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Abstract

Breast cancer is the most commonly diagnosed cancer and the leading cause of cancer death for

women in Canada. Access to breast cancer screening is limited in northern and First Nation com-

munities in Canada, as well as low- and middle-income countries (LMIC) in the broader interna-

tional community. Lack of accessible screening tools contribute to inequitable care and increased

mortality rates. Microwave breast detection has shown promising results as a safe, low-cost breast

cancer screening method. This thesis aims to design and simulate a portable microwave device

suitable for use in remote and low-income areas. The device features a cylindrical array of patch

antennas and, through machine learning, will require no trained personnel to operate or obtain a

preliminary diagnosis. Tiny vector network analyzers were used to measure S-parameters from

0.7 - 3 GHz. A basic radar model was improved to incorporate spherical spreading, microwave

attenuation, and secondary scattering. This radar model was used to simulate S11 sinograms of

dual rod models. The rod models consisted of two point scatterers with assigned reflectivities of

100% & m% or m% & m%, where m was varied as: 10%, 30%, 50%, 70%, and 90%. The sim-

ulated sinograms were used to train a convolutional neural network to locate the rod responses.

The network was able to easily detect and locate the 100% rod response, but struggled with the

lower 10% and 30% reflectivities. The 100% and 90% rod models performed with an accuracy of

92%. The use of machine learning improved upon conventional reconstruction methods for breast

microwave radar. Similar machine learning techniques can be performed on real scans with shell-

based breast phantoms. The radar model simulations can be used to increase the data set size and

improve training performance through transfer learning. Microwave sensing and machine learning

methods offer promising possibilities to breast cancer screening accessibility for women in remote

and low-income areas.
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Contributions

The following are the primary contributions presented by the author in this thesis:

• Design and assembly of a portable, compact microwave sensing device. The device uses 3D

printed materials to fasten and hold twenty-six patch antennas each connected to their own

tiny vector network analyzer.

• Evaluation and characterization of antenna S-parameters, including quantifying the antenna

coupling to determine the optimal spacing between antennas and monitoring responses in

the time domain of copper rod reflections.

• Improvements to a radar model simulator though the addition of spherical wave propagation,

microwave attenuation, and secondary scattering.

• Generation of time-domain sinograms from numerical rod models with the following reflec-

tivities, m% & 100% or m% & m%, where m was varied as: 10%, 30%, 50%, 70%, and

90%.

• Training and testing of a convolutional neural network to locate rod responses from time-

domain sinograms for the different reflectivity combinations.
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1. Introduction

1.1 Background and Motivation

Breast cancer is a global problem affecting millions of people yearly [1]. Access to breast can-

cer screening is limited in low- and middle- income countries (LMIC) [2–4]. While approximately

50% of breast cancer cases occur in LMIC, they account for 62% of mortality rates [5]. Limitations

on early detection resources in LMIC result in late stage diagnosis, and the survival rate of breast

cancer is approximately 57% in LMIC compared to 73% in developed countries [5]. Currently,

x-ray mammography is the most widely used breast cancer detection method [6]. However in

LMIC, mammograms are not performed often because of the public healthcare system limitations,

prohibitive cost, overall accessibility to health services, and difficulty in implementing follow-up

tests. Because of these difficulties, tumours are often large and palpable at the time of diagnosis.

In Canada, it is estimated that 28,600 women will be diagnosed with breast cancer in 2022 [7].

Over the years, mammography screening uptake and availability have reduced women’s mortality

rates [8,9]. However for women of lower socioeconomic status, poor access to mammography has

resulted in higher mortality rates. In Manitoba, it is estimated the uptake of mammography for

First Nation women is 62.8% compared to 86.0% for rural Manitoba women of the same age [10].

Studies in Ontario have shown survival rates for First Nation women on reserves are poorer than

those off-reserve, likely due to late-stage diagnoses [11].

Mammography uses ionizing x-rays to irradiate the breast and measure contrast in attenuation.

This method is commonly used, but it has disadvantages and limitations. Its use of ionizing radia-

tion poses a health risk to patients, and so the age requirement and frequency of scans are limited

to balance the risks and benefits. In Canada, it is recommended women aged 50-74 receive a mam-
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mography every two to three years [12]. Mammography has a typical sensitivity of 63 - 95% [5],

but sensitivities down to 48% are associated with high-density breasts [8]. Other factors such as

poor positioning, incorrect interpretations, slow-growing tumours, and obscure lesions affect the

detection accuracy. Approximately 10-30% of breast cancer cases are not detected with mammog-

raphy [8]. Additionally, mammography uses fragile equipment, is relatively expensive, and needs

highly trained personnel to operate.

Other breast imaging modalities include magnetic resonance imaging (MRI), molecular breast

imaging (MBI), and ultrasound. MRI uses strong magnetic fields instead of ionizing radiation

to image the body. Specifically, MRI applies nuclear magnetic resonance techniques to measure

proton density and relaxation parameters allowing for obvious contrast within soft tissues. This

modality has an increased sensitivity to detection and is primarily used to screen high-risk women,

such as those with high-density breasts [13]. MRI has a good sensitivity, however its poorer speci-

ficity results in higher false positives [1]. The high cost, large size, slow acquisition time, and low

specificity makes it unsuitable for breast cancer screening in the general population.

MBI uses radioactive material to detect metabolically active cells within the breast. After the

injection of a radioactive tracer, the breast is placed between detectors with light compression.

MBI has a similar sensitivity and specificity to MRI, but the use of ionizing radiation poses health

risks similar to mammography [8]. For high-risk women, MBI may be used if the patient cannot

undergo MRI.

Ultrasound is a low-cost and relatively compact modality typically used as a primary or sec-

ondary screening tool in addition to mammography. It may be used as the primary screening tool

for women who are younger, lactating, or pregnant [8]. As a secondary screening tool ultrasound

is typically used for women of high-risk groups. Additional screening may increase detection sen-

sitivity but also decrease specificity due to increased false positives [1]. Also, ultrasound requires

highly skilled personnel to operate and interpret the images. The disadvantages in mammography,

MRI, MBI, and ultrasound make it challenging to use these devices in remote and low-income

Chapter 1. Introduction 2



areas. Existing challenges with implementing safe, low-cost breast cancer screening methods have

motivated the design and development of a portable breast microwave detection device.

1.2 Breast Microwave Sensing

Research dedicated to breast cancer detection is continuously advancing [14]. Challenges with

current methods have prompted exploration into breast microwave sensing. The use of microwaves

has many advantages, including the relatively low cost and lack of ionizing radiation allowing for

safe and frequent screening. The type of sensing equipment, measurement protocol, and recon-

struction/detection method can vary [15]. Optimizing these variables is crucial in providing a safe,

efficient, and accurate screening method for breast cancer.

1.2.1 Terminology and Methods

Microwave sensing has shown promising results as a safe and low-cost breast cancer detection

modality [16]. This screening process measures reflected and/or transmitted microwave signals

penetrating the breast. The scattering interactions of the microwave signals can be determined

from the dielectric properties. For breast microwave detection, cancerous and healthy tissues differ

in their complex permittivities, allowing for the distinction and detection of tumours.

The relative complex permittivity εr describes the electric polarizability of a material,

εr =
1
ε0

(
ε
′− j

σ

ω

)
(1.1)

where ε0 is the permittivity of free space, ε ′ is the dielectric constant of the material, σ is the

conductivity, and ω is the angular frequency of the microwave. We can rewrite this as a real, ε ′r,

and imaginary term, ε ′′r ,

εr = ε
′
r + jε ′′r . (1.2)
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The predominant healthy tissues in the breast are skin, adipose, and fibroglandular tissue. The

dielectric properties of the different breast tissues vary due to water content differences and the

microwave frequency. Initially, the dielectric contrast between healthy and cancerous tissues was

reported to be 10:1 [17]. This generated enthusiasm for breast cancer detection, suggesting tumours

may be distinguished with higher accuracy than mammography, particularly for denser breasts.

Recent studies have confirmed this high contrast between malignant and adipose tissue. However

the contrast between malignant and fibroglandular tissue is approximately 10% [17].

The complex relative permittivity of tissues can be simulated with the Debye model:

εr = ε∞ +
εs − ε∞

1+ jωτ
− j

σ

ωε0
(1.3)

where ε∞ is the permittivity of the tissue, εs is the static permittivity of the tissue, and τ is the

relaxation time of the medium. This model may be used to estimate the dielectric properties of

different breast tissues.

Clinical studies with human subjects provide realistic testing and validation of breast mi-

crowave sensing. However, before clinical trials are implemented, numerical simulations or phys-

ical breast phantoms may be used to examine the system’s performance. Ideally, these phantoms

should mimic the morphology and dielectric properties of the breast. The primary healthy tissues

within the breast include adipose tissue and fibroglandular tissue. Early physical phantoms were

simple and consisted of homogeneous cylinders that did not accurately represent the morphology

or dielectric properties of the breast [18]. Advancements in breast phantom material and manu-

facturing have allowed for phantoms with improved morphology and dielectric properties [19–21].

Solid, gel, or shell-based phantoms have been developed to describe the various tissues within the

breast. In addition to accurately representing the tissue types, the phantoms must also appropriately

vary in breast size, breast density, tumour size, and tumour type.
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1.2.2 Equipment and Design

Microwave sensing requires various equipment to enable measurements of the breast. While

designing, the microwave sensor, sensor array, size, and configuration are variable [14]. Vector

network analyzers (VNA) are often connected to antennas to supply and measure the microwave

signals. The VNAs measure the scattering parameters (S-parameters) that describe the reflected or

transmitted responses. We can define the incident waves as a, and the reflected waves as b. If we

assume a 2-port system we can initially assume port 1 is stimulated by the incident wave and port

2 is not, i.e., a1 ̸= 0, a2 = 0. The reflection incident at port 1 (S11), and transmission at port 2 (S21)

can be described as follows:

S11 =
b1

a1
; S21 =

b2

a1
. (1.4)

Conversely, we can consider the case where port 2 is stimulated by the incident wave such that

a1 = 0, a2 ̸= 0. The transmission incident to port 1 (S12), and reflection to port 2 (S22) can be

described as followed:

S12 =
b1

a2
; S22 =

b2

a2
. (1.5)

In general, we can obtain the S-parameters matrix S from the wave vectors a and b:

b1

b2

=

S11 S12

S21 S22


a1

a2

 (1.6)

b = Sa (1.7)

During a measurement, the VNAs may sweep through a range of frequencies to measure the

S-parameters. The frequencies used in breast microwave sensing typically range between 0.5 - 10

GHz. The type of antenna may vary. Some common types include monopole, Vivaldi, horn, and

patch antennas. These antennas may be used in monostatic, bistatic, or multistatic modes [16].

Monostatic systems incorporate one antenna and one port, only measuring S11 values. Bistatic
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systems use two antennas, a two-port system, and can measure S11, S21, S12, and S22 values. Lastly,

multistatic antennas can include any number of antennas and measure a wide range of reflection

and transmission S-parameters.

Device designs may also vary, most operating in a circular configuration. To achieve this, the

antenna arrays may be stationary or require moving parts [15]. Synthetic arrays can be created by

rotating the transmitting and/or receiving antennas in a circular pattern. Fully stationary devices

include multiple antennas fixed in an array. Mixed systems do not rotate the individual antennas,

but may rotate or shift the entire array. Incorporating a rotational component allows for sampling

at a finer angular resolution, but increases the complexity and cost of the device. Devices may

operate in open air or in a coupling medium. A coupling medium, such as a water-glycerine mix,

can reduce unwanted reflections at the skin interface but also increases microwave attenuation due

to higher conductivity values [22]. The configuration of the sensing device may vary to elabo-

rate designs. For example, McGill University has developed a wearable hemispherical shell that

contains many antennas to detect scattered signals [23]. This is advantageous as the antennas are

attached close to the skin.

1.2.3 Image Reconstruction

There are currently two approaches for microwave imaging that are widely researched: mi-

crowave tomography (MWT) and microwave radar. Numerical phantoms [24, 25], physical phan-

toms [22, 26], and human subjects [27, 28] have been used to test MWT systems. MWT uses

the transmitted signals to reconstruct complex permittivity maps of the object in question. This

method may be categorized as using a single frequency or multiple frequencies. In MWT, the for-

ward problem models the total electric field as a sum of the incident field and scattered field. The

object function is described as the dielectric contrast between the scatterer and the background.

MWT aims to solve this non-linear inverse scattering problem.

Approximations, such as the first-order Born approximation, can be used to create a linear
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problem [29]. Physically, this approximation assumes the scattered field is negligible compared to

the incident field, and so the scattering object and contrast must be small compared to the back-

ground. These approximations are not accurate for large regions of heterogeneous permitivities,

and so non-linear solutions may be needed. This poses challenges as no unique solution exists and

the solution may be unstable.

