
the scattering parameters at the feed point of the array. Next, a tumor
of a spherical shape with a diameter of 7 mm was placed at five different
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Figure 6.1: The proposed loop array sensor. (a) Top view shows the loop antenna array
elements. (b) Bottom view shows the corporate feed network of the proposed sensor arrays.

locations inside the healthy breast as shown in Fig. 6.3(b). The five locations
namely L1, L2, L3, L4 and L5 are labeled according to the distance between
the tumor and the sensor where L1 is the nearest location to the center of
the sensor, L2 is located at the side of the sensor further away than the
first location L1, and L5 is the farthest to the sensor. The sensor response
was then recorded for the other breast with the embedded tumor. The data
of the sensor response which contains both magnitude and phase is then
analysed with and without the tumor to decide whether or not a tumor is
present.

Once the sensor response of the two examinations, with and without the
inserted tumor, at different locations is recorded, the sensor response was
extracted and analyzed as shown in Fig. 6.4 and Fig. 6.5. The results of
Fig. 6.5 shows the magnitude of S, and Fig. 6.5 shows the phase of Si;.
It is evident from the results that the difference in magnitude and phase of
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Figure 6.2: The reflection coefficient of the array sensor obtained through simulation and
measurement.

the reflection coefficient of the probe between the normal and tumourous
case is greater for tumor locations that are close to the sensor.

ADecision = S11Right — Siileft (6.1)

The sensitivity of the sensor is based on the value of the A Decision
given in equation 6.1. If the value of A Decision is high, this indicates a
high differences in the sensor response of both normal breast and breast
with inserted tumor. The results show that the A Decision is higher when
using the phase of S1; as compared with A Decision of the magnitude of

For more validation of the proposed sensor array, the simulation was
extended for detecting three different sizes of tumors at a single location.
Three different sizes of breast tumors with diameter sizes, namely: 7 mm,
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Figure 6.3: Simulation setup: (a) The proposed array loop sensor at a stand-off distance
of 5 mm from 3D normal realistic numerical breast phantom model in CST, and (b) The
inserted tumor in the normal numerical breast phantom model.

15 mm, and 20 mm, are embedded inside the breast phantom to study the
capability of the proposed probe for detecting different sizes of the breast
tumors as shown in Fig. 6.3(b). The results of the magnitude and phase
of reflection coefficient response are shown in Fig. 6.6 and Fig. 6.7 for the
three different tumor sizes respectively. In all the tumor sizes, the probe
was capable of detecting the presence of tumor tissues. Obviously from
the results, larger tumor sizes are easier to detect, where the shift in the
frequency response of both magnitude and phase is noticeable compared
with normal case.

Since a breast tumor has a higher conductivity and permittivity as com-
pared with its surrounding healthy tissues, a higher electric field intensity is
observed in the proximity of the breast tumor in comparison with the sur-
rounding normal tissues. Fig. 6.8 (a) and Fig. 6.8 (b) show the distribution
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Figure 6.4: Simulation results of the magnitude of the sensor’s reflection coefficient response
for the breast phantom model with and without a 7 mm tumor at five different locations.

of the electric field inside a normal breast phantom and a breast phantom
with a 15 mm tumor, respectively.

6.3 Experimental Validation

An experiment was conducted to further validate the obtained simulated
results based on the numerical breast phantoms. In the experiment, a glass
box filled with vegetable oil [102]- [103] and a metallic sphere were used to
mimic a normal and tumourous breast phantom, respectively. The fabri-

cated sensor was placed at a distance of 5 mm away from the class box as
shown in Fig. 6.9 (a).

In the experiment, the same test procedure that was employed in the
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Figure 6.5: Simulation results of the phase of the sensor’s reflection coefficient response for
the breast phantom model with and without a 7 mm tumor at five different locations.

simulation for various tumor locations and sizes is repeated. First, the
sensor was tested with the glass box filled with vegetable oil which is con-
sidered as the normal case [102] of the breast phantom. Second, we placed
a 7 mm metallic sphere inside the glass box at five different locations which
represent the breast phantom with inserted tumors as shown in Fig. 6.9 (b).

The objective of inserting the 7 mm metallic sphere at five different
locations inside the glass box is to analyse the capability or the sensitivity
of the array sensor for detecting breast tumor at different locations even
though the tumor is not facing the area of the sensor. The obtained results
of the magnitude and phase of reflection coefficient response for different
sphere locations are summarized in Fig. 6.10 and Fig. 6.11 respectively.

It is depicted that the sensitivity of the sensor for detecting the sphere
at location (L1) where the sphere is located at the center of the sensor
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Figure 6.6: Simulation results of the magnitude of reflection coefficient response S7; in dB
for detecting three different sizes of breast tumors including: 7 mm, 15 mm and 20 mm
inserted at a fixed location inside the healthy breast phantom.

is higher than the other locations where the tumor is located off center
from the sensors prospective. It is also noticeable that at location L1, the
separation in the sensor’s response between the normal and the tumorous
case increases, indicating a more pronounced detection as translated by a
larger frequency shift. Moreover, the separation in the sensor’s response
between the cases with and without the sphere is more pronounced for both
the magnitude and phase of the Si; of the array sensor.

The experiment was extended to detecting three different sizes of metal-
lic spheres including 7 mm, 15 mm and 20 mm, placed at the center location
(L1), one at a time to investigate the sensitivity of the sensor when detect-
ing different sizes of tumors with a standoff distance of 5 mm and 10 mm.
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Figure 6.7: Simulation results of the phase of reflection coefficient response Si; in degrees
for detecting three different sizes of breast tumors including: 7 mm, 15 mm and 20 mm
inserted at a fixed location inside the healthy breast phantom.
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Figure 6.8: Simulation results of the electric field distribution: (a) Normal breast phantom
model, and (b) Breast phantom model with an inserted 15 mm tumor.
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Figure 6.9: Experiment setup: (a) The fabricated loop array sensor at stand-off distance of
5 mm from the glass box filled with vegetable oil, and (b) A photo showing the experimental
procedures of a 7 mm metallic sphere placed at five different locations inside the class box.

