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Abstract: This review evaluates the methods used for image quality analysis and tumour detection in
experimental breast microwave sensing (BMS), a developing technology being investigated for breast
cancer detection. This article examines the methods used for image quality analysis and the estimated
diagnostic performance of BMS for image-based and machine-learning tumour detection approaches.
The majority of image analysis performed in BMS has been qualitative and existing quantitative
image quality metrics aim to describe image contrast—other aspects of image quality have not been
addressed. Image-based diagnostic sensitivities between 63 and 100% have been achieved in eleven
trials, but only four articles have estimated the specificity of BMS. The estimates range from 20 to
65%, and do not demonstrate the clinical utility of the modality. Despite over two decades of research
in BMS, significant challenges remain that limit the development of this modality as a clinical tool.
The BMS community should utilize consistent image quality metric definitions and include image
resolution, noise, and artifacts in their analyses. Future work should include more robust metrics,
estimates of the diagnostic specificity of the modality, and machine-learning applications should be
used with more diverse datasets and with robust methodologies to further enhance BMS as a viable
clinical technique.

Keywords: breast imaging; microwave imaging; breast microwave imaging; breast cancer; breast
cancer detection

1. Introduction

The standard method of breast cancer detection is X-ray mammography; however, the
benefits of regular breast cancer screening with mammography have been a subject of debate,
in part due to the sizable false-positive rate of 20-60% (cumulative risk of a false-positive
after ten mammograms) [1] and the modality’s use of ionizing X-ray radiation. Other
imaging modalities currently used for breast cancer detection, including magnetic resonance
imaging (MRI) and ultrasound, have low specificity, are costly and time-consuming, require
a trained operator [2], and are not ideal as an independent screening tool.

Microwave sensing has been investigated as a potential breast cancer detection tech-
nique for several decades [3], and the field remains active today [2]. The modality relies on
the observed contrast in the dielectric properties of malignant and healthy tissues [4-6] to
differentiate between healthy and cancerous breast tissues. However, several remaining
challenges must be addressed before the modality is ready for clinical use. A primary
challenge is the lack of robust image reconstruction methods.

Reconstruction methods in microwave sensing can be broadly grouped into two fami-
lies: tomographic and radar approaches. Detailed reviews of these reconstruction methods
can be found in [7-9]. Microwave tomography aims to reconstruct a quantitative image of
the complex permittivity distribution in the breast by solving the inverse electromagnetic
scattering problem. Radar methods create qualitative images by propagating signals onto
the spatial domain under a particular propagation assumption. This model typically as-
sumes ray propagation of the microwave signal, a homogeneous propagation speed in the

Sensors 2023, 23, 5123. https://doi.org/10.3390/s23115123

https:/ /www.mdpi.com/journal /sensors


https://doi.org/10.3390/s23115123
https://doi.org/10.3390/s23115123
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sensors
https://www.mdpi.com
https://orcid.org/0000-0002-7105-1580
https://orcid.org/0000-0003-3438-8499
https://doi.org/10.3390/s23115123
https://www.mdpi.com/journal/sensors
https://www.mdpi.com/article/10.3390/s23115123?type=check_update&version=1

Sensors 2023, 23, 5123

2 0of 29

medium, and assumes that dispersion, multiple scattering, and signal attenuation within
the breast tissues are negligible [7-10].

Tomographic approaches have some advantages because the reconstructions of the
complex permittivity directly describe the tissue properties that govern the contrast in
malignant and healthy tissues at microwave frequencies. However, these approaches also
face challenges due to the ill-posed nature of the inverse scattering problem [7-10].

Radar-based image reconstruction methods have seen more widespread experimen-
tal use than tomographic methods. Several research groups have built and evaluated
radar-based systems [11-14]. Most of the radar-based image reconstruction techniques
use the delay-and-sum (DAS) beamformer [15] or its derivatives, including the delay-
multiply-and-sum (DMAS) beamformer [16] and the improved delay-and-sum (IDAS)
beamformer [17]. Other review articles have summarized and compared the individual
reconstruction techniques [7-10].

The analysis of the quality of reconstructed images is an important aspect of research
into any diagnostic imaging modality. The quality of reconstructed images can be evaluated
quantitatively, using image quality metrics, or qualitatively [18]. Qualitative approaches
typically consist of subjective, textual descriptions of the images (without referring to
any quantitative image features) and are not well-suited for inter-image comparisons or
image quality analysis due to their subjective nature [18]. Quantitative descriptions are
advantageous because they allow for inter-image comparisons, facilitating the assessment
of different image reconstruction and signal processing algorithms. Traditional concepts
of image quality include image contrast, accuracy, noise, resolution, and artifacts [19].
A complete description of image quality is necessary to facilitate comparisons between
imaging systems, image reconstruction methods, experimental techniques, and signal
processing approaches in BMS.