Radar-based imaging has been widely researched and tested with simulations [30, 31], breast

phantoms [32–35], and human subjects [36, 37]. This method uses electromagnetic scattering to

find reflection maps based on the scatterer’s dielectric properties and radar cross-section. Typically,

a microwave source is used to illuminate the breast with ultra-wideband signals and the S11 signals

(or other S-parameters) are detected. The S11( f ) in the frequency domain can be converted to

the time domain S11(t) through the inverse Fourier transform. In this work, the inverse chirp-z

transform ICZT was used [38].

S11(tk) =
N−1

∑
n=0

S11( fn)A−nW nk (1.8)

A = exp
(−2π j t0 f0

N

)
; W = exp

(−2π j (tM−1 fM−1 − t0 f0)

N2

)
(1.9)

where fM−1 is the stopping frequency, f0 is the starting frequency, and N is the total number of

frequency points, allowing the array of frequencies to be described as,

{ fstart , . . . , fstop}= { f0, . . . , fN−1}. (1.10)

And similarly, the total number of time points, M, can describe the times as,

{tstart , . . . , tstop}= {t0, . . . , tM−1}. (1.11)

The ICZT allows for the transformation from a fixed number of frequency points, N, to an arbi-

trary number of time points, M. The same transformation may be used for other S-parameters if a
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multistatic system is used.

The time-domain reflected signals are processed with a beamformer to determine high scatter

locations. A common beamformer is the delay-and-sum (DAS) beamformer [39]. This method es-

timates the time delay from each antenna to a position within the breast by assuming straight-line

propagation and an average propagation speed. Typically, the average propagation speed is esti-

mated from the average dielectric properties of the breast at the centre frequency of the microwave

bandwidth. In a monostatic system, an intensity profile I is created by summing and squaring the

time responses associated with a point r0 within the breast:

I(r0) =
( M

∑
m=1

xm(tm(r0))
)2

(1.12)

where M is the total number of antennas, xm is the radar signal from the mth antenna position, and

tm(r0) is the time delay to and from antenna position a to position r0,

tm(r0) =
2|r0 −a|

v
, (1.13)

where v is the estimated propagation speed. Most beamformers are an extension of the DAS beam-

former. For example, the delay-multiple-and-sum beamformer involves pair-wise multiplication

of the radar signals [40], and the improved-delay-and-sum beamformer incorporates positional de-

pendant weights into the intensity values [41]. These beamformers do not account for the physics

of microwave propagation and antenna properties. More advanced beamformers may incorporate

microwave attenuation and time delay errors [16].

1.2.4 Machine Learning

In recent years, machine learning has shown exciting potential for medical image restoration,

segmentation, and analysis applications [42–45]. Current research has focused on automated mi-

crowave detection that determines the presence or absence of a tumour through artificial intel-
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ligence (AI) based machine learning [46–48]. This process does not reconstruct permittivity or

reflection maps but instead trains a machine learning network to detect, classify, and/or locate a

breast abnormality.

A convolutional neural network is a class of neural network used for machine learning [49].

This type of network incorporates convolutional layers that are most commonly used to analyze

and extract image features. The neural network can be trained to reproduce a specific output when

given the corresponding input. The convolutional neural network consists of an input layer, an

output layer, and multiple hidden layers. In a hidden layer, the network takes an input X and

produces an output Y through a function F,

Y = F(X ,W ) (1.14)

where W is a weighted vector representing the strength of interconnection between the input and

output neurons. In supervised learning, the weighted vector W is optimized by training the network

with multiple XY pairs. The optimization process consists of two elements; the loss function and

the optimizer. The loss function compares the neurons from the output layer to the ground truth

neurons. The optimizer adjusts the weights of each hidden layer to minimize the loss function.

Common hidden layers may include convolutional, dense, drop-out, and activation [50]. Con-

volutional layers convolve the input with a filter and pass the result to the next layer. The filter size

can be varied, while the values of the filter, known as weights, are adjusted during training. Dense

layers connect every neuron in the input layer to every neuron in the output layer by adjustable

weights. Drop-out layers are used to reduce the weights of randomly selected neurons to zero or

close to zero. The random drop of neurons can help reduce noise within the network. Activation

layers are used to filter each neuron in the layer. Common examples of filters are rectified linear

unit (ReLu); f (x) = max(0, x), sigmoid; f (x) = 1/(1+ e−x), and softmax; f (x) = x/∑i(xi).

Training optimizers use stochastic gradient descent (SGD) to adjust the weights within the
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hidden layers. SGD optimizers seek to minimize the loss function, which has the form of a sum,

L(w) =
1

n

n

∑
i

Li(w) (1.15)

where the overall loss function, L, sums over each loss between the prediction ith neuron and

ground truth neuron. The SGD method minimizes the loss function by performing the following

iterations,

w := w−
η

n

n

∑
i

∆Li(w) (1.16)

where η is the learning rate of the machine learning process. In SGD, the true gradient of L(w) is

estimated by taking the gradient at a single neuron. For advanced training, adaptive learning rates,

such as the adaptive moment estimation (ADAM) optimizer, can be used. ADAM uses estimations

of first and second moments of gradient to adapt the learning rate for each weight of the neural

network [51]. This helps speed up convergence of minimizing the loss function and improve upon

network training.

While training, the network performance may be evaluated with an independent XY validation

set. The loss values from the training and validation sets may be monitored to determine if under-

or over-fitting is present. Under-fitting refers to the networks inability to accurately describe the

problem. Over-fitting occurs when the model attempts to fit irrelevant noise during training. If no

under- or over-fitting is present, the loss values of the two sets should follow the same pattern. If

under-fitting is present, the loss values will not converge to a minimum. If over-fitting is present,

then the training loss will decrease to a minimum, while the validation loss increases. Training

may be stopped early if over-fitting starts to occur, therefore ensuring the network weights are

optimized without fitting to noise. Additionally, drop-out layers, lower learning rates, or regular-

ization parameters may be used to address over-fitting.

For small training sets which may be insufficient for network training, transfer learning may

be used to train the network. Traditional machine learning recognizes patterns from training sets
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and uses that to predict outputs. Transfer learning has been shown to improve traditional methods

through the transfer of knowledge from a related task that has already been learned [52]. Instead of

training a blank network, transfer learning uses patterns from a network that has been trained with

a similar problem. Weights within the previously trained network may be frozen while the rest

are optimized with the smaller training set. For imaging purposes, analytical simulations may be

used to initially train the network to perform image reconstruction. From here, real scans can train

the partially frozen network to reconstruct the images. Analytical imaging data can supplement

physical scans to improve AI image reconstruction through transfer learning.

1.3 Microwave Groups

There are numerous groups currently researching different techniques for breast microwave

sensing. For these groups, the type of antenna, number of antennas, operating frequency range,

configuration, measurement protocol, and signal processing approaches vary. Some examples of

microwave tomography groups include:

• Dartmouth College [28, 53, 54]: A cylindrical array of 16 monopole antennas has been

developed. One antenna acts as the transmitting antenna while the remaining 15 act as re-

ceivers. The device is submerged in a coupling medium consisting of water and glycerine.

Scans are performed between 0.5 - 3 GHz and can operate in a 2D or 3D mode. Previously,

images were reconstructed using the finite-difference time-domain (FDTD) algorithm. How-

ever, more recently, the discrete dipole approximation has been employed to reduce compu-

tational time. The system is currently in clinical trials and has been evaluated on over 500

human subjects.

• Keele University [55, 56]: Cylindrical array of 24 open-ended waveguides has been devel-

oped. One antenna acts as the transmitter while the remaining 23 act as the receiver. Through

a switch, each antenna can act as the transmitter. The system operates from 1.0 - 2.3 GHz.
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The chamber is filled with a matching solution of fatty liquids and salt. This group has intro-

duced 4D functional imaging with three dimensions in the spatial domain and one in the time

functional dynamic domain. Testing with animals was performed at the Carolina Medical

Centre.

• Electronics and Telecommunications Research Institute [26, 57]: This system was in-

spired by the Dartmouth College system. It incorporates an array of 16 monopole antennas

that move vertically to 7 different imaging planes . The imaging tank is filled with a coupling

liquid of propylene glycol and distilled water. A microwave switch controls which antenna

acts as the transmitter while the remaining 15 act as receivers. Scans are performed from 0.5

- 3 GHz. Images are reconstructed with the FDTD algorithm in a limited imaging zone to

reduce computational time. Results have been published with phantoms and small animals.

• University of Manitoba [58–61]: Two-dimensional and three-dimensional systems have

been developed and evaluated. The 2D system features a cylindrical array of twenty-four

antennas. Experimental measurements were performed with human forearms from 0.8 - 1.2

GHz. The 3D system uses twelve Vivaldi antennas fixed in a middle cylindrical array and

120 probes along upper, middle, and lower cylindrical arrays. Deep-learning techniques have

been investigated to remove artifacts and improved the quality of the reconstructed images.

MWT has proven to be a well-rounded and accurate reconstruction method. However, the

computational time can be long, so research groups have focused on reducing the complexity

of the reconstruction. Microwave radar too has shown promising results with experimental and

clinical work. Some examples of microwave radar groups include:

• Bristol University [62,63]: A semi-spherical system that incorporates 60 antennas has been

developed. The antenna system uses a fitting cup to connect with the breast. A paraffin

coupling medium is used between the antennas, fitting cup, and the breast. The system

operates in the 4 - 8 GHz frequency range. A DAS beamformer is used to reconstruct images.

Testing with human subjects has been performed with this device.
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• University of Calgary [37, 39, 64]: This system uses a single Vivaldi antenna to perform

monostatic radar. Canola oil is used as a coupling medium. The system rotates to collect

measurements along a cylindrical plane. Measurements are performed with a frequency

range from 50 MHz - 15 GHz. The reconstruction algorithm estimates the skin response and

reconstructs the intensity within this region through the DAS beamformer. Results from 8

patients have been reported.

• McGill University [23, 65, 66]: A clinical prototype of a wearable microwave radar system

has been developed. The semi-spherical system includes 16 flexible monopole antennas.

Time-domain measurements are recorded using an oscilloscope instead of frequency mea-

surements. The system has been assessed on multiple patients over an 8-month period.

• University of Manitoba [67–69]: Monostatic radar system with a single horn antenna has

been developed. The antenna rotates to 72 positions along a cylindrical plane. The system

operates in the 2 - 9 GHz frequency range. An iterative DAS beamformer is used to recon-

struct images. This Health Canada Licensed device has been evaluated with MRI-derived

shell-based breast phantoms and eight volunteers.

Microwave radar has progressed far in terms of experimental work. However, the method

itself does not to incorporate the physics of microwave propagation and equipment parameters.

Recently, some groups have tried to bridge the gap between tomography’s complexity and radar’s

simplicity [69, 70].

1.4 Thesis Question

Current imaging modalities for breast cancer include x-ray mammography, MRI, MBI, and ul-

trasound. However, these methods have many limitations that prevent the development of portable

devices. This includes high equipment cost, large size and infrastructure, health risks, and the need
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for trained personnel to operate and obtain a preliminary diagnosis. A portable microwave sensing

device may be designed and developed to address the issues of current imaging modalities.

Hypothesis: Advances in microwave and machine learning technologies can be harnessed to

create an early breast cancer detection device that is suited for use by women in remote and

low-income locations.

This research project aims to design, develop, and evaluate a portable breast microwave de-

tection device suitable for use in remote locations and LMIC. The feasibility of machine learning

reconstruction will be monitored for different contrasts in rod materials. Information from this

may be used to modify and optimize the performance of the physical device to enable future mea-

surements of more complex phantoms. This thesis has three key objectives:

• The design, construction, and testing of a small microwave-based breast cancer detection

device (Chapter 2).

• The simulation of time-domain S11 data to mimic the parameters of the physical device

(Chapter 3).

• The training and testing of a machine learning network to locate rod responses from numer-

ical rod phantoms (Chapter 4).
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2. Designing and Characterizing a Portable

Microwave Device

2.1 Introduction

In Canada, it is estimated that 1 in 8 women will be diagnosed with breast cancer in their

lifetime, a condition more easily treated if detected in its early stages [7]. Access to early breast

cancer detection is limited in northern communities in Canada [10] and LMIC in the broader

international community [5]. Although the relative incidence of breast cancer is currently lower in

LMIC, the lack of access to breast cancer screening in these areas results in inequitable care and

disproportionately high mortality rates for women that will worsen as the incidence rates increase

[5].

Current breast cancer screening methods include x-ray mammography, MRI, MBI, and ultra-

sound [8]. These modalities are of high cost, large size, incorporate fragile equipment, use ionizing

radiation, and/or require trained personnel to work. These disadvantages make current modalities

difficult to bring to low-income and remote areas. This has prompted research into alternative

methods for breast cancer screening. Specifically, breast microwave sensing has shown encourag-

ing results as a small, safe, and low-cost modality.

Different microwave methods have been evaluated with numerical simulations [24, 30] and

breast phantoms [32–34], with some progressing to human trials [53]. The reconstruction style,

configuration, measurement protocol, and equipment vary between research group. Common de-

signs include a cylindrical array of antenna positions that individually measure reflections and/or

transmissions within the breast. These arrays may be synthetically created through a rotational
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component or physically created with a stationary array. Microwave groups operate their systems

using different bandwidths with most in the range of 0.5 - 10 GHz.