Fig. 6.12 and Fig. 6.13 show the experimental results of the sensor magni-
tude and phase response for standoff distance of 5 mm respectively. Fig. 6.14
and Fig. 6.15 show the experimental results of the sensor magnitude and
phase response for standoff distance of 10 mm respectively.

The results show that the sensitivity of the sensor for detecting large
sphere (20 mm) is higher than the smaller sizes. Consistent conclusion was
obtained in the experiment as compared to the simulations in terms of the
sensitivity of the sensor to different tumor sizes. For all the tumor sizes, the
sensor was capable of detecting the presence of tumorous tissues. Obviously
from the results, larger tumor sizes are easier to detect. In addition, as the
tumor size increases, the difference in the sensor’s response between the
normal and tumorous cases increases. It is evident from the results that
there is a clear distinction in the magnitude and phase of the sensor between
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Figure 6.10: Experimental results of the sensor magnitude response (S1; in dB) when
using a metallic sphere of size 7 mm inserted in a glass box filled with vegetable oil at five
different locations.

the normal case of the glass box filled with vegetable oil without the metallic
spheres and the cases of inserted three different sizes of metallic spheres,
one at a time, for both standoff distance of 5 mm and 10 mm. However,
the sensitivity of the sensor for detecting different sizes spheres at standoff
distance of 5 mm is higher than the sensitivity of the sensor at standoff
distance of 10 mm.

6.4 Conclusion

In this work, we introduced a new array sensor for detecting human female
breast tumors using a microwave near-field technique. The array sensor
has the advantages of detecting breast tumors at different locations with
different sizes inside the breast phantom. The sensitivity of the sensor for
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Figure 6.11: Experimental results of the sensor phase response (S1; in degree) when using a
metallic sphere of size 7 mm inserted in a glass box filled with vegetable oil at five different
locations.

detecting the breast tumors is enhanced when using multiple sensor elements
which results in increasing the coverage area of the sensor.

The array sensor concept is validated through numerical and experimen-
tal tests by detecting tumors placed at different locations with various sizes.
From the obtained results, it can be concluded that the sensor is capable
of detecting tumors of diameter size as small as 7 mm placed inside female
realistic breast tissues. In addition, experimental results demonstrate the
high sensitivity of the sensor through detecting the presence of a tumor
inside a glass box filled with vegetable oil. The shift in the sensor response
of both magnitude and phase of the reflection coefficients was successfully
employed to distinguish between a healthy and tumorous female breast.
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Figure 6.12: Experimental results of the sensor magnitude response (S1; in dB)when using
three different sizes of metallic spheres (7 mm, 15 mm and 20 mm) embedded at a single
location inside a glass box filled with vegetable oil at stand off distance of 5 mm.
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Figure 6.13: Experimental results of the sensor phase response (51, in degree) when using
three different sizes of metallic spheres (7 mm, 15 mm and 20 mm) embedded at a single
location inside a glass box filled with vegetable oil at stand off distance of 5 mm.
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Figure 6.14: Experimental results of the sensor magnitude response (S1; in dB)when using
three different sizes of metallic spheres (7 mm, 15 mm and 20 mm) embedded at a single
location inside a glass box filled with vegetable oil at stand off distance of 10 mm.
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Figure 6.15: Experimental results of the sensor phase response (S;; in degree) when using
three different sizes of metallic spheres (7 mm, 15 mm and 20 mm) embedded at a single
location inside a glass box filled with vegetable oil at stand off distance of 10 mm.
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Chapter 7

Near-field Metasurface Sensor for
Breast Tumor Detection

7.1 Introduction

A breast cancer detection modality is introduced whereby a near-field ar-
ray sensor operating in the microwave regime is used statically to identify
the presence of a breast tumor. In a departure from conventional near-field
sensors, the sensor is a metasurface comprising an array of 8 x8 electrically-
small resonating elements. The elements of the metasurface are designed
to respond to both electric and magnetic fields. This enables the meta-
surface to emphasize seemingly small changes in the composition of the
electric and magnetic fields in its environment, thus leading to a higher
overall sensor sensitivity. Furthermore, unlike previous near-field probes,
the overall metasurface sensor is not electrically small, which means that it
provides a larger sensing surface while maintaining the effectiveness of near-
field probes in the sense of detecting material changes in the near proximity
of the sensor. Numerical simulations and experiments show that the pro-
posed metasurface has higher sensitivity than previously proposed probes
for breast cancer detection
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7.2 Metasurfaces and its Potential for Sensing

Metamaterials are artificial materials which have the electromagnetic prop-
erties that show a highly sensitive response to the dielectric media [104,105].
Metasurfaces (MSs) are two-dimensional (2D) metamaterial planar surfaces
that consisting of few layers with sub-wavelength thickness and provide ex-
cellent abilities for achieving a control over the amplitude, phase, and po-
larization of electromagnetic wave [106]. Scientists use the metamaterials
to develop microwave sensors that have a great interest in many biomedical
application, such as cancer detection field [104].

In [107-109] and practically all sensors used in previous works for either
material detection or characterization in general, different types of antennas
used as microwave sensors were employed for transmitting and receiving
such as dipoles or loops, or possibly resonating antennas [2,110-114]. The
main objective of those sensors for microwave breast tumor detection was
to sending and receiving microwave signals through and from the female
human breast. Since breast tumors can develop at different locations inside
the breast, microwave sensors need to couple appreciable energy to the entire
breast volume. Some studies used multiple sensors array with multiple feeds
to enhance the sensitivity of the microwave detection systems [110]— [114].
Most of the microwave systems that were used for microwave breast cancer
detection have some limitations such as complexity, high cost, the use of
matching liquid and complex coding for image processing [47]— [116].