Microwave tomography and radar imaging lie on opposite ends of the spectrum, with mi-

crowave tomography incorporating the full electromagnetic model and radar simplifying to a model

that does not to incorporate the physical aspects of microwaves and the equipment. An optimal

system can be created by bridging the gap between the inaccuracies of radar and the complex

computational requirements of tomography. It has been shown that an iterative DAS beamformer

can be modified to incorporate the physics of antenna gain, beam pattern, and VNA characteris-

tics [68, 69]. This improves upon the traditional DAS beamformer and further research can imple-

ment other properties of antennas, VNAs, and microwaves. Machine learning techniques may also

improve upon current detection methods. With this process, a machine learning network can be

trained to effectively and accurately detect breast abnormalities by incorporating physical aspects

of microwaves and the device.

This chapter focuses on designing and characterizing a portable microwave system that may

be used for early detection in remote and low-income areas. The device uses low-powered non-

ionizing radiation, is small and compact, and will require no trained personnel to operate. It fea-

tures a cylindrical array of patch antennas operating in the 0.7 - 3 GHz range. The coupling between

adjacent antennas was quantified for varying antenna spacings to identify the optimal number of

antennas. The ideal number of antennas was found by minimizing the unwanted coupling while

maximizing the angular sampling.

Additionally, copper rod measurements were performed to monitor the time domain responses.

To estimate the antenna cable time delay and propagation speed, measurements of S11 reflections

in the time domain were performed for varying distances between the antenna and the copper

rod. Further characterization, calibration, and testing of the device will allow for a complete set

of measurements to be taken with breast phantoms. These measurements may then be used in a

machine-learning algorithm to automate breast abnormality detection and allow for the device’s
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portability. As a result, women in LMIC and remote areas may have improved access to breast

cancer screening through the design, characterizing, and testing of a portable microwave device.

2.2 Methods

A portable microwave detection device was designed to address current issues with breast

cancer screening accessibility. While designing the device the following aims were considered:

• The overall size, weight, and cost of the device should be minimized.

• The chamber of the device should be sized so that it may scan large breasts.

• The device should have no rotational components to reduce complexity and cost.

• Machine learning will be used to automate the response to the presence or absence of a breast

abnormality.

• The device should feature a user-friendly graphical interface so that the patient can use it on

themselves.

The first three aims described in this chapter were achieved through carefully considering the

equipment and design of the device. Initial research into the fourth aim is outlined in Chapter

4 through machine learning detection of rod materials. Future research for this aim includes the

progression to breast phantoms and, eventually, human subjects. The final aim may be completed

in the future through advanced computer technology.
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2.2.1 Equipment and Antenna Coupling Minimization

Figure 2.1: Portable device equipment including the NanoVNA V2-2 and flexible patch antennas.

Version Frequency range Dynamic range
(<1GHz)

Dynamic range
(>1GHz)

Sweep
Points

NanoVNA-H4 50k - 1.5 GHz 40 dB 40dB 101
NanoVNA V2-2 50k - 3 GHz 70 dB 60 dB 1024
NanoVNA
V2 Plus4

50k - 4.4 GHz 90 dB 80 dB 1024

Table 2.1: Specifications of the NanoVNA-H4 [71], NanoVNA V2-2 [72], and NanoVNA V2
Plus4 [72].

The equipment for the portable device was carefully chosen to reduce overall cost, size, and

complexity. Tiny compact vector network analyzers (VNA) and flexible wideband patch antennas

were selected to construct the device (Fig. 2.1). Initially the NanoVNA-H4 [71] was chosen

because of its low cost, compact size, and small weight. This VNA was replaced by the newer

version, NanoVNA V2-2 [72]. This version allowed for higher frequency scans with a better

dynamic range. Recently the NanoVNA V2 Plus4 [72] was released, opening possibilities for

improvements in the future. The specifications of the VNAs are outlined in Table 2.1.

Patch antennas were chosen to transmit and measure the microwave radiation patterns. These
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Figure 2.2: Radiation pattern of the patch antennas for 1.575 and 2.600 GHz.

antennas are flexible, rectangular in shape, and can be easily mounted to surfaces. They are 9.6 ×

2.1 × 0.2 cm and work in the 0.7 - 3 GHz range. The antennas use a mini coaxial cable and U.FL

termination. An SMA adapter was used to connect the antenna to the VNA port. The radiation

patterns are omnidirectional and reasonably symmetric in the YZ plane. Examples of the radiation

patterns for 1.575 and 2.600 GHz are shown in Figure 2.2.

Before the device was designed and assembled, the optimal number of antennas was deter-

mined by minimizing the antenna coupling while maximizing the angular sampling. Coupling

between adjacent antennas refers to the energy absorbed from one operating antenna to another.

This is unwanted as it reduces the antenna’s performance and efficiency. The antenna coupling can

be reduced by using different radiation patterns, polarizations, or increasing the antenna spacings.

On the other hand, it is desirable to place the antennas close together so that more may fit within

the device, thus increasing the angular sampling.

To monitor the coupling for various antenna spacings, measurements were taken with the

NanoVNA and patch antennas. The two-port system was used to measure S-parameters between

two adjacent antennas. The coupling between adjacent antennas was quantified through the Enve-
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Figure 2.3: ECC values for five different antenna spacings over 700M - 3 GHz. The corresponding
number of antennas that would fit in the device was determined for each antenna spacing.

lope Correlation Coefficient, ECC [73]:

ECC =
|S∗11S12 +S22S∗21|2

(1−|S11|2 −|S21|2)(1−|S22|2 −|S12|2)
(2.1)

where S∗11 and S∗21 are the complex conjugate of S11 and S21 respectively. S-parameter measure-

ments were performed between two adjacent antennas suspended on graph paper and surrounded

by microwave absorbers. The ECC between the two antennas was obtained for eight antenna sep-

arations ranging from 1 - 8 mm in 1 mm increments. The number of antennas that would fit within

a 20 cm diameter was determined for each antenna spacing.

The ECC was calculated for 1024 frequency points between 0.7 - 3 GHz and reached a peak at

1.02 GHz. Five of these antenna spacings and their corresponding number of antennas are shown

in Figure 2.3. At the peak frequency, the normalized ECC values, ρn, were plotted as a function

of the normalized antenna spacings, dn. The optimal antenna spacing was found by minimizing

the following equation, ρ2
n +d2

n . From here, the optimal number of antennas was determined to be

twenty-six.
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2.2.2 Device Design and Assembly

Figure 2.4: 3D printed materials for the physical device consisting of an inner cylinder (left) for
scanning and an outer shell (right) to fasten the VNAs.

The overall system was assembled using 3D printed materials, patch antennas, VNAs, ab-

sorbers, cables, and a 28-port USB hub. The design consists of a cylindrical array of twenty-six

stationary patch antennas each connected to its own NanoVNA. To minimize noise associated with

cable motion, the antennas were mounted on the inside of a 3D printed cylinder while the VNAs

were fastened into holders that were radially close to the antenna. Each antenna was connected to

a NanoVNA, allowing S11 reflections to be easily measured. However for future measurements,

the power received by the remaining antennas can be recorded, resulting in 26 reflection and 26x25

transmission signals for a single frequency.

The backbone of the device was developed using 3D printed materials made from polylactide

thermoplastic (Fig. 2.4). The models were designed using Autodesk Inventor 2022 and sliced

for 3D printing using Ultimaker Cura. After the design, the Prusa i3 MK3S was used to print

the materials. Two cylinders were created to mount the antennas and fasten the VNAs. The first

cylinder has an inner diameter and height of 20 cm and 20 cm respectively. This allows antennas
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to be mounted on the inner surface so that scans can be performed radially inwards. The cylinder

incorporates twenty-six holes halfway down the length of the material to allow for the antenna

cables to pass through. Additional holes underneath are used to fasten the first cylinder to the

second at variable heights. The 20 cm diameter allows for breasts larger than a D-cup size to be

included.

Figure 2.5: Eccosorb absorbers AN-79 and AN-75 incorporated to the physical device to minimize
external signals and multiple reflections.
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The second cylinder has an inner diameter that corresponds to the outer diameter of the inner

cylinder. The outer diameter and height of the second cylinder are 40 cm and 12 cm, respectively.

Carved into the cylinder are twenty-six rectangular cavities to hold the NanoVNAs. Beneath each

cavity lies an opening for the VNA cables to connect to a USB hub for communication.

Microwave absorbers were chosen to reduce unwanted reflections and external signals. Two

Eccosorb radar absorbing materials were incorporated into the device (Fig. 2.5). AN-79 absorbers

(11.4 cm thickness) were placed at the bottom of the air chamber to absorb immediate microwaves

and scatter towards the bottom. These absorbers have reflectivities smaller than -20 dB for the

entire bandwidth. Thinner AN-75 absorbers (2.9 cm) were wrapped into a cylindrical shape so

that they may be placed concentrically with the device during a scan. The AN-75 materials absorb

poorer than the thicker absorbers, but the reflectivity is lower than -13 dB for the entire bandwidth.

2.2.3 Rod Measurements and Antenna Cable Delay

Individual S11 antenna measurements were performed on copper rods. To begin, the VNA port

was calibrated with short, open, and load S11 measurements from 0.7 - 3 GHz. After calibration,

open-air S11 values were swept from 0.7 - 3 GHz using 230 frequency points. This was transformed

to 101 time points ranging from 0 - 5 ns using the ICZT. For the open-air scans, a significant

response occurred due to reflections at the antenna-cable interface (Fig. 2.6). The maximum value

from this response provided the time delay and the uncertainty was estimated from the standard

deviation of a Gaussian fit. The time location of the response was found to be 1.61(26) ns.

Next, copper rods were placed within the device chamber to measure the responses from a

single antenna. For these measurements, the center of the copper rod was placed at the following

distances along the Y-axis of a single antenna: 2.5 cm, 5.0 cm, 7.5 cm, 10 cm, 12.5 cm, 15 cm, 17.5

cm, and 19.5 cm. S11 values were recorded from 0.7 - 3 GHz for 230 frequency points. Afterwards,

the rod was removed and a similar open-air scan was performed. The frequency S11 values were

transformed to the time domain. In the time domain, the open air and rod scans were subtracted
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Figure 2.6: Physical open-air S11 measurement converted to the time domain and extended along
the x-axis. The magnitude of the S11 values were fit with a Gaussian curve to estimate the uncer-
tainty in the response.

from each other. From the magnitude of the S11 values, the time locations of the rod responses

were easily visible.

By varying the distance between the rod and antenna, linear shifts of the rod responses were

apparent in the time-domain. In the time domain, the location of the reflected signals were given by

the maximum value within the response peak. Each response was fitted with a Gaussian curve. The

uncertainties in the distances were given by the radius of the rod (0.5 cm), while the uncertainties

in the time responses were given by the standard deviation of the Gaussian fit. The time responses

were plotted as a function of rod distances. Weighted linear regression was used to determine the

slope and y-intercept of this relationship. The slope allowed the microwave propagation speed

to be calculated. The y-intercept estimates the total time delay between the NanoVNA port and

transmission plane.
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2.3 Results and Discussion

Figure 2.7: Normalized ECC value as a function of normalized antenna spacing. The optimal
antenna spacing was obtained using a weighted-sum objective to minimize the ECC and antenna
spacing.

Figure 2.8: Optimal number of antennas determined by simultaneously minimizing the ECC and
antenna spacing for different k-weightings described by equation 2.3.
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At 1.02 GHz, a maximum ECC value of 0.71 occurred with 1 mm spacing. Each ECC value

was normalized to 0.71 and plotted for each antenna spacing normalized to 8 mm (Fig. 2.7). The

optimal data point o was found from the normalized ECC, ρn, and normalized distance, dn,

o(ρn,dn) = min(ρ2
n +d2

n) (2.2)

From this, the optimal spacing was found to be 3 mm, corresponding to twenty-six patch antennas

within the 20 cm diameter. However, this method assumes an equal weighting between the nor-

malized ECC and normalized distance. Instead, we can use a weighting factor, k, to weight the

effects of the ECC and antenna spacing distance.

o(ρn,dn) = min(k ρ
2
n +(1− k)d2

n) (2.3)

This equation was minimized for k weightings varying from zero to one. The optimal number

of antennas as a function of k is shown in Figure 2.8. For small k, the weighing is focused on

minimizing the antenna spacing. In this case, the optimal number of antennas is twenty-eight as

this is the maximum number of antennas that fit within the device. For large k, the weighting

is focused on minimizing the coupling between antennas. In this case, the optimal number of

antennas decreases to twenty-one, although the ECC does not vary much between twenty-one and

twenty-five antennas. For k = 0.5, we received the same weighting as our previously determined

spacing.