In chapter 4 , a single magnetic dipole consisting of a loop with four
symmetrical gaps was proposed for breast tumor detection [108]. The idea
behind the use of a magnetic dipole, which emits a magnetic field with much
higher amplitude than that of an electric field, is that a tumor not only has
higher dielectric properties than the surrounding healthy tissues but also has
higher conductivity. Such high conductivity contrast is expected to be more
sensitive to a magnetic dipole when placed in its close proximity. However,
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the loop needs to be scanned across the breast volume since the size of
the sensitive part of the loop (i.e., the gaps of the loop) is much smaller
than the breast volume. To increase the sensitivity area of the probe, a
four-loop linear array fed by a single port was introduced in chapter 6.
This array sensor improved the sensitivity of detecting a breast tumor in
different locations within the breast; however the sensitivity of the sensor
for detecting a tumor located off center or out of the covered area of the
sensor is less than that of the sensitivity of the sensor when detecting a
tumor placed at the center or under the covered area of the sensor [109].

In this chapter, we propose a metasurface sensor for detecting sub-surface
anomalies but specifically to detect benign and cancerous tumors in hu-
man female breast tissues. The metasurface consists of an array of 8x8
electrically-small (subwavelength scale) elements. Each element consists of
a dipole and a loop producing electric and magnetic fields, thus enhancing
the sensitivity of the probe to changes in both the dielectric and magnetic
properties of the sensed medium. The array nature of the sensor provides
the ability to sense a larger area than previously introduced probes.

7.3 Array Sensor Design Methodology

The single unit cell of the proposed metasurface sensor consists of a loop
with an embedded dipole in the middle, a dielectric substrate backed by
a reflector and a port connecting the top and bottom layers through a
via as shown in Fig. 7.1. The cell dimensions were chosen such that it
operates at 2.5 GHz with L=22 mm, d=7.8 mm, g=0.4 mm, s=0.5 mm
and copper thickness of t=35 pum. The unit cell was hosted on top of a
Rogers RO4003C dielectric substrate having a tand=0.0027 and a dielectric
constant of ¢,=3.38 with a thickness of a 1.524 mm. Each unit cell was
fed by a port placed in shunt through a via with an impedance of 175 €}
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as shown in Fig. 7.1. The unit cell was simulated using CST Microwave
Studio [60].

Figure 7.1: A schematic showing a single element of the proposed metasurface.

The cell was first excited by a waveguide with Perfect Electric Conduct-
ing (PEC) walls along the X-axes and Perfect Magnetic Conducting (PMC)
walls along the Y-axes to ensure a plane wave excitation. The top and
bottom sides of the waveguide were assigned wave ports with a power level
of 0.5 W as shown in Fig. 7.2. Simulation results for the reflection and
absorption coefficients are shown in Fig. 7.3.

The near-field metasurface sensor consists of a periodic array of identical
8x 8 cells and a dielectric substrate as described above. A single port located
on the third layer was used to excite the metasurface array as shown in
Fig. 7.4. The third layer contains a cooperative feed that distribute the
energy equally to all of the 64 unit cells. A ground plane is placed at the
second layer which is shared between the resonators’ layer and the feeding
network layer. A single stub matching circuit was used to ensure strong
impedance matching between the 50 €2 coaxial feed line and the corporate
feed network.

The sensor array was fabricated according to the above design with a
schematic shown in Fig. 7.5 (a), (b) and (c¢). The simulated and measured
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Figure 7.2: The simulation setup showing the proposed unit cell of the metasurface sensor

placed inside a waveguide with periodic boundary condition. (a) transmitting mode, and
(b) receiving mode.
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Figure 7.3: Simulation results for the reflection and absorption coefficients of the unit cell.

reflection coefficients of the sensor are shown in Fig. 7.5 (d)
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Figure 7.4: Architecture of the metasurface sensor array. The multi-layers comprising
the sensor including the resonating cells, the Rogers RO4003C first substrate, the copper
ground plane, the Rogers RO4003C second substrate, and the transmission line traces of
the optimized feed network.

7.4 Simulation Verification for Breast Tumor Detec-
tion

The designed sensor array was simulated in the presence of a realistic hu-
man female breast phantom to test its ability to detect the existence of
breast tumor. The class of breast phantoms used in this chapter is the
Heterogeneously Dense Breast which introduced in chapter 2.

The detection modality proposed in this work is based on the follow-
ing medical fact: (1) Women breasts have material composition that are
symmetric in shape and content [94,95], and (2) it is highly unlikely for a
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Figure 7.5: Photograph of the fabricated array sensor. (a) Perspective view, (b) bottom
view, (c) top view, and (d) magnitude of Sy;.

woman to develop tumors in both breast simultaneously having the same
size, shape and location [94]. The responses of the sensor is recorded (phase
and magnitude of the reflection coefficients) for both breast. This is done
by placing two identical probes in close proximity to the breast so that the
near field of the probe can interact with the entire volume of the breast. Be-
cause of the symmetry between the left and right breasts, identical probes’
response would indicate that the breasts are free of tumors. Any differences
in the reading can indicate the likelihood of tumor being developed in either
breasts that can be benign or cancerous.

A numerical realistic breast phantom was analyzed and tested with the
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Figure 7.6: A schematic showing the 3D model of the breast phantom (a) normal breast
phantom (b) abnormal breast phantom having a tumor of 10 mm diameter and positioned
above the metasurface sensor.

metasurface array sensor.In the simulation, the distance between the meta-
surface and the breast phantom was varied at three distance off 5 mm, 10
mm and 15 mm to ensure that the near field of the probe interacts with the
entire volume of the breast as shown in Fig. 7.6. The magnitude and phase
of the probe were then recorded over a frequency range from 1940 to 2050
MHz. A tumor with a radius of 5 mm was then placed at fixed locations
inside the same breast phantom. The three distance off d1, d2 and d3 are
labeled depending on the distance between the metasurface and the breast
phantom where d1 is the closest location from the sensor, d2 further away
than that of the first location and d3 is the farthest among the three po-
sitions with reference to the metasurface. The sensor’s response was then
recorded with a range of frequencies for both magnitude and phase. The
obtained data is then analyzed with and without the existence of a tumor
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to record the changes in the probe response and decide whether a tumor is

present or not.