By examining the optimal values for varying k, we can visualize twenty-six as the most frequent

result. In Figure 2.7, there is a steep decrease in the ECC values that plateaus after the third data

point. Data points after this value will not drastically improve the antenna performance, and only

further decrease the angular sampling. Therefore, it was determined that twenty-six patch antennas

would be incorporated into the device.

Following this, the device was assembled by mounting the antennas on the inside of the smaller
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Figure 2.9: Physical setup of the portable detection device consisting of a cylindrical array of patch
antennas connected to their own NanoVNA V2. Absorbers were placed at the bottom of the cavity
and concentrically with the device during a scan.

3D printed cylinder and inserting the VNAs inside the cavities of the larger cylinder (Fig. 2.9). The

two cylinders were fastened together to bring the antennas and VNAs radially close to one another.

Mini coaxial cables connected the patch antennas to the first port of their VNAs. Each VNA was

connected to a 28-port USB hub underneath the device. A computer was used to switch between

USB ports to collect measurements from different antennas.

Initially, the patch antennas featured a U.FL termination and SMA adapter. The antennas mini

coaxial cables passed through the first cylinder and connected to the SMA adapter at the VNA

port. However, with this set up there was an upward tension on the cable that made the connection

between the U.FL termination and SMA adapter unstable. This caused noisy and inaccurate S11

measurements. To solve this problem, the manufacturers made custom patch antennas to feature

an SMA termination instead of U.FL The inner cylinder was re-printed with larger holes to allow

the SMA termination to pass through.

The absorbers’ effects were checked by performing multiple S11 measurements with and with-

out the absorbers in place. Scans were performed with half of the patch antenna array from anten-

nas #1 - 13. Frequency S11 values were recorded for three different orientations of the device. This

was done by physically rotating the device 0◦, 120◦ and 240◦ with respect to its surroundings. At
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Figure 2.10: Raw S11 values from patch antennas #1-13 for 0◦, 120◦ and 240◦ rotations of the
device. Measurements were performed with and without microwave absorbers.

a single frequency, the measurements were repeated three times to determine the mean and esti-

mate the uncertainty from the standard deviation. These measurements were performed with and

without the microwave absorbers to display the effect of external environments.

The corresponding S11 values for the different orientations at 2522 MHz are displayed in Figure

2.10. It was clear that rotating the device without absorbers affects the measurements. For the

measurements with absorbers, the effects from rotation are significantly reduced, and each antenna

was able to measure roughly the same value when shifted with respect to their surroundings. Slight

deviations with the S11 values give an estimation of the system’s accuracy capabilities with these

particular absorbers. Through the addition of absorbers, the effect of external surroundings is

minimized, allowing for rotational symmetry.

Copper rod measurements were performed to monitor the corresponding reflection responses.

After converting to the time domain, the open-air measurements were subtracted from the copper

rod scans to extract the rod response. This was repeated for eight different rod-to-antenna distances.

The peak value of the responses was used to determine the time delay. Each rod response was fit

with a Gaussian curve to assess the uncertainty in the time response (Fig. 2.11 and 2.12).

The time location of the S11 reflection responses were plotted as a function of rod distance

(Fig. 2.13). From this plot, a linear relationship between the antenna-to-rod distance and the corre-
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Figure 2.11: S11 responses and Gaussian fits for different rod-antenna distances: (a) 2.5 cm, (b)
5.0 cm, (c) 7.5 cm, (d) 10.0 cm.
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Figure 2.12: S11 responses and Gaussian fits for different rod-antenna distances: (e) 12.5 cm, (f)
15.0 cm, (g) 17.5 cm, (h) 19.5 cm.
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Figure 2.13: Location of the S11 time peak as a function of antenna-to-rod distance. The time delay
and slope were determined from weighted linear regression.

sponding time delay is observed. Weighted linear regression was used to determine the slope and

y-intercept as 0.0677(19) ns/cm and 1.93(3) ns respectively. From the slope, m, the propagation

speed v is calculated to be

v =
2
m

= 2.95(8)×108m/s (2.4)

which agrees with the speed of light in air, 299,792,458 m/s. More accurate measurements for

this parameter can be performed using a rod with a smaller radius. From the y-intercept, the time

delay between the VNA port and the antenna’s plane was determined to be 1.93(3) ns. This value

is larger than the open-air Gaussian response of 1.61(26) ns since the open-air response occurs

at the antenna-cable interface, and the time delay is determined up to the point of transmission.

This allows for full scans to be performed at the plane of the antenna array. Again, this parameter

can be re-measured with a smaller rod to decrease the uncertainty in the position. One way to

decrease the uncertainties in the time response is to use a larger bandwidth during measurements.

Since the NanoVNA technology is improving the bandwidth, testing other patch antennas could

be advantageous.
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2.4 Conclusion

A portable microwave device was designed and characterized to address issues with breast

cancer screening in remote and low-income areas. The overall cost, size, and weight of the device

were minimized. The device was assembled with multiple 3D printed materials to mount and

fasten the flexible patch antennas and inexpensive NanoVNAs. Microwave absorbers were placed

on the bottom and surroundings of the device to minimize external signals and multiple reflections

within the chamber.

S-parameter measurements were performed to check the coupling between two adjacent anten-

nas for varying antenna spacings. The ECC coupling parameter was calculated at eight antenna

spacings ranging from 1 to 8 mm. The optimal spacing between antennas was found by minimiz-

ing the sum of the ECC squared and spacing squared. From here, the optimal number of antennas

was determined to be twenty-six. The weightings for the ECC and antenna spacing were varied.

However, further investigation may be needed to quantify the effects of coupling versus angular

sampling.

Copper rod measurements were performed to determine the corresponding reflection locations

in the time-domain. Shifting the distance between the antenna and rod corresponded to a linear

shift in the time-domain. The measurements determined the propagation speed to be 2.95(8) ×108

m/s. The time delay was found to be 1.93(3) ns, allowing for measurements to be performed from

the plane of the antenna. From here, full measurements with the device may be performed on

different types of rods to determine the systems sensitivity.

The next chapter describes how parameters from the portable device and microwave properties

were used to create a radar simulator. The simulated S11 values of rod-like objects were compared

to measurements of copper rods with the physical device. In Chapter 4, large data sets of numer-

ical rod phantoms and simulated S11 data were used to train a convolutional neural network to

reconstruct the rod images. This network can supplement training for the physical scans through
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transfer learning.

For the next steps, scans may be performed on shell-based breast phantoms to train a machine

learning network to detect the presence or absence of a tumour. The development of a portable

microwave breast cancer detection device will enable women in remote and low-income areas to

access an easily operated, safe, and low-cost breast screening device, allowing early detection of

breast abnormalities.
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3. Radar-model Simulations and Physical

Comparison of S11 Measurements

3.1 Introduction

Breast microwave radar spatially focuses reflection signals into the imaging domain to recon-

struct high areas of scattering. Typically, radar systems operate in a monostatic or multistatic

mode. Monostatic systems transmit and receive with the same antenna to measure the S11 reflec-

tions. The system can operate using a single antenna [32, 37] or a fixed array of antennas [62, 74].

The antenna(s) illuminates the breast with a broad beam angle to locate backscattering areas. Mul-

tistatic systems have multiple antennas in an array [65, 75]. Each antenna, in turn, operates as

the transmitting antenna while the remaining antennas receive Snm signals from various scattering

angles.

The measured signals are processed with a radar beamformer to identify scatterers within the

breast. The DAS beamformer is commonly used to reconstruct reflection responses from monos-

tatic systems [39]. Extensions of this beamformer have been implemented to improve the contrast

between fibroglandular and cancerous tissues. Specifically, the delay-multiple-and-sum beam-

former improves the contrast through pair-wise multiplication between signals, rewarding high

coherence between signals and reduces background clutter [40].

For a monostatic system, the S11 reflections can be described using a basic radar model [76].

By using numerical phantoms, the radar model can be used to simulate frequency-domain S11

signals. The frequency range and antenna positions within this model can be modified to mirror a

physical device. The model assumes each position in the imaging domain acts as a point scatterer,
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with plane wave propagation within a homogeneous medium. For complex numerical phantoms,

this model neglects many physical aspects of the imaging process.

In this Chapter, S11 data was simulated with an improved radar model and results were com-

pared to measurements with the physical device described in Chapter 2. The basic radar model

was modified to include multiple scattering, microwave attenuation, and spherical spreading. Fre-

quency domain S11 data was transformed to time-domain sinograms using the inverse chirp-z trans-

form (ICZT). Two types of numerical phantoms were used to generate time-domain sinograms:

Breast phantoms and rod phantoms.

Simple breast phantoms were created to represent the cross-section of a breast. These 2D arrays

consisted of three types of tissues: adipose, fibroglandular, and cancerous. The permittivities of

these tissues were calculated using the Debye model [77]. Simulated scans were performed from

1 - 5 GHz to emphasize the effect of attenuation at higher frequencies. These phantoms were used

to evaluate the impact of secondary scattering, attenuation, and spherical propagation on the radar

model.

Digital rod phantoms were created from two-dimensional images of circular objects represent-

ing the cross-section of metal rods. Using the modified radar model, frequency-domain S11 signals

were simulated from 0.7 - 3 GHz. Physical S11 scans of copper rods were performed with the same

bandwidth using the device described in Chapter 2. Time-domain sinograms were generated from

both the simulated and real S11 data. The DAS beamformer was used to reconstruct images of

the rods. The simulated and physical sinograms were found to follow a similar pattern, although,

for more complex phantoms, further modifications may be needed to improve the accuracy of the

radar model.
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3.2 Methods

3.2.1 Radar-model Simulation

Figure 3.1: Primary scattering shown from antenna position a to r and back; Secondary scattering
from a to r to a secondary position r’ and back to antenna a.

The measured S11 reflections may be simulated using a radar model. In the simplest form, the

primary scatter received at emitting antenna position a can be described as [76],

S1
11( f ,a) =

∫
drσ(r)e−2π j f 2t(a,r) (3.1)

where σ (r) is the reflectivity at r, f is the frequency of the microwave signal, and t(a, r) is the

propagation time from the antenna position to position r. The propagation speed (v0) in a material
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can be estimated from the speed of light in a vacuum (c) and the relative permittivity (εr):

v0 =
c√
εr

(3.2)

To simplify calculations, we assume a homogeneous phantom by calculating the average prop-

agation speed throughout the imaging domain. From here, the propagation time can be estimated

by,

t(a,r) =
|r−a|

v0
(3.3)

This basic model assumes far-field, plane wave propagation, a homogeneous phantom, and

no multiple scattering or attenuation effects. The model may be modified to incorporate realistic

features. Firstly, we can incorporate multiple scattering into the model. The secondary scatter

component received at the emitting antenna is,

S2
11( f ,a) =

∫
drσ(r)e−2π j f t(a,r)

∫
dr’σ(r)e−2π j f (t(r,r’)+t(r’,a)) (3.4)

The complex exponentials describe the propagation of a signal from the antenna position a to

position r, and then from position r to position r’, and finally from position r’ back to the antenna

position a. Calculating the time delays t(r,r’) for all r and r’ is computationally expensive, so we

assume that the time delay that occurs between the primary scatter and secondary scatter positions

is small compared to the sum of the time delays from each scatter position to the antenna, ie.

t(r,r’) << t(a,r)+ t(r’,a). From this assumption, the time delay from r to r’, t(r,r’), may be

neglected,

S2
11( f ,a) =

∫
drσ(r)e−2π j f t(a,r)

∫
dr’σ(r)e−2π j f t(r’,a) (3.5)

The two integrals are identical and can be combined to form one term. The simplified secondary
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scattering component then becomes,

S2
11( f ,a) =

(∫
drσ(r)e−2π j f t(a,r)

)2
(3.6)

Next, we assume spherical propagation towards the point scatterer and spherical propagation

back towards the antenna. For the primary scatter term, we first consider the field F1 intercepted

by a point scatterer from an initial field F0,

F1 =
( r0

|r−a|

)
F0 (3.7)

where r0 is a reference position, taken to be 1 m. The field F2 intercepted by the antenna after

scattering is then,

F2 =
( r0

|r−a|

)
F1 (3.8)

F2 =
( r0

|r−a|

)2
F0 (3.9)

The constant term in the numerator can be factored out and we are left with the following,

S1
11( f ,a) =

∫
drσ(r)

e−2π j f 2t(a,r)

|r−a|2
(3.10)

For the secondary scattering term, we have spherical propagation in one direction, either towards

the point scatterer or towards the antenna. Thus, the S11 signal can be modelled as,

S2
11( f ,a) =

(∫
drσ(r)

e−2π j f t(r,a)

|r−a|

)2
(3.11)

Next, we incorporate microwave attenuation into our model. Exponential attenuation can be de-

scribed by e−α |r−a|, where the attenuation coefficient α is given by [78],

α =
2π

λ0

[
ε ′

2

(√
1+

(ε ′′

ε

)2 −1
)]1/2

(3.12)
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where λ0 is the free space wavelength, and ε ′ and ε ′′ are the real and imaginary components of the

relative complex permittivity. We apply the attenuation term to each propagation term within the

integrals of the primary and scattered radar models:

S1
11( f ,a) =

∫
drσ(r)e−2π j f 2t(a,r)−α|r−a| (3.13)

S2
11( f ,a) =

(∫
drσ(r)e−2π j f t(a,r)−α|r−a|/2

)2
(3.14)

Altogether, the following expression describes the S11 signals received at the antenna position a:

S11( f ,a) =
∫

drσ(r)
e−2π j f 2t(a,r)−α|r−a|

|r−a|2
+
(∫

drσ(r)
e−2π j f t(r,a)−α|r−a|/2

|r−a|

)2
(3.15)

Twenty-six antenna position were equally spaced around the imaging chamber when simulat-

ing the physical device. A Cartesian coordinate system was used to record distances and time

delays. The first measured antenna angle started at 270◦ on the Cartesian coordinate system [x = 0

cm, y = -10 cm] and progressed counter-clockwise (Fig 3.1). Frequency domain S11 values were

simulated using variable bandwidths. The inverse chirp-z transform (ICZT) was used to transform

the frequency-domain S11( f , a) values to the time-domain S11(t, a).