The probe’s response of the two experiments with and without a tumor
(positioned at different distance off ) were recorded as shown in Fig. 7.7, Fig. 7.8
and Fig. 7.9. From these figures, it is clear that the proposed metasurface
was sensitive to the presence of breast tumors at varies standoff the breast
phantom. As would be expected, the shift in the frequency response of the
probe is more pronounced when the breast phantom is closer to the surface

of the sensor.
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Figure 7.7: Numerical results of the 3D breast phantom with and without the presence of a
tumor having a radius of 5 mm and a stand off distance of d1 = 5 mm. (a) The magnitude

of S1; (dB), and (b) the phase of Si; (Degree).

Fig. 7.10 shows the distribution of the power flow inside a normal breast
phantom in addition to a breast phantom with a 10 mm diameter tumor at
three different stand off distances d1, d2 and d3, respectively. Results show
that at stand off distance of d1, higher power flow is concentrated within
the the breast content as compared to the other stand off distances (d2 and
d3). This is due to the strong nearfield coupling between the sensor array
and the breast which is higher for smaller stand off distances.
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Figure 7.8: Numerical results of the 3D breast phantom with and without the presence
of a tumor having a radius of 5 mm and a stand off distance of d1 = 10 mm. (a) The

magnitude of Sj; (dB), and (b) the phase of S;; (Degree).
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Figure 7.9: Numerical results of the 3D breast phantom with and without the presence
of a tumor having a radius of 5 mm and a stand off distance of d1 = 15 mm. (a) The
magnitude of Sy; (dB), and (b) the phase of S1; (Degree).

For more validation of the proposed sensor array for improving the sensi-
tivity area of object under test , the simulation was extended for detecting
a breast tumor at three different locations inside the breast phantom. The
breast tumor with diameter size 10 mm, is inserted at the three different
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Figure 7.10: Simulation results of the power flow distribution: (a) Normal breast phantom
model at a stand-off distance of 5 mm ,(b) Abnormal breast phantom model at a stand-off
distance of 5 mm ,(c) Abnormal breast phantom model at a stand-off distance of 10 mm
(d) Abnormal breast phantom model at a stand-off distance of 15 mm.

locations inside the breast phantom, namely L1, L2, and L3 as shown in
Fig. 7.11. Fig. 7.12 show the magnitude and phase response of the sensor
at three different tumor locations. In all the tumor locations, the sensor
was capable of detecting the presence of tumor. Obviously from the results,
inserting the tumor at locations closer to the sensor is easier to detect,
where the shift in the frequency response of both magnitude and phase is
noticeable compared with normal case.
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Figure 7.11: Simulation setup of three different tumor locations inside the breast phantom
model. The tumor is located at random positions in the breast tissue with size of 10 mm.
(a) Tumor located at L1 (x = 130 mm, y = 40 mm, z = 140 mm). (b) Tumor located at

L2 (x = 150 mm, y = 60 mm, z = 140 mm). (c) Tumor located at L3 (x = 140 mm, y =
90 mm, z = 140 mm).
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Figure 7.12: Simulation results of the sensor array, magnitude and phase response, for the
breast phantom model with and without a 10 mm tumor at three different locations. (a)
Magnitude of the sensor’s reflection coefficient response ( Sy in dB). (b) The phase of the
sensor’s reflection coefficient response (S1; in degrees).
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7.5 Experimental Verification for Breast Tumor De-
tection

An experiment was conducted to test the metasurface sensor in an envi-
ronment that resembles female breast tissues. The fabricated sensor was
used to validate the concept experimentally. The measurement setup used
in the experiment consists of the metasurface, a vector Network Analyzer
(VNA), and realistic normal and abnormal breast phantoms. The abnormal
breast phantom contains a 10 mm diameter breast tumor. The experiment
apparatus was contained in a wooden box with an opening in one of the
box sides to allow for easily placing and changing the position of the breast
phantom inside the box as shown in Fig. 7.13

(b)

Figure 7.13: Measurement setup showing: (a) A photo showing the used both realistic
normal and abnormal phantoms. (b) A photo showing the process of allocating the breast
phantom at various locations within the wooden box with the fabricated metasurface sen-
SOT.

The breast phantoms which contains a layer of skin, fat tissues and meat
were used as the base material resembling a female breast. The breast
phantom was positioned at three standoff distance similar to the proposed
once in the simulation namely d1, d2 and d3 as shown in Fig. 7.14(b). Then,
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the response of the metasurface probe was recorded. Next, the same process
was applied on the abnormal phantom at the same stand off distances d1,
d2 and d3. For each stand off distance, the scattering parameters of the
sensor with normal and abnormal phantom were recorded and analyzed as
shown in Fig. 7.14, Fig. 7.15 and Fig. 7.16 respectively.
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Figure 7.14: Experimental results of the sensor magnitude and phase response when breast
phantoms at stand off distance is d1: 5 mm : a) the magnitude of the sensor response (
Si1 in dB), and (b) the phase of sensor response (S11) in degrees.

7.6 Discussion

Near-field probes have traditionally been considered as electrically-small an-
tennas whose radiation decays rapidly with distance from the probe. Such
probes came into being, largely, by miniaturizing conventional antennas
such as monopoles, dipoles, loops, patch antennas, and most recently, by
employing a variety of different quasi-static resonators such as split-ring res-
onators, complementary split-ring resonators, or similar structures. What
was missing from those near-field probes is a systematic design procedure
that lends the designer to exert some type of control over the behavior of
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Figure 7.15: Experimental results of the sensor magnitude and phase response when breast
phantoms at stand off distance is d2:10 mm : a) the magnitude of the sensor response (
S11 in dB), and (b) the phase of sensor response (S11) in degrees.
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Figure 7.16: Experimental results of the sensor magnitude and phase response when breast
phantoms at stand off distance is d3:15 mm : a) the magnitude of the sensor response (
S11 in dB), and (b) the phase of sensor response (S71) in degrees.

the sensor rather than ad-hoc structure minimization while adhering to spe-
cific or desired topological features such as sharp edges or pointed tips. The
metasurface near-field probe/sensor/antenna introduced in this work aims
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to produce a design procedure that provides sensing parameters not found
in the earlier ad-hoc designs.