3.2.2 Breast Phantom S11 Simulation

Breast phantoms were computationally generated to monitor the modifications on the radar

model. These phantoms consisted of two-dimensional arrays of 128 × 128 pixels corresponding

to 20 × 20 cm in the imaging domain. Three types of tissue permittivities were simulated in the

phantoms; adipose, fibroglandular, and cancerous. The mean breast diameter of a D-cup breast

is 13.7(2) cm [79], and using this diameter, an elliptical object was placed in the center of the

array to represent the outline of the breast. Within this object, two more elliptical objects were

placed randomly within the breast outline. One of these ellipses corresponded to a section of
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Figure 3.2: Permittivity map of a breast phantom consisting of air, fatty tissue (adipose), fibrog-
landular tissue, and cancerous tissue.

fibroglandular tissue, and the other represented cancerous tissue. The remaining breast tissue was

assumed to be adipose and outside the breast was assigned as air.

The permittivities of the various breast tissues may be estimated using the Debye model:

εr = ε∞ +
εs − ε∞

1+ jωτ
− j

σ

ωε0
(3.16)

The Debye model parameters of different breast tissues [77] are outlined in Table 3.1. For these

simulations, we used a bandwidth of 1 - 5 GHz, sampling every 20 MHz. The wider bandwidth

allows the more significant attenuation at these higher frequencies to be incorporated. The tissue

permittivities can be estimated using the Debye model parameters in Table 3.1 and the center

frequency of 3 GHz:

εr = 9.95−1.29 j (Adipose)
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Material ε∞ εs τ(ps) σ

Adipose 7.0 10 7.0 0.15
Fibroglandular 6.14 21.57 7.0 0.31
Cancerous 3.99 54.00 7.0 0.70

Table 3.1: Debye model parameters for various breast tissues [77].

εr = 21.31−3.86 j (Fibroglandular)

εr = 53.14−10.68 j (Cancerous)

An example of a permittivity breast model is shown in Figure 3.2. From here, a reflectivity

map can be determined by calculating maximum permittivity shifts in neighbouring pixels. For a

single interface, the reflectivity (Γ) is determined between the two neighbouring permittivities ε1
r

and ε2
r ,

Γ =

∣∣∣∣∣
√

ε2
r /
√

ε1
r −1√

ε2
r /
√

ε1
r +1

∣∣∣∣∣ (3.17)

The corresponding reflectivity map of the breast model from Figure 3.2 is shown in Figure 3.3.

Using the radar model, frequency-domain S11 data was developed from this reflectivity map, and

converted to the time domain using the ICZT. The time-domain S11 data was used to create an

image map of the reflections known as a sinogram, where the y-axis refers to the time delay and

the x-axis refers to the antenna angular position.

Five different sinograms were created for the same breast phantom to monitor the effect of

the modifications added to the radar model. The first uses the basic radar model described by in

Equation 3.1. The second uses the basic radar with the addition of the secondary scatter outlined

in Equation 3.6, while the third simulation utilizes the spherical spreading on the primary scatter

shown in Equation 3.10. The fourth incorporates the exponential attenuation in the primary scatter

as described by Equation 3.13, while the final simulation combines all the modifications repre-

sented by Equation 3.15. These different sinograms aim to illustrate each change’s improvement

to the simple radar model.
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Figure 3.3: Reflectivity map of the breast model created from the permittivities of neighbouring
pixels.

3.2.3 Rod S11 Simulation

Time-domain reflection data can be simulated with the radar model and measured with the

physical device. First, using the radar-model, simulated results were generated for simple rod

phantoms. These phantoms consist of a 128 × 128 pixel array, representing a 20 × 20 cm imaging

chamber, resulting in a resolution of 1.56 mm/pixel. The imaging domain consists of the circular

region within the array, centered with a radius of 10 cm. Within this domain we may represent

rods by creating 3 mm circular objects. If we assume a copper rod with 100% reflectivity, then a

reflectivity map may be generated at the interfaces between the rod and air. These interfaces will

have values of 1, whereas everywhere else has a reflectivity of 0.

From this reflectivity map, the radar model may be used to simulate S11 data from 0.7 - 3 GHz

using 115 frequency points. Since most of these phantoms consist of air, the effects of attenuation

are negligible. Therefore, the secondary scatter with the spherical propagation model is sufficient.
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Figure 3.4: Rod permittivity model and time-domain sinograms for two rod models centered at
[0cm, 0cm] and shifted to [3cm, 0cm].

An example of the sinograms for two different rod models, first with the rod centered in the device

and secondly with the rod shifted 3 cm to the right, are illustrated in Fig. 3.4.

For the first sinogram example, a constant reflection response at 0.67 ns for each antenna is

obtained (Fig. 3.4). This is expected as each antenna is 10 cm away from the rod, so the signal

would travel 20 cm total. If the rod is shifted 3 cm to the right, the reflection responses follow a

sinusoidal pattern as the relative distance between the rod and antenna varies (Fig. 3.4).

From these simulated sinograms, a simple DAS reconstruction can be performed. The rod

offsets and angles were varied to visualize the corresponding shifts in the time domain. Recon-

structions were performed for the follow rod positions [x(cm), y(cm)]: [0,0], [0,3], and [3,0].

These were compared to results from the physical device where similar scans were performed with

copper rods.
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3.2.4 Rod S11 Physical Measurement

Figure 3.5: Cylindrical lid for positioning, securing, and straightening rods for physical measure-
ments.

The physical device developed in Chapter 2 was enabled to perform full scans. Each antenna

was connected directly to port 1 on their NanoVNA. A USB hub was used to communicate with

each VNA individually. A SOL calibration was performed on every VNA and the antenna cable

time delay was implemented to initialize S11 measurements from the plane of the antenna array.

To enable accurate rod positioning, a rod holder was 3D printed (Fig. 3.5). This consisted of

a cylindrical lid, tightly fastened onto the device. Cylindrical cavities were located through the

top of the lid in a polar coordinate system, repeating every 1 cm along the radial direction. The

radius of the cavities were sized to be 3.1 mm so that 3 mm rods could easily fit through. Tighter

plugs were created to fasten around the 3 mm rod while securing an upright position with respect

to a neighbouring hole 1 cm away. Ridges on the inside of the lid allow for the placement of

AN-75 absorbers. The addition of the rod holder ensures accurate positioning of the rods while

maintaining security in an upright position.

After the initial setup, full scans were performed by sequentially selecting each VNA to act

as the transmitter and receiver. Physical rod scans were performed to mimic the S11 simulations

from the numerical rod phantoms. Measurements were taken with each antenna from 0.7 - 3 GHz

Chapter 3. Radar-model Simulations and Physical Comparison of S11 Measurements 44



using 115 frequency points. Initially, an open-air scan was performed with the device shielded

with AN-75 radar absorber material placed concentrically around the device. A copper rod was

inserted through the lid and into the imaging chamber for the following rod coordinates: [0,0],

[0,-4] [x(cm), y(cm)]. From the ICZT, time-domain sinograms were created for each rod position.

Using the DAS beamformer, reflection images were reconstructed and compared to the results

from the radar simulations.

3.3 Results and Discussion

Figure 3.6: Radar model sinograms of a breast phantom using (a) the simple radar model, (b)
secondary scattering, (c) spherical spreading, (d) exponential attenuation, and (e) the full radar
model.
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This section describes the results of modifying a basic radar model to incorporate different

physical components when simulated with a 2D numerical breast phantom. The results from the

modifications to include secondary scattering (b), spherical wave propagation (c), and exponential

microwave attenuation (d), are displayed in Figure 3.6.

For the simplistic radar model, the highest intensity reflections are due to the air-to-breast

and breast-to-air interfaces. The responses from the tumour and fibroglandular tissue are located

between these times. Since the reflectivity is the highest at the air-to-breast interface, this response

is higher than the remaining interfaces. However, this response would be lessened if the breast

were in a matching medium. The secondary scattering component features multiple reflections

along and within the breast. Most of the secondary scattering is between the different components

along the air-to-breast interface.

The accuracy of the secondary scattering component is limited by the assumptions made in the

derivation. This assumed that the time travelled between point scatterers is negligible compared to

the total travelled time. However, this is not always true, especially for scatterers further from the

centre of the chambers. The model could be adjusted to represent the scattered times more accu-

rately, but this increases computational time by Nth power. Therefore, a further modification can

be made by only incorporating secondary scattering that satisfies this assumption. The spherical

spreading and exponential attenuation models both decrease the intensity for longer time delays,

emphasizing reflectors closer to the plane of the antenna. The overall (full) model focuses on the

first air-to-breast interface, with the deeper reflection points overpowered by those from shallow

depths.

The radar model was performed on multiple numerical rod phantoms. As these phantoms

consist 99% in air, the effects of attenuation are negligible. First, the 3 mm circular object was

shifted along the y-axis of the chamber for the following amplitudes: 5 cm, 3 cm, 0 cm, -3 cm, and

-5 cm (Fig. 3.7). The corresponding sinograms resulted in a sinusoidal response from the circular

array of antenna positions. The amplitude of the response varied as the rod shifted along the y-axis.
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Figure 3.7: Radar model sinograms for shifts in rod offset for the following amplitudes: 5cm, 3cm,
0cm, -3cm and -5cm.
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Figure 3.8: Radar model sinograms for shifts in rod phase at a constant amplitude of 3cm. The
polar angles with respect to the first antenna position: 180◦, 270◦, 0◦, 90◦.
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Following this, the rod was fixed at an amplitude of 3 cm while the polar direction was changed to

the following angles: 180◦, 270◦, 0◦, and 90◦ (Fig. 3.8). For these variations, the amplitude of the

sinusoidal response remained the same while the phase shifted according to the polar angle with

respect to the initial antenna position.

The simple DAS beamformer was used to reconstruct images from the simulated time-domain

sinograms. Reconstructions were performed for the following rod locations: [0cm, 0cm], [3cm,

0cm], and [0cm, 3cm] (Fig. 3.9). The reconstructed images feature a large response with the center

located at the position of the rods. The reconstructed responses are large because the time-domain

sinogram responses are wide for this particular bandwidth. This suggests that reconstructions

for more complex phantoms will produce images that are difficult to interpret. Therefore, radar

imaging with a DAS beamformer may not be suitable for a smaller bandwidth from 0.7 - 3 GHz.

However other reconstruction methods, such as machine learning, can be utilized to reconstruct

with a finer resolution.

Physical scans were performed with the microwave device for rod positions [0cm, 0cm] and

[0cm, -4cm]. The corresponding sinograms and a DAS reconstruction are displayed in Figure

3.10. With the rod centered in the middle of the device, high reflection responses are located at

approximately the same time delay. However, there are some inconsistencies in the mean and

standard deviation of the responses. This may suggest setup errors and/or slight variability with

the antennas. When the rod is shifted towards the first antenna position by 4 cm, there are notable

shifts in the time responses. As expected, the response follows a similar sinusoidal pattern as the

simulations. The intensity falls off as the relative distance between the rod and antenna increases.

However, as that distance increases there are more inconsistencies between this sinogram to the

simulated ones. Specifically, around 180 degrees, the responses are not as focused and clear. The

effects of multiple scattering between the rod and inner cylinder could introduce signals that would

not be removed through an open-air reference scan.
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Figure 3.9: DAS reconstruction of radar model simulations for rod positions [0cm, 0cm], [3cm,
0cm], and [0cm, 3cm].
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Figure 3.10: Physical device sinogram scans and DAS reconstruction for the following rod posi-
tions within the imaging chamber: [0cm, 0cm] and [0cm, -4cm].

The DAS reconstructions of the physical scans display high reflection responses centered close

to the location of the copper rods. The responses are not as well confined as are the simulated sino-

grams, notably as the rod deviates from the center of the device. Rod positioning errors, calibration

methods, antenna variations, scattering between the rod and device, and near-field effects may all

contribute to the discrepancies between the physical and simulated measurements. Modifications

to the physical device can improve the overall accuracy of the measurements. Specifically, individ-

ual antenna calibrations may be needed to ensure uniformity. Additionally, further improvements

to the radar model can be performed to account for the antenna beam pattern, VNA properties, and

microwave propagation.
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3.4 Conclusion

A simplistic radar model was modified to account for secondary scatter, exponential attenua-

tion, and spherical spreading. The radar model was used to simulate the parameters of the physical

device described in Chapter 2. A simplistic numerical breast phantom was created to model the

dielectric properties of fibroglandular, adipose, and cancerous tissue. This phantom was used to

assess the effects of the various modifications to the simplistic radar model. Both spherical spread-

ing and exponential attenuation reduced the signal intensity at distances further from the antenna

plane. Secondary scattering created various reflection points within the time window of the breast,

mostly due to the air-to-breast interface.

S11(f, a) reflections from numerical rod phantoms were simulated with the radar model and

were transformed into time-domain S11(t, a) reflections. These measurements were compared to

physical scans of copper rods. For the radar model simulations, shifts in the rod’s radial and

azimuthal position within the chamber corresponded to shifts in the amplitude and phase of the

sinograms sinusoidal responses. Similar shifts were noted for the physical scans, as expected. In

both scenarios, the DAS reconstruction was able to centre a high reflection response at the location

of the rod. However, the responses were less defined for the physical scans due to additional effects

and inconsistencies with the measurements.

Alterations to the radar model can account for frequency dependence, antenna gain, beam

pattern, and heterogeneity. Creating 3D frequency dependant permittivity maps allows for realistic

exponential attenuation calculations as a function of frequency. A frequency-dependant antenna

gain, and beam pattern term can be added to the S11 integral. The time responses are estimated by

assuming a homogeneous phantom and uniform propagation speed. However, the accuracy of these

times may be improved by allowing heterogeneity in these calculations through ray line tracing.

Improving the accuracy of the radar model would allow for an investigation into the optimal system

bandwidth.
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This radar model is also important for generating large data sets that may be used for machine

learning. Chapter 4 investigates using a convolutional neural network to detect and locate rods from

S11 time-domain data. For this type of training problem, a large data set is needed to transform S11

data to the imaging domain. The number of physical scans required for this type of problem would

be time-consuming. Therefore, the radar model may supplement the physical scans to increase the

training set size. Specifically, large data sets of sinogram-image pairs may be generated to train

and test the machine learning network. Transfer learning may then be used to detect and locate

rods within the physical device.
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4. Machine Learning Detection from Rod

S11 Simulations

4.1 Introduction

Artificial intelligence (AI) offers many possibilities for the medical imaging field. The use of

machine learning has shown encouraging results for imaging modalities such as X-Ray, MRI, and

positron emission tomography (PET) [43,44,80]. Deep learning can improve the quality of images

by reducing unwanted artifacts, improving contrast, and minimizing noise, and can also be used to

replace image reconstruction methods [42]. It has been demonstrated that a convolutional neural

network can directly reconstruct PET images from sinogram data to improve image quality [81,82].

Within MRI research, deep learning as a reconstruction method has been shown to increase image

sharpness and signal-to-noise ratio [83–85]. Aside from image processing, AI may also be used to

interpret the measured data to detect diseases or abnormalities within the patient.

Current research has focused on automated tumour detection that determines the presence or

absence of a tumour through AI-based machine learning [45,47]. This process does not reconstruct

images but instead trains a machine learning network to detect, classify, and/or locate an abnor-

mality. In resource-limited areas, this has advantages over AI-based image reconstruction because

there is no need for a professional to interpret the images to obtain a diagnosis.

A small and low-cost microwave detection device was developed in Chapter 2. The VNAs and

antennas were calibrated and tested to measure the S11 reflections of a copper rod. Chapter 3 used a

radar model to simulate S11 signals of numerical phantoms. In particular, the model was applied to

rod phantoms to simulate their corresponding time-domain sinograms, and results were compared
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to sinogram measurements from the physical device.

This Chapter aims describes the training of a machine learning network to locate rod responses

from the simulated sinograms. Numerical phantoms were generated with two circular objects

representing the cross-section of a rod. The rod materials were varied to incorporate the various

combinations of the following reflectivities: 10%, 30%, 50%, 70%, 90%, and 100%. The copper

rod was represented as a "positive response" by the 100% reflectivity rod. The remaining reflec-

tivities were assigned to the second rod so that the contrast between the two responses was varied.

Half of the rod models consisted of a copper "positive" response, while the other half featured both

rods the secondary reflectivity.

The radar model was used to generate time-domain sinograms from these rod models. Con-

volutional neural networks were designed and optimized to locate the copper rods using a) direct

image reconstruction and b) parameter detection. With the first method, the convolutional neural

network was trained to reconstruct a 128 × 128 array representing the reflectivity map of the rod

model. In the second method, the convolutional neural network produced an 8 × 1 array of the

rod’s x position, y position, reflectivity, and radius. The MSE, accuracy, sensitivity, and specificity

were monitored to determine the performance as the contrast of the rods was varied.

Actual scans from the physical device can be used to train the same convolutional neural net-

work to locate rod responses. Through transfer learning, patterns learned from the simulated S11

data supplement the training process using the experimental scans. Similar training can be per-

formed on complex breast phantoms that accurately represent the morphology and dielectric prop-

erties of the breast. Through AI, a portable microwave device can be trained to detect a breast

abnormality, allowing for safe, low-cost, and accessible screening for women in remote and low-

income areas.
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4.2 Methods

A convolutional neural network (CNN) was designed to analyze radar time-domain sinograms.

A machine learning network was trained to detect and locate rod responses using image recon-

struction and rod-parameter detection. Both methods are described and tested in this Chapter.

4.2.1 Machine Learning Image Reconstruction

This section describes how the network was trained to reconstruct the corresponding numerical

rod phantoms from their simulated sinograms. The rod images consisted of two rods with varying

reflectivities. A copper "positive" response was represented by 100% reflectivity. The network

reconstruction predictions were compared to the ground truth rod images.

Figure 4.1: CNN image reconstruction from time-domain sinograms.

Training and Testing Set Development

Training and testing sets were generated using rod models and their simulated S11 sinograms.

Similar to Chapter 3, the rod models consisted of 128 × 128 pixels representing a 20 × 20 cm

array. The imaging chamber was defined by the outline of the 20 cm circular antenna array. Two 3

mm diameter circular objects were placed within this chamber to represent the rod cross-sections.

The circular objects were assigned one of two reflectivity values: 100% representing a copper rod

or a variable m% representing a second material with lower reflectivity.

The data set had equally distributed reflectivity combinations; 100% & m%, or m% & m%.
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Figure 4.2: Rod model data set consisting of two rods with varying reflectivities. Half of the rod
models included a copper rod with 100% reflectivity.
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Reflectivity %
Combination

Unique dual
Rod Models

Augmentations
Per Model

Total

10% & 100% 1000 25 25,000
30% & 100% 1000 25 25,000
50% & 100% 1000 25 25,000
70% & 100% 1000 25 25,000
90% & 100% 1000 25 25,000
10% & 10% 1000 25 25,000
30% & 30% 1000 25 25,000
50% & 50% 1000 25 25,000
70% & 70% 1000 25 25,000
90% & 90% 1000 25 25,000
All 10,000 25 250,000

Table 4.1: Total number of unique rod models and augmentations for various reflectivity combina-
tions.

Therefore, half of the data set included the presence of a copper rod, whereas the other half lacked

a copper rod. The m% reflectivity was equally varied between five values: 10%, 30%, 50%, 70%

and 90% (Table 4.1). The second material was varied to monitor the performance of the machine

learning network for different contrasts.

Overall, 10,000 unique rod models were created by randomizing the position of the rods (Fig.

4.2). The distance between adjacent rods was always larger than 1 cm. S11 data were simulated

for each unique rod model using the radar simulation developed in Chapter 3. The ICZT was used

to transform this into time-domain sinograms with 101 time points.

The data set was increased post-simulation by randomized rotation and flipping. Rotation on

the image in discrete 360/26◦ angles corresponded to shifting the columns to a new starting angle

within the sinogram (Fig. 4.3d). Flipping the image about the y-axis corresponded to a horizontal

flip in the sinogram (Fig. 4.3b). This was equivalent to scanning clockwise instead of counter-

clockwise. Flipping the image about the x-axis required the starting sinogram angle to jump 180◦

and scan clockwise (Fig. 4.3c).
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Figure 4.3: Rod position and sinogram augmentation of the (a) original through (b) horizontal
flipping, (c) vertical flipping, (d) 70◦ rotation, and (e) all of the above.

Each unique sinogram-image pair was randomly augmented twenty-five times, increasing the

data set to 250,000 sinogram-image pairs. The pairs were split 80-20 for the training and testing

set, respectively.
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Network Design and Training

Figure 4.4: CNN architecture consisting of convolutional, reshaping/flattening, dense, drop-out,
and activation layers.

The machine learning design and training was performed using Keras, an open-source soft-

ware library within Python. A CNN was built to transform time-domain S11 sinograms to their

corresponding rod reflectivity models. The network architecture was created using convolutional,

activation, drop-out, flattening, dense, and reshaping layers (Fig. 4.4). Initially, the network was

trained without drop-out layers. However, since over-fitting was identified, 30% drop-out layers

were incorporated into the architecture. A ReLu activation was performed after each convolutional

layer. Sigmoid activation layers were performed after the dense layers. The last activation layer

of the network varied depending on the implemented loss function. The architecture was slightly

adjusted as the training process progressed.

During training, the sinogram was forwarded to the first convolutional layer, which passed

through all the remaining layers until a 128 × 128 image was produced. Poisson and Kullback-

Leibler KLD loss functions (see Table 4.2 for the form of these functions) were used to compare the

reconstructed image, ŷ, to the ground truth image, y. For the Poisson loss, a final ReLu activation

layer was used. Training with the KLD loss required a final softmax activation layer as this loss

assumes a normalized probability distribution. Of these loss functions, the KLD loss showed the
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Loss function Function L(y, ŷ)

Poisson 1
n ∑

n
i (ŷi − yi log ŷi)

KLD 1
n ∑

n
i yi log yi

ŷi

Table 4.2: Possion and KLD loss functions used to compare the network reconstruction ŷ to the
ground truth image y.

highest potential. Results from the Poisson loss are displayed in the Appendix.

During training, the weights were adjusted with an adaptive moment estimation (ADAM) opti-

mizer. ADAM expands on the standard gradient descent method through adaptive estimates on first

and second-order moments. The learning rate, η , and hyper-parameters, β1 and β2, were adjusted

to ensure optimal network fitting.

The training was completed for the 200,000 training pairs in batch sizes of 32. Training on

the entire set was repeated for 100 epochs. 50,000 sinogram-image pairs formed the validation

set to monitor the network. After iterating through the entire training set in a single epoch, the

validation set loss was calculated. During this calculation, no optimization was performed to

ensure independence between the validation set and training process. The training and validation

loss were found at each epoch to monitor under- and over-fitting.

4.2.2 Machine Learning Rod-parameter Detection

A similar CNN was designed to analyze radar time-domain sinograms. This section describes

how the network was trained to reconstruct the rod information parameters. The rod-parameter

array consisted of the two rods’, x position, y position, reflectivity Γ, and radius r. The 250,000

sinogram-parameter pairs were split into 80/20 training and testing sets. Images were reconstructed

from the network predictions for visualization purposes. The network predictions were compared

to the ground truth parameters.
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Figure 4.5: Convolutional neural network rod-parameter detection from time-domain sinograms.

Training and Testing Set Development

This section uses the same rod models and their corresponding radar sinograms from the pre-

vious section. However, instead of the Y output sets consisting of 128 × 128 reflectivity arrays, it

consisted of 8 × 1 rod-parameter arrays. Specifically, the x position, y position, reflectivity Γ, and

radius r were recorded for each rod. The positions were recorded in meters ranging from -0.1 to

0.1 m. The reflectivities were recorded as decimals ranging from 0.1 - 1.0. Each rod radius r was

set to 0.0015 m, although, the rod size could be varied in the future. For data augmentation, the

x and y positions were transformed mathematically. For θ rotation, the following transformation

was performed:

x′ = xcos(θ)− ysin(θ) (4.1)

y′ = xsin(θ)+ ycos(θ) (4.2)

For vertical flipping, the following was performed:

x′ = x (4.3)

y′ =−y (4.4)

Lastly for horizontal flipping, the following was performed:

x′ =−x (4.5)
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y′ = y (4.6)

Similar to before, each unique rod-parameter model and their corresponding sinogram were ran-

domly augmented twenty-five times to create 250,000 sinogram-parameter pairs.

Network Design and Training

Figure 4.6: Convolutional neural network architecture for rod parameter reconstruction.