In earlier near-field probes, the entire probe or sensor was electrically
small. In the metasurface sensor, the entire surface area of the sensor is
not electrically small; however, each of the elements comprising the sensor
is electrically small. The resulting array comprising these electrically-small
sensors will then have two important characteristics: (a) all elements have
equal radiation of EM energy, and (b) the overall response of the resonator
is narrowband by virtue of the narrowband elements that comprise it (al-
though not as narrowband as the single elements), and (c¢) the surface is
composed of identical elements thus making each part of the surface prac-
tically equally sensitive to every other part (notice that the elements are
fed using a corporate feed thus equal energy is provided to each element).
Thus we expect the metasurface sensor to be not only sensitive to changes
in material properties (of the surrounding medium) but also to the location
where the material changes take place. Notice for instance the shift in the
frequency when a tumor is present in the breast as compared to the case
without a tumor can be attributed to the fact that when the breast is placed
in the near field of the array sensor, the surface current distribution on the
surface of the probe changes depending on the breast composition, as shown
in Fig. 7.17. The change in the array’s surface current results in a change
in the input impedance, and consequently the reflection coefficient of the
metasurface probe. Since the array is composed of 64 elements, the probe
can experience a wide range of variation in its reflection coefficient that is
related to surface current change in all the 64 elements. It is interesting
to contrast the metasruface sensor behavior with, say, a microstrip patch
antenna or a resonating dipole antenna which has appreciably non-uniform
distribution thus makes it less sensitive to both changes in medium property
and the location of the change.

To highlight the sensitivity of densely populated electrically small unit
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Figure 7.17: Surface current distribution on the surface of the array sensor. (a) Without
a tumor, and (b) with a tumor. The blue color corresponding to 0 A/m and the red color
corresponds to 1 A/m.

cells (metasurfaces) to that of patch antennas, the following numerical com-
parative simulation study was conducted. The study consisted of the meta-
surface proposed in this paper and a 4x4 array of square patch antennas
where each patch has a side length of half a wavelength and the distance be-
tween adjacent antennas is also approximately half a wavelength as shown
in Fig. 7.18 (a). Both the metasurface array and the patch antenna array
were designed to operate at approximately 2 GHz to eliminate any disper-
sive effect when the sensors interact with the breast phantom as shown in
Fig. 7.5 (d) and Fig. 7.18 (b), respectively.

Each sensor was scanned laterally at three positions to investigate the
sensitivity area of each sensor. Please note here that we refer to the sen-
sitivity area as the area over which the probe can detect any changes to
its near field which is reflected on the reflection coefficient of the sensor
by changes to its magnitude and phase as a function of frequency. Each
sensor was placed at the same fixed vertical standoff distance of 5 mm to
ensure that the breast is in the near field of the probe. Then the breast was
centered at the left edge of each sensor array and the distribution of the
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Figure 7.18: A schematic showing the proposed 4 x4 microstrip patch antenna array where,
(a) the layout of the 4x4 microstrip patch antenna array and, (b) a plot of the magnitude
of the Sy of the proposed microstrip patch antenna array in (dB).

power flow on a 2D cut plane was recorded using the color code as shown in
Fig. 7.19. Identical simulations for both arrays were performed for different
lateral positions where the breast is placed at the center of the arrays and
finally when centered at the right edge of the arrays as shown in Fig. 7.19.
From the power plots, we can see that the metasurface created a high power
layer across the surface of the array due to the strong coupling along the
unit cells which is clearly visible by the red color in Fig. 7.19 (d), (e),and
(f). However, in the case of patch antenna array shown in Fig. 7.19 (a),
(b),and (c), the power is concentrated at the center of the array due to weak
coupling between the antennas and the nature of the radiation pattern of
the patch antenna. Therefore, the sensitivity of the patch antenna array is
much lower at the edges as compared to the center part of the array. In
contrast, the metasurface has almost a uniform sensitivity across the array
due to the strong coupling between the subwavelength unit cells which in-
creases the sensitivity area as compared to that of the patch antenna array.
This shows the ability of the metasurface to detect breast abnormalities
without any mechanical movement given that the metasurface covers the
whole breast content.
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Figure 7.19: Comparative study of the power flow between 4x4 patch antenna array and
the proposed metasurface sensor array at the three different lateral locations(left, center
and right). The blue color corresponding to 0 watts/m? and the red color corresponds to
100 watts/m?.

7.7 Conclusions

A near-field metasurface array sensor was introduced for detecting breast
tumors. Numerical and experimental tests were used to validate the pro-
posed detection methodology. This was achieved by testing the metasurface
with a breast phantom having tumor placed at single location at three dif-
ferent stand off distances and with a breast phantom having tumors placed
at different locations. Measurements were carried out on a realistic phantom
that mimic a real female breast in terms of electric properties. The results
showed high sensitivity of the metasurface which can indicate the existence
of an anomaly that resembles a tumor inside a breast phantom having inho-
mogeneous material composition. When compared with an array of patch
antennas, the metasurface array proposed in this work was able to create a
larger sensitivity array which is a very critical feature for detecting tumors
at different locations with various sizes. Such metasurface sensor can be
viable for a number of applications where scanning is required to detect a
certain object under test.
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Chapter 8

Microwave Near-field system for
Breast Tumor Detection

8.1 Introduction

This chapter, presents a detection technique that combines a machine learn-
ing technique with microwave near-field sensors for breast tumor detection.
The detection technique consists of two main parts including metasurface
microwave near-field sensors and machine learning classification logarithms.
The metasurface is extend to the metasurface sensor which introduced
in chapter 7. The sensor is a metasurface comprising an array of 8x8
electrically-small resonating elements, operates at 1.3 GHz.

Microwave breast tumor detection utilizing state of the art machine learn-
ing techniques provide a highly performance detection system that can dif-
ferentiate between normal and abnormal breasts by employing the contrast
in their dielectric properties. The proposed technique uses a highly sensitive
microwave sensor to identify the differences between normal and abnormal
breasts. Distinguishing between healthy and non-healthy breasts was based
on estimating the differences in the reflection coefficient of the probe re-
sponse for both normal and abnormal breasts. The machine learning meth-
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ods proposed discriminate between normal and abnormal breast phantoms
in different sizes and classes of breasts, and also significantly improve the
accuracy, sensitivity and specificity of the proposed detection system.