Loss function Function L(a,b)

Mean Squared Error 1
n ∑

n
i (ai −bi)

2

Mean Absolute Error 1
n ∑

n
i |ai −bi|

Table 4.3: MSE and MAE loss functions used to compare the network parameter reconstruction to
the ground truth parameters.

The CNN from the previous section was slightly modified to produce an 8 × 1 rod parameter

array (Fig. 4.6). The network finishes with dense layers instead of convolutional ones. The network

features a ReLu activation between most layers, with a final custom activation layer defined as a
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sigmoid function ranging from -1 to 1:

f (x) =
2

1+ e−x −1 (4.7)

This form of activation layer was used because the rod-parameter output features values within this

range.

For this detection problem, regressive loss functions were used to compare the predicted neu-

rons, a, to the ground truth neurons, b. Specifically, mean squared and absolute errors were inves-

tigated (Table 4.3). The ADAM optimizer was used to adjust the weights within the network. The

training was completed using the entire training set for 100 epochs, and the training and validation

losses were monitored at each training epoch.

4.2.3 Machine Learning Testing and Performance Evaluation

The performance of both machine learning networks were evaluated using the testing sets. For

the image reconstruction network, the predicted reflectivity model was compared to the ground

truth model. For the rod parameter network, each predicted parameter was individually compared

to its corresponding ground truth. Four metrics were used to evaluate the performance: mean

squared error (MSE), accuracy, sensitivity, and specificity.

For the image reconstruction network, the MSE was used to evaluate the prediction. The MSE

was determined by subtracting the ground truth image (I) and the prediction (J) and summing over

the squared difference for each pixel i,

MSE =
1
N

N

∑
i=1

(Ii − Ji)
2 (4.8)

where N is the total number of pixels in the images.

The accuracy, sensitivity, and specificity were determined for the rod parameter predictions.
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For accuracy calculations, the rod locations and reflectivities were monitored:

• Correct Prediction - Correct location (within 1 cm) and reflectivity (within 10%) for both

rods.

• False Prediction - Incorrect location or reflectivity of either rod.

The accuracy of the network prediction was given by:

Accuracy =
Correct

Correct + False
(4.9)

The sensitivity and specificity were obtained using a positive response defined by the correct

detection of the copper rod. Any other reflectivity was categorized as negative. When evaluating

the predictions, four cases were present:

• True Positive (TP) - Correctly located (within 1 cm) the copper rod response when present.

• False Negative (FN) - Missed a copper rod when present.

• True Negative (TN) - Correctly identified a non-copper rod when no copper rod was present.

• False Positive (FP) - Incorrectly identified a copper rod response when no copper rod was

present.

Therefore the number of copper rod responses is the sum of the TP and FN predictions, and

the number of non-copper responses is the sum of the TN and FP predictions. The responses were

categorized into one of the four cases with a variable reflectivity % threshold to determine the

receiver operating characteristic (ROC) curves from the sensitivity and specificity:

Sensitivity =
TP

TP + FN
(4.10)

Specificity =
TN

TN + FP
(4.11)
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4.3 Results and Discussion

4.3.1 Machine Learning Image Reconstruction

Figure 4.7: Training and validation loss using the default hyper-parameters without drop-out layers
(left) and using η = 1e-5, β1 = 0.88, β2 = 0.98 with drop-out layers (right).

The KLD loss was the most promising training function. Hyper-parameters within the ADAM

optimizer were varied to improve network performance. Initially, there were no drop-out layers,

and the default parameters were used: η = 1e-3, β1 = 0.9, β2 = 0.999. However with this combi-

nation there was over-fitting within the network system (Fig. 4.7). Drop-out layers were added,

and the learning rates were decreased. An optimal combination was found using the following

parameters: η = 1e-5, β1 = 0.88, β2 = 0.98. With this new combination, both the training and

validation losses decrease, following a similar pattern (Fig. 4.7).

After training 100 epochs, this network system was used to predict images from the testing set

sinograms (Fig. 4.8). Overall, the network could locate the area of the point scatterers for both

rod responses, but the rods were not well confined to the circular response regions. Also, for many

predictions, the secondary reflectivity did not accurately represent the actual value. The hyper-

parameters and network architecture were modified many times, without success, to try and obtain

improved results.
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Figure 4.8: Machine learning prediction images and ground truth images for rods of different %
reflectivity with and without the presence of a copper rod response.
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Reflectivity Combination MSE

10% and 100% 0.198

30% and 100% 0.127

50% and 100% 0.124

70% and 100% 0.119

90% and 100% 0.118

Total Set 0.137

Table 4.4: MSE calculated between the network predictions and ground truth rod models for vari-
ous reflectivity combinations.

The MSE was calculated between the predictions and ground truth images for the different

reflectivity values within the validation set. The MSE for each reflectivity is given in Table 4.4.

The network had difficulty reconstructing the 10% reflectivity rods, especially in the presence of

a copper rod. This is most likely because the copper reflection response over-powers the smaller

reflectivity. In general, as the secondary reflectivity increased, the MSE improved. This implies

that the network could reconstruct images better when the S11 reflections had higher reflectivities.

This result could be due to a physical limitation in the resolving capabilities with this particular

bandwidth, or a different loss function may be needed for this problem.

4.3.2 Machine Learning Rod-parameter Detection

The MAE loss produced the most accurate training results. The optimal performance occurred

with the following hyper-parameters: η = 2e-5, β1 = 0.9, β2 = 0.999. The validation and training

losses followed the same pattern, suggesting no over- or under-fitting (Fig. 4.10). The predicted

and ground truth rod parameters were used to reconstruct images for visualization purposes (Fig.

4.9). In general, the network was able to detect and locate the copper response for any of the reflec-

tivity combinations. However, the network had more difficulty locating the second-rod response,

especially as the reflectivity decreased.

Chapter 4. Machine Learning Detection from Rod S11 Simulations 68



Figure 4.9: Machine learning rod-parameter predictions and true parameters were used to recon-
struct images for visualization purposes.
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Figure 4.10: Training and validation MAE loss for rod-parameter reconstruction using η = 2e-5,
β1 = 0.9, β2 = 0.999.

The rod-parameter values were used to calculate the accuracy, sensitivity, and specificity. To

determine the accuracy of the prediction, the positions and reflectivities were given a 1.0 cm and

10% margin, respectively. A true prediction occurred if the prediction parameters agreed with

the true parameters within these margins. A false prediction occurred if any of the parameters

disagreed with the true parameters. The accuracy was calculated for each reflectivity combination

(Table 4.5). For smaller reflectivities, the network performed poorly and could not locate the

smaller secondary response. This is likely due to the small S11 signals that accompany lower

reflectivities. The network could determine that a smaller reflectivity was present but could not

accurately locate the scatterers. This was especially true when the copper rod was present, and the

high reflectivity overpowered its lower counterpart.

The rod predictions without the copper response also performed poorly for the lower reflec-

tivities. The network was often unable to determine the locations of the two rods’ locations ac-

curately. However, the network could easily locate the responses with 90% and 90% reflectivity

models, which is mathematically similar to a 10% and 10% rod model, except scaled by a factor

of one-ninth. Training the network with a wide range of reflectivities caused the network to favour

higher signals.
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Reflectivity Combination Accuracy Accuracy
(with copper)

Accuracy (with-
out copper)

10% and 100% 21% 32% 17%

30% and 100% 40% 46% 29%

50% and 100% 51% 48% 58%

70% and 100% 68% 85% 58%

90% and 100% 85% 92% 74%

Table 4.5: The accuracy calculated between the network predictions and ground truth rod-
parameters for the entire set, those with a copper "positive" response, and those without.

Figure 4.11: ROC curves for the testing sets using 70% reflectivities and 90% reflectivities.

The sensitivities and specificities were calculated for each rod response. In this situation, the

copper rods correspond to a "positive" response, whereas the lower reflectivity rods correspond to

a "negative" response. The network could distinguish a copper response from a lower reflectivity

response for the 10%, 30%, and 50% rod models. Therefore, for a range of intensity thresholds,

the network would predict with 100% sensitivity and 100% specificity. As the contrast between the

copper and secondary rod decreased, the network had more difficulty distinguishing the reflectivity

values. ROC curves were created for the 70% and 90% rod models by varying the threshold that

defines a "positive" response from a "negative" response. The 70% reflectivity performed better in

terms of its ROC curve. The 90% reflectivity had more difficulty distinguishing the 90% response

from the 100% response because the values were within 10% of each other.
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Overall, as the secondary reflectivity increased to 90%, the network performed better in terms

of accuracy and MSE. However, at 90%, the ability to distinguish the two reflectivities worsened.

In the presence of lower reflectivity rods, the network could accurately detect and locate the copper

rod responses with 100% sensitivities. For the 10% and 100% model, the time-domain sinograms

were similar to the expected sinogram from just a single rod response. Therefore, the copper rod

response became more clearly defined as the effects from the second rod decreased. However, the

network had difficulty locating the smaller reflectivity response.

4.4 Conclusion

A convolutional neural network was trained to detect the presence of rod objects. The radar

model described in Chapter 3 was used to simulate time-domain sinograms from dual rod models.

Each rod in the model was assigned one of the following reflectivities: 100% and m%. The second

reflectivity m% was varied equally between: 10%, 30%, 50%, 70% and 90%. The 100% reflector

was used to represent a copper rod. The contrast between the copper response and secondary

response was varied to monitor the effects of this difference.

Two machine learning methods were used to detect and locate the rod responses. In the first

method, a convolutional neural network was trained to reconstruct the rod reflectivity model di-

rectly from the time-domain sinograms. The second method used a similar convolutional neural

network to produce the rod’s positions, reflectivities, and sizes.

The convolutional neural networks detected and located the copper rod presence well for both

methods. However, the networks, had difficulty identifying the response of the second rod, espe-

cially as the reflectivity decreased. The 10% and 30% reflectivity rods produced smaller S11 re-

flections, and the network had difficulty locating and reconstructing the actual intensity. However,

the network readily located the copper rod responses with either training method. The network

displayed promising results in its ability to locate rod responses within 1 cm for sensitivities as
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high as 100%.

Artificial intelligence can be used to automate detection within the physical device. Analytical

rod responses can be detected with a convolutional neural network. From here, transfer learning

may be used to train with actual scans from the physical device described in Chapter 2. This pro-

cess can be repeated with numerical and physical breast phantoms, and eventually human subjects.

Using artificial intelligence, a portable breast microwave detection device can automate breast ab-

normality detection allowing women to screen themselves for a preliminary diagnosis.
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5. Discussion and Conclusion

5.1 Summary and Discussion

Breast cancer affects millions of women worldwide, and in low- and middle-income countries

(LMIC) the access to breast cancer screening is limited, resulting in relatively high mortality rates

[5]. While x-ray mammography is widely used for breast cancer detection in developed countries,

equipment cost and the lack of human resources and infrastructure in LMIC make it a less than

ideal screening tool for marginalized communities. Mammography has a sensitivity of 63 - 95%

[5], but sensitivities down to 48% are associated with high-density breasts, and 10-30% of breast

cancer cases are not detected with mammography [8]. Mammography uses ionizing radiation that

poses a health risk, and the risks and benefits must be balanced. Other breast imaging modalities,

such as MRI, MBI and ultrasound, can be used to detect breast cancer, but all have limitations

which make their use as a screening tool impractical, particularly in LMIC.

Microwave sensing measures reflected and transmitted microwave signals penetrating the breast

and has shown promising results as a safe and low-cost breast cancer detection modality [16]. The

microwave interactions depend on the dielectric properties of the breast. Cancerous lesions and fi-

broglandular breast tissue differ in their complex permittivity and morphology, providing a contrast

of approximately 10%, which allows malignant tumours to be detected [17].

To create a compact system that is robust, easy to maintain and low cost, the device described

in Chapter 2 uses a static (non-rotating) patch antenna array configured around a circular air cavity

(no matching material) which encloses the pendant breast. Data is collected using a series of

low-cost NanoVNAs attached to each antenna. Images of the breast can be reconstructed using

an analytical radar reconstruction algorithm, such as the delay and sum beamformer (DAS), or
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using machine learning approaches. Alternatively, machine learning can be used to diagnose the

presence of a malignant lesion directly. Machine learning requires large training sets to obtain

sufficient accuracy, and here a radar model may be used to simulate data more efficiently than

experimental (or clinical) measurements.

This thesis hypothesizes that advances in microwave and machine learning technologies can be

harnessed to create an early breast cancer detection device that is suited for use by women in remote

and low-income locations. It sets out to design, develop, optimize and evaluate a prototype portable

breast microwave detection device, investigate the feasibility of machine learning reconstruction

using rods of different materials, and develop a radar model to facilitate transfer learning.

Chapter 2 focused on optimizing and characterizing the portable microwave system. To max-

imize the available bandwidth while keeping cost low, patch antennas that operate in the 0.7 –

3 GHz range were matched with a NanoVNA V2-2 with a bandwidth of 50kHz – 3 GHz. Ide-

ally, many antennas should be used to increase the angular sampling, which will increase antenna

coupling. To optimize the antenna array, the Envelope Correlation Coefficient (ECC) was calcu-

lated from S-parameter measurements. An optimal antenna spacing of 3 mm (26 antennas) was

obtained, resulting in an acceptable ECC of less than 0.3 - 0.4.

The backbone of the device was 3D printed, and the antennas and VNA’s were suitably mounted

on the system. A USB hub provided power and computer communication to the VNAs, and the

entire system was shielded with radar-absorbing material to minimize external interference. In

contrast to the pre-clinical bed system that uses 72 S11 measurements over 2 - 9 GHz (fractional

bandwidth = 1.64) [67], the portable system currently only uses 26 S11 measurements over 0.7

– 3 GHz (fractional bandwidth = 1.58,) which limits the image quality. However, when power

measurements between all antennas are implemented, and improved NanoVNAs are installed, an

additional 650 power measurements and S11 measurements over 0.7 to 4.4 GHz (fractional band-

width = 2.01) will be possible at each frequency point. While the power measurements cannot be

used directly with the DAS-type reconstructions, the power measurements may provide informa-
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tion on attenuation and scattering magnitudes which are likely to be of value in machine learning

approaches.

Further improvements can be made to the device design and equipment. Presently, all the

antennas form an array in the same plane. For rod scans, shifts in the vertical plane do not affect

measurements due to translational symmetry. However, for scans with breast phantoms, the vertical

placement of the antennas can play an important role in tumour detection. To better localize lesions,

measurements at different cross sections of the breast could be obtained by staggering or stacking

the antennas vertically. As the NanoVNA technology improves, the dynamic range and bandwidth

of the device will increase. In general, patch antennas at higher frequencies have smaller heights,

so more can be stacked vertically. For future work, different patch antennas can be investigated to

ensure optimal measurements regarding to size and bandwidth while minimizing equipment costs.

In Chapter 3, the characteristics of the portable device described in Chapter 2 were used to

simulate radar measurements. A basic radar model was modified to incorporate multiple scattering,

microwave attenuation, and spherical wave propagation. DAS reconstructions were performed

on the simulated sinograms. The DAS reconstruction of a rod at [0cm, 0cm] was analyzed to

determine the width of the response. The rod responses were, as anticipated, broad due to the 2.3

GHz absolute bandwidth. An intensity profile along the x-axis of the reconstructed image was fit

to a Gaussian curve (Fig. 5.1). The standard deviation of this fit was 4.5 cm.

Figure 5.1: DAS reconstruction of the rod at [0cm, 0cm] with a Gaussian fit to the intensity profile
along the central x-axis.
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Figure 5.2: DAS image reconstructions and intensity profiles for various rod separations.

Similar simulations and DAS reconstructions were performed on two rods. The distance be-

tween the two rods was increased to monitor its ability to distinguish the point scatterers. Intensity

profiles along the x-axis were plotted for rod separations of 2 cm, 3 cm, 4 cm, and 10 cm (Fig. 5.2).

The two rods were indistinguishable when separated by 2 cm. Separating by 3 cm elongated the

response, but it was impossible to distinguish the two scatterers. At 4 cm, the DAS reconstruction
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separated the two responses. However, the peak maximums were located 3.3 cm off the central

axis instead of 2 cm. At 10 cm, the network accurately separated and located the two responses.

From this and the 4.5 cm response with one rod, it is clear that with the current bandwidth, it is

difficult to resolve scatterers within 4 cm.

The agreement between the radar model and experiment could be improved by modifying the

radar model to improve the accuracy of the simulation. Specifically, frequency dependant permit-

tivity arrays, heterogeneity, antenna gain, and beam patterns can be modelled into the simulation.

The secondary scatter component can also be re-modelled to fix assumptions on the scatterers. Im-

provements to the radar model will be essential to accurately represent measurements with complex

breast phantoms.

In Chapter 4, machine learning techniques were used to locate rod responses. Numerical rod

phantoms were created using two rods with variable reflectivities. A "positive" copper response

was defined by 100% reflectivity, whereas the other rods reflectivities were assigned 10%, 30%,

50%, 70%, or 90%. The rod responses were located through direct image reconstruction and

rod parameter detection. The machine learning network could detect and locate the copper rod

responses with both methods and could locate the secondary 90% and 70% rod reflectivities better

than the lower reflectivities. However, while the network could accurately distinguish the copper

responses with the lower reflectivities, the network had difficulties distinguishing the 70% and 90%

reflectivities in the presence of the copper rod.

Compared to the DAS reconstructions, these results are promising. For rod separations less

than 4 cm, the DAS reconstructions could not distinguish the two responses. On the other hand,

despite the narrow bandwidth, the machine learning reconstruction could locate rods as close as 1

cm. Although the network had difficulties locating the lower reflectivity responses, it could detect

and locate 90% and 100% responses with an accuracy of 92%. Improving the training performance

could increase this accuracy for the smaller reflectivity responses while using larger bandwidths

could further improve detection and location accuracy.
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Figure 5.3: Time domain sinograms from a rod at [0cm, 0cm] and DAS reconstructions for differ-
ent bandwidths.

Research into an optimal bandwidth could improve detection resolution and accuracy. For

larger bandwidths, the width of the response decreases. This was tested using the radar model for

the following frequency ranges: 0.7 - 3 GHz, 0.7 - 5 GHz, and 0.7 - 7 GHz. The corresponding

sinograms, DAS reconstructions, and Gaussian fits are shown in Figure 5.3. The standard devi-

ations of the responses were 4.5 cm, 2.8 cm, and 1.9 cm as the respective bandwidths increased.

The radar model can perform similar simulations on complex breast phantoms. Higher frequency

attenuation can be modelled by incorporating frequency dependant permittivity arrays. The results
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for different bandwidths could be compared using machine learning detection to determine the

optimal frequency range for the portable system.

Machine learning techniques could automate detection and localization for the portable device.

The inexpensive equipment and small absolute bandwidth of the device make DAS reconstruc-

tions impractical due to resolving limitations. However, machine learning techniques were shown

to improve the localization accuracy of point scatterers from radar simulated sinograms. Complex

breast phantoms can be described as a non-linear sum of point scatterers. Therefore, a machine

learning algorithm should improve upon the DAS reconstruction method when trained on complex

phantoms. To train such a system would require large data sets. The radar model, with further im-

provements, could accurately simulate breast phantom sinograms. The simulated sinograms could

initially train the network to detect the presence of a breast tumour. Transfer learning could then

be applied on actual breast phantom scans from the improved physical device. Additionally, 650

power measurements can be recorded at each frequency. While power measurements are not useful

for DAS reconstructions, these values could provide further scattering information for the machine

learning algorithm. The DAS reconstruction method fails to incorporate physical aspects into the

imaging process, however, a machine learning algorithm may improve the detection and localiza-

tion accuracies by utilizing these physical aspects to gain more information on the scatterers.

5.2 Conclusion

Access to breast cancer screening should be equally available to all women. However, this is

not currently the case due to high costs, lack of portability, and socioeconomic factors [5]. Lack

of access to breast cancer screening in northern and First Nation communities in Canada [11] and

LMIC [5] contribute to excessive mortality rates . The relatively inexpensive and compact equip-

ment, promising contrast between healthy and cancerous tissue, and lack of ionizing radiation make

microwave detection a suitable modality for breast cancer screening. This thesis hypothesized that

advancements in microwave and machine learning technologies could be used for early breast can-
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cer detection in remote and low-income areas. Three aims were completed to characterize and test

this hypothesis.

In Chapter 2, a compact and inexpensive microwave detection device was assembled and char-

acterized. Twenty-six patch antennas were mounted onto a 20 cm diameter cylinder. Each antenna

was connected to its own NanoVNA to measure and record S-parameters. The antenna cable time

delay and propagation speed were estimated using S11 measurements on copper rods. Currently,

the device can scan S11 measurements from 0.7 - 3 GHz. However, improvements in the technol-

ogy could increase the bandwidth. Additionally, power measurements may be recorded between

any pair of antennas. This would increase the number of measured S-parameters by a factor of

twenty-six. Increasing the number of signals recorded by the scatterer will expand our knowledge

of the material’s properties.

Chapter 3 modified a radar model to simulate realistic time-domain S11 data that the physical

device would be measure. The model was used to simulate results for numerical rod and breast

phantoms. DAS reconstructions were performed on the simulations revealing a single rod uncer-

tainty of 4.5 cm and dual rod resolving distance of 4 cm for this particular bandwidth. The radar

model could be further modified to incorporate other physical aspects of the microwave device.

This could include heterogeneity, antenna gain and beam pattern, and frequency-dependent di-

electric properties. Additionally, the simulator can be modified to model general Smn sinograms.

The radar model is crucial in developing accurate time-domain sinograms for machine learning

purposes. For future work, numerical breast phantoms and their corresponding sinograms could

be used to train a machine learning network to detect cancerous tissue. Scans from the physical

device could be used to train the network to incorporate aspects from the actual measurements.

In Chapter 4, a machine learning network was trained to reconstruct images from simulated

S11 data. Specifically, the network detected and located rods through direct image reconstruction

and by producing the rod location and intensity parameters. Each rod model consisted of two

rods with reflectivities between 10% to 100%. Both methods showed promising results in locating

Chapter 5. Discussion and Conclusion 81



point scatterers using the physical device bandwidth and antenna positions. The network could

locate high scattering areas for rods with 100% reflectivities. The 90% and 100% rod models

were detected and located with accuracies of 92%. These positions were detected for rods as close

as 1 cm, improving on the DAS reconstruction resolving capabilities of 4.5 cm. However, the

network struggled with the lower reflectivity rods. Modifications on how the problem is defined or

investigation into alternative loss functions may be needed to increase the sensitivity of the network

to lower reflectivities.

Future modifications to the small microwave device can be employed to improve the resolution

and accuracy of measurements. Newer models of the NanoVNAs allow for improved dynamic

range and larger bandwidths. Investigation into an optimal bandwidth can be performed using the

radar model and machine learning techniques. The effects of improved resolution and increased at-

tenuation could be modelled using frequency dependant permittivity arrays. The bandwidths could

be varied to determine optimal frequencies for automated breast cancer detection. From here, op-

timal patch antennas could be carefully selected to improve performance while maintaining low

equipment costs. Machine learning technologies can be used to automate and improve microwave

sensing methods. Building on this research will further our knowledge and increase the demand

for additional breast cancer screening methods. Through the design, testing, and optimization of

a portable microwave sensing device, women in northern and First Nation communities in Canada

and LMIC in the international community may have improved access to early breast cancer detec-

tion.
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A. Appendix

The convolutional neural networks in Chapter 4 were trained many times with different archi-

tectures, loss functions, and hyper-parameters. Within this Appendix, there are some examples of

network predictions that were not included in Chapter 4.

For the image reconstruction method, the KLD and Poisson loss functions were investigated.

In general, the Poisson loss function did not perform well. Using default parameters, the network

was not able to converge to a minimum (Fig. A.1). Each pixel predicted zero, likely because 99%

of the true pixels are zero. For the KLD loss function, the learning rate played an important role

with the reconstruction. Initially, there were no drop-out layers present. For the default learning

rate (1e-3), the network was able to locate scatterers, but the shapes were irregular, the intensities

were incorrect, and there was over-fitting present (Fig. A.2). Decreasing the learning rate to 1e-

5 improved the quality of the reconstruction, however the validation loss was noisy (Fig. A.3).

Further decreasing the learning rate to 1e-7 prevented the network to converge to a minimum and

produced ring artifacts within the prediction (Fig. A.4). Following this, drop-out layers were

used to address over-fitting, and the hyper-parameters were further optimized to improve network

performance.

For the rod parameter detection method, the MSE and MAE loss functions were investigated.

For the MSE loss, learning rate of 1e-4, batch size of 32, and no drop-out layers, there was over-

fitting present and the network had difficulty locating the scatterers (Fig. A.5). For the MAE loss,

many modifications to the network and hyper-parameters were made. For a learning rate of 1e-5,

40 batch size, and no drop-out layers, there was over-fitting present and the network had difficulty

with the size and location of the scatterers (Fig. A.6). Lowering the learning rate to 5e-6, batch size

to 32, and adding drop-out layers improved the validation loss and amount of over-fitting present,

83



however, the network still struggled to locate both rod responses (Fig. A.7).

Figure A.1: Machine learning image reconstruction prediction with a Poisson loss function.
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Figure A.2: Machine learning image reconstruction prediction with a KLD loss and 1e-3 learning
rate.

Figure A.3: Machine learning image reconstruction prediction with a KLD loss and 1e-5 learning
rate.
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Figure A.4: Machine learning image reconstruction prediction with a KLD loss and 1e-7 learning
rate.

Figure A.5: Machine learning parameter prediction with a MSE loss and 1e-4 learning rate.

Appendix A. Appendix 86



Figure A.6: Machine learning parameter prediction with a MAE loss and 1e-5 learning rate.

Figure A.7: Machine learning parameter prediction with a MAE loss and 5e-6 learning rate.
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