8.2 Array Sensor Design Methodology

The single unit cell of the proposed metasurface sensor consists of two cas-
caded half loop with an embedded dipole which has two gaps in the middle,
a dielectric substrate backed by a reflector and a port connecting the top
and bottom layers through a via as shown in Fig. 8.1. The cell dimensions
were chosen such that it operates at 1.48 GHz with L=20.5 mm, d1=3.5
mm, d2=2.5 mm g=0.8 mm, s=0.5 mm and copper thickness of t=35 um.
The unit cell was hosted on top of a Rogers RO3010 dielectric substrate
having a tand=0.0022 and a dielectric constant of €,=10.2 with a thickness
of a 1.27 mm. Each unit cell was fed by a port placed in shunt through a
via with an impedance of 160 2 as shown in Fig. 8.1. The unit cell was
simulated using CST Microwave Studio [60].

The cell was first excited by a waveguide with Perfect Electric Conduct-
ing (PEC) walls along the X-axes and Perfect Magnetic Conducting (PMC)
walls along the Y-axes to ensure a plane wave excitation. The top and
bottom sides of the waveguide were assigned wave ports with a power level
of 0.5 W as shown in Fig. 8.2. Simulation results for the reflection and
absorption coefficients are shown in Fig. 8.3.

The near-field metasurface sensor consists of a periodic array of identical
8x8 cells and a dielectric substrate as described above. A single port lo-
cated on the third layer was used to excite the metasurface array as shown
in Fig. 8.4 (a) and (c). The third layer contains a cooperative feed that
distribute the energy equally to all of the 64 unit cells. A ground plane
is placed at the second layer which is shared between the resonators’ layer
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Figure 8.1: A schematic showing a single element of the proposed halfloop metasurface.
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Figure 8.2: The simulation setup showing the proposed unit cell of the metasurface sensor
placed inside a waveguide with periodic boundary condition. (a) transmitting mode, and
(b) receiving mode.
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Figure 8.3: Simulation results for the reflection and absorption coefficients of the unit cell.

and the feeding network layer. A single stub matching circuit was used to
ensure strong impedance matching between the 50 {2 coaxial feed line and
the corporate feed network. The sensor array was fabricated according to
the above design with a schematic as shown in Fig. 8.4 (b) and (d). The
simulated and measured reflection coefficients of the sensor as shown in
Fig. 8.5.

8.3 System Detection performance

The performance of any detection systems and screening tests relates to
the system’s ability to correctly discriminate between a normal and an ab-
normal patient. This system performance is based on statistical measures,
such as accuracy, sensitivity, specificity, positive predictive value (PPV) and
negative predictive value (NPV) [117,118].

According to the reference standard, humans under test are assigned
to one category cell of the four cells in a 2x2 table labeled TP through
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Figure 8.4: The photograph of the proposed halfloop metasurface array sensor: (a) Top
view shows the metasurface array elements. (c) Bottom view shows the corporate feed
network of the proposed sensor arrays. (b) Top view shows the array elements of the of
the fabricated array sensor, and (d)Bottom view shows the corporate feed network of the
of the fabricated array sensor.

TN as shown in Fig. 8.6. These four category cells are used to estimate the
performances of the detection system and is defined as the follows [117,118]:

1. True Positive (TP): the person has been correctly diagnosed to have
the condition.
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Figure 8.5: The reflection coefficient of the array sensor obtained through simulation and
measurement.

2. True Negative (TN): the person has been correctly diagnosed to not
have the condition.

3. False Positive (FP): the person has not been correctly diagnosed to
have the condition.

4. False Negative (FN): the person has not been correctly diagnosed
to not have the condition.

From these four category cells,the five statistical measures performances
of the detection system can be determined as the follows [117,118]. Sensi-
tivity or recall is defined as the proportion of sick people who are correctly
identified as having breast tumor(s) (abnormal) and it can then be com-
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Figure 8.6: Diagram table showing the calculated statistical measures of the detection
system which include the: sensitivity, specificity, and positive and negative predictive
values.

puted using the following formula:

Sensitivity = [TP/(TP + FN)] % 100 (8.1)

Specificity or selectivity is defined as the proportion of people who are
correctly identified as not having breast tumor(s) (normal) and it can then
be computed using the following formula:

Specificity = [TN/(TN + FP)] %100 (8.2)

Positive predictive value (PPV) or precision is defined as the proportion
of people or samples under test with positive test result in total of sam-
ples with positive results and it can then be calculated using the following
formula:

PPV = [TP/(TP + FP)] % 100 (8.3)
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Negative predictive value (NPV) is defined as the proportion of people
or sample under test without the tumor with a negative test result in total
of samples with negative test results and it can then be calculated using the
following formula:

NPV = [TN/(TN + FN)] % 100 (8.4)

PPV and NPV values are directly related to prevalence of the disease
in the people and directly indicate the presence or absence of the disease
according to the detection test.

F-measure or F1 Score is related with both the precision and recall by us-
ing the following equation: F-measure = 2x ((Precisionx Recall)/(Precision+Recall))
F-measure is used for a balance results between Precision and Recall. Accu-
racy is defined as the proportion of correctly diagnosed people among all the

people who take the test and it can then be calculated using the following
formula [117,118]:

Accuracy = [(TP+TN)/(TP+ TN + FP + FN)] %100 (8.5)

8.4 Machine Learning Approaches for Microwave Breast
Tumor Detection

In recent years, machine learning has been applied to breast cancer detec-
tion. Many studies developed various modalities of machine learning for
breast tumor detection by using different classifiers algorithms [119]- [129].
These classifiers’ algorithms were used to transform qualitative scattering
microwaves signals into more objective quantitative feature classification
problems to characterize and detect breast tumor [130]- [133]. Machine
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learning is employed to emphasize the difference in the probe responses of
the two testings for both healthy and tumorous cases. Machine learning
classification techniques are used for making a decision and a distinction
between normal and abnormal breasts. The Machine learning classification
techniques involve three steps for analyzing and making a decision of the
recording data as shown in Fig. 8.7:

1. Data preprocessing is an important step in the machine learning
technique. It is used to convert the collected data from the microwave
sensor into a clear data set before feeding it into the classification
model.

2. Feature extraction methods are used to extract the most important
or most relevant features from each recorded backscattered microwave
signal that will use in the classification model. Several feature extrac-
tion algorithms have been examined in the literature for MI breast
cancer detection, such as Principal Component Analysis (PCA), Lo-
cal Discriminant Basis (LDB), and Independent Component Analysis

(ICA). [134]- [144].

3. Classification algorithms used the relevant features from the extrac-
tion data for distinguishing between the normal and abnormal breasts.
These algorithms used to decide whether or not a tumor is present by
using the signatures features of the tumors. Several classification ap-
proaches have been applied to detect the presence of breast tumors in-
cluding Support Vector Machine (SVM), Cost-sensitive Support vector
machines (CSSVM), Quadratic Discriminant Analysis (QDA), PCA,
linear discriminant analysis (LDA), and, Decision Tree (DT). [145]-
[155].

In this study, the PCA feature extraction method is used to reduce the
dimensionality of the problem by implementing a vector space transform [96]
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as explained in chapter one. The main challenge of all these previous tech-
niques is to find a suitable combination of features and classifiers for dis-
criminating between healthy and nonhealthy breasts by using the signature
of the contrast in their dielectric properties. In this study, SVM and DT
classification logarithms are used for discriminating between normal and
nonnormal breasts because both of them, SVM and TD, are powerful meth-
ods for binary classification problems that used for a distinction between
two classes database, such as normal and abnormal breasts

Training Stage of Proposed Detection System Testing Stage
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Figure 8.7: Flow chart diagram shows the methodology process for breast tumors detection
using machine learning techniques.

The SVM is a supervised and discriminative machine learning algorithm
that is used as a classifier algorithm for data classification. The SVM is typ-
ically used for separating data which has exactly two classes such as normal
and abnormal breasts. [156-158]. The optimum function of SVM as a clas-
sifier algorithm is to classify or separate between two classes recorded data
by discovering the best hyperplane. The hyperplane separates all recorded
data points of first-class from those points data of the second class. The
optimum hyperplane of the SVM classifier is the largest margin between
the two classes (normal and abnormal breasts). The SVM classifier finds
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the best margin based on support vectors that are closest points to the sep-
arating hyperplane. Two types of SVM classifier are used include: linear
and nonlinear classification [158,159]. Nonlinear Kernel SVM classification
algorithm maps the data to a higher-dimension feature space. Radial Basis
Function (RBF) is one type of the Kernel, which is used for this classification
study. [156-160].

The equation of generated the decision hyperplane in the features space
is defined as the following below [156-160]:

wr+b=0 (8.6)

Where : x represents the collected data, w is the normal vector to the
hyperplane or weights, and b is the bias. The RBF function is obtained by
using the following equation:

K(X;, X;) = exp(—7[|X; — X;°) (8.7)

Where -v is the scaling factor of the RBF Kernel.

DT is one of the most powerful machine learning algorithms used for bi-
nary classification problems. The DT is a structure like a tree, where each
node denotes an attribute ( feature), each branch represents an outcome de-
cision of the examination, and each leaf represents a class label [55,161-163].
The machine learning algorithm model performance for predicting unseen
data is evaluated by using the cross-validation. In the cross-validation pro-
cedures, the collected dataset is randomly divided and sorted into k folds.

In this study, SVM and TD methods proposed as discriminated algo-
rithms for discriminating between normal and abnormal breast phantoms
in different sizes and classes of breasts. Also, they are used to calculate the
sensitivity, specificity, accuracy, and precision for separating between the
two the classes normal and abnormal breast phantoms.
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8.5 Classification Test Between Normal and Abnor-
mal Breast Phantoms

In this section, a database of ninety different sizes and classes realistic
breasts phantoms (45 normal breasts and 45 abnormal breasts) were cre-
ated using CST. Forty-five different sizes of normal breasts comprising the
four different classes (every ten normal breasts were created using dielec-
tric properties of each class) named: mostly fat, scattered fibroglandular,
heterogeneously dense, very dense as shown in chapter two. Forty-five ab-
normal breasts were created using CST. a database of different sizes of
tumors embedded in the abnormal breasts. The different sizes tumors have
radius vary between the following values: 11, 9, 8, 7, 6, 5, 4, 3.5,3 and 2.5
mm.

The proposed technique presented here for breast tumor detection em-
ploys two testings for both normal and abnormal breasts using two identical
near field sensors placed at the same distance off away from both of them
normal and abnormal breasts. Recording and analyzing the responses of the
two sensors using machine learning is used for distinguishing between the
normal and abnormal breast. Machine learning is employed to emphasize
the difference in the sensor responses of the two testing for both healthy and
tumorous cases. We investigate the detection of breast tumors if a woman
has different breast sizes while having an abnormality in one of them. We
show that when two different-size phantom breasts, one with a tumor and
one without, the sensor is able to detect the presence of the tumor with
high probability. Simulation results of ninety different sizes realistic breasts
phantoms (45 normal or healthy breasts and 45 abnormal or unhealthy
breasts) show that the proposed probe combined with machine learning is
capable of differentiating between normal and abnormal breasts.

Two scenarios are tested; firstly, the proposed sensor was simulated with
each size of the developed forty-five different-size normal breast phantoms at
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a standoff distance of 5 mm. The reflection coefficient response is recorded of
each size of these normal breast phantoms. Next, the sensor was simulated
with the other developed forty-five different-size abnormal breast phantoms
with the same standoff distance of 5 mm. In each abnormal realistic breast
phantom size test, the reflection coefficient response is recorded. In the
second test scenario, the forty-five different sizes of abnormal breasts were
simulated with the proposed sensor using the same standoff distance of 5
mm.

Then, for the recorded probe responses of ninety normal and abnor-
mal breast phantoms, PCA feature extraction methods, knowledge-based
approach and two classifiers (SVM and TD) were investigated. These two
classifiers (SVM and TD) are used to emphasize the differences in the probe
responses between normal and abnormal breast models.

The sensitivity of the sensor is based on the value of the main A decision
given in equation 8.8. If the value of A Decision is high, this indicates a
high difference in the sensor response of both normal breast and abnormal
breast with the inserted tumor

ADecision = Si1Right — Siileft (8.8)

A decision is based on results of other four sub A decision namely: A
min frequency of both magnitude of Si; and phase of Si1, A magnitude of
S11, and A decision phase of Sij.

The prediction or classification setup makes a decision based on the value
of the main A decision which makes a decision based on the other sub As
decision. In the next step, features are extracted using a knowledge-based
As decision approach by using minimum frequency (resonance frequency)
and the minimum response of S1;. Fig. 8.9 shows the results of both normal
and abnormal breasts by using As decision of the A magnitude of S1;. Next,
SVM and DT classification models are using by training and testing using
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10-fold cross-validation of the knowledge-based features (As decision) to
estimate the performance metrics. The performance metrics result of the
both SVM and DT classifiers using both A magnitude of S1; and A phase
of Si1 is presented in Table 8.1 and Table 8.2. The results show that the
A decision is higher when using the magnitude of S7; as compared with A
decision of the phase of Si;.

Table 8.1: Results of comparison of SVM and TD classification algorithms of using A mag-
nitude of S7; show the the performance metrics values of Accuracy, Precision, Sensitivity,
Specificity, and F_Measure.

Metric/Classifier | SVM | Decision Tree
Accuracy 95.6 94.4
Precision 93.8 95.8

Sensitivity 97.8 97.8
Specificity 93.2 95.5
F_Measure 95.8 96.8

Table 8.2: Results of comparison of SVM and TD classification algorithms of using A
phase of Si; show the the performance metrics values of Accuracy, Precision, Sensitivity,
Specificity, and F_Measure.

Metric/Classifier | SVM | Decision Tree
Accuracy 79.7 93.3
Precision 66.7 93.5

Sensitivity 99 97.8
Specificity 79.7 93.5
F_Measure 47.7 93.2
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Figure 8.8: Results of classification between normal and abnormal breast phantoms using
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Figure 8.9: Results of classification between normal and abnormal breast phantoms using
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8.6 Conclusion

In this chapter, we presented a near-field metasurface sensor with machine
learning for microwave breast tumor detection. The sensor is metasurface
was excited by a single port. The sensor was simulated with different sizes
of normal and abnormal numerical realistic phantoms to see its capability
for distinguishing between different sizes of normal and abnormal breast
phantoms model. Analyzing the recorded data of the proposed sensor re-
sponse using two classification models SVM and TD by training and testing
improve the distinctions between different sizes of both cases normal and ab-
normal breast phantoms with an accuracy of 95.6% and 94.4% respectively
using A of S7; magnitude.
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Chapter 9

Accomplished and Future Work

9.1 Accomplished Work

The following list include a summary of the work accomplished in this thesis:

1. A detailed analysis of a novel methodology for using the anonymous
breast MRI datasets which were obtained from the University of Wis-
consin online repository for construction of 3D realistic numerical breast
phantoms in CST Microwave Studio was presented in this disserta-
tion (Chapter 2).

2. A literature review study of the dielectric properties of normal and

tumorous breast tissues in the microwave regime was presented in the
(Chapter 2).

3. Introduced a concept of using Ultra-narrow band electrically small sin-
gle electric dipole probe with the classification method (PCA) tech-
nique for breast tumors detection was presented and then verified nu-
merically and experimentally (Chapter 3).

4. Introduced a concept of using an electrically small single loop probe
which considered as a magnetic-dipole probe with classification PCA
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technique for breast tumors detection was presented and verified nu-
merically and experimentally (Chapter 4).

. A method for enhancing the sensitivity area of the detection systems
was proposed using 4-element identical printed dipole antenna array
fed with a single port (Chapter 5).

. A method for improving the sensitivity area of the detection systems
was proposed using 4-element identical loop antenna array fed with a
single port (Chapter 6).

. A near-field metasurface sensor comprising an array of 8x 8 electrically-
small resonating elements for detecting early stage breast tumors was
presented (Chapter 7).

. introduced a concept of using machine learning technique for numer-
ically estimating the sensitivity, specificity and accuracy of the de-
veloped system for discriminating between different sizes and classes
normal and abnormal breast phantoms (Chapter 8).
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IGNITE Research, 2018, pp. 1-2(Conference).
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Breast Tumor Detection,” in 2019 IEEE International Symposium on
Antennas and Propagation and USNC-URSI Radio Science Meeting.
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9.3 Future Work

1. Analyze and compare different ways to improve the sensitivity of
microwave sensors

2. Extend the array sensor method introduced in (Chapter 5 & 6) by
combining loop and dipole arrays that could further improve the mi-
crowave detection system. In (Chapter 5) only 4-element identical
electrically small dipole antenna array excited by a single port is stud-
ied as a microwave sensor. In (Chapter 6) only 4-element identical
electrically small loop antenna array excited by a single port is studied
as a microwave sensor however the combination between two loop and
dipole sensors excited by a single port can be used to further improve
the sensitivity area of the microwave sensor.

3. Extend the metasurface sensor presented in (Chapter 7) by adding
one additional diploe in the middle of the loop to have two cross dipoles
to form cross-polarized arrays which will further enhance the sensitivity
of the microwave detection system

4. Extend the proposed methods of using one metasurface sensor pre-
sented in (Chapter 7 & 8) for breast tumor detection by using five
metasurface sensors which cover the whole breast and therefore elim-
inating the use of mechanical motors to move the sensor all over the
breast.

5. Extend the developed machine learning logarithms presented in (Chapter
8) to filter irrelevant features of the breast.
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6. Develop a portable detection system. Integration of the standalone
VNA and the sensor into one miniaturized unit. The VNA circuitry
will be positioned at the back of the sensor and will be connected with
a laptop. The machine learning and other algorithms will be embedded
within the VNA software in a laptop. Finally, the detection decision
will be transmitted to the laptop.

7. Performing clinical trial test in Grand River Hospital to experimen-
tally validate our device.
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