In addition to quantitative and qualitative analysis at the individual image level, the
overall performance of breast tumour detection can be evaluated with respect to diagnostic
sensitivity and specificity. The sensitivity and specificity of a modality are two of the
primary metrics of clinical relevance and must be considered in tandem when evaluating
the efficacy of a diagnostic technique [18]. A sensitive method with poor specificity may
not be useful as a diagnostic tool, particularly for breast cancer screening, where many
more true negatives (healthy scans) exist in the screening population than true positives
(scans of tumour-containing breasts). The rigorous estimation of the potential diagnostic
performance of BMS is another existing challenge within the research field [18].

Notably, much of the research effort in BMS focuses on developing algorithms for
data processing and image reconstruction in simulation studies. Many research groups
have presented simulated results with significant progress in these areas, and the eventual
translation from simulation to clinical experimental research is eagerly awaited. However,
experimental work presents unique challenges that are not readily addressed in simulation,
and any clinical technique must be demonstrated first by experiment. Nevertheless, sig-
nificant progress has been made in experimental investigations, both in phantom-based
experiments and in clinical trials [20] .

While several review articles describing the state of BMS research have been pub-
lished [2,7-10,20-23], including system design [7,8,20], reconstruction techniques [7-10],
antenna design [21], and dielectric properties studies [7-10,20,23], little attention has been
given to the aforementioned challenges—namely image quality analysis and the potential
diagnostic performance of the modality.

Only one review has examined the results of tumour detection in some clinical stud-
ies [18], but did not describe all estimates of the diagnostic performance of BMS. The review
by Porter and O’Loughlin in [18] described some of the challenges to demonstrating the
potential clinical efficacy of the modality, namely the variation in reporting standards across
studies, variation in system design across studies, and small sample sizes. This review [18]
focused on summarizing the existing results, rather than critically analyzing the methods
used in the research articles examining the diagnostic potential of BMS. This article was also
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the first review to describe image quality analysis in BMS, but a scoping review was not
performed, and several existing image quality metrics were not addressed. Additionally,
this article did not consider machine-learning methods in BMS.

This article presents a scoping review of the BMS literature and focuses on experimen-
tal investigations into the use of microwave sensing for breast cancer detection, specifically
examining image quality analysis and existing estimates of the diagnostic potential in
both image-based and machine-learning-based diagnosis. An exhaustive search of the
literature resulted in 184 papers fitting the review and research criteria [11-14,17,24-202].
This article reviews and critically analyzes the methods used for image quality analysis
and discusses how current methods relate to traditional aspects of image quality, including
image resolution, noise, contrast, accuracy, and artifacts. This review also critically analyzes
the estimated diagnostic performance of microwave-based breast cancer detection in both
image-based and algorithmic (machine learning) detection approaches.

2. Review Methodology

A scoping review of the breast microwave sensing literature was performed to identify
all published work that experimentally investigated tumour detection or image quality
analysis. Articles that exclusively presented results using simulated data were excluded
from this review, as were articles that:

e Used non-physical phantom materials (e.g., metal as a tumour analog);

¢ Examined contrast-enhanced breast microwave sensing;

*  Examined multimodality imaging (e.g., using MRI-based prior information for mi-
crowave image reconstruction).

These exclusion criteria were used to limit the scope of the review to experimental
tumour detection and image quality analysis in breast microwave sensing. Additionally, all
conference papers that were expanded into journal articles were excluded, and only the
journal articles were included in the review to prevent the double-counting of papers.

The Scopus search engine was used to identify all papers published before February
17th 2023 that satisfied these criteria. The search was performed with the following key-
words: “breast” AND (“microwave” OR “radar”) AND (“imaging” OR “detection” OR
“sensing”), and the search results were limited to journal articles and conference papers.
All studies in the search results (n = 2769) were initially evaluated for inclusion based
on their title and abstract. The studies that were selected for possible inclusion based
on their abstract and title (n = 468) were then evaluated with respect to the inclusion
and exclusion criteria. One hundred seventy-five papers were identified for inclusion
in this review [11-14,24-31,33-49,51-66,68-71,73-179,181-192,195-201]. Nine additional
papers [17,32,50,67,72,180,193,194,202] that were not in the Scopus search results but which
nonetheless fit the inclusion criteria were also selected for inclusion in this review. There-
fore, there were 184 papers selected for inclusion [11-14,17,24-202]. Figure 1 displays this
review methodology.
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Records identified (n = 2769)
from Scopus with search:
“breast” AND (“microwave” OR “radar”) AND
(“imaging” OR “detection” OR “sensing”)

{

Records screened Records excluded
(n = 2769) g (n = 2283)
Reports sought for ?e’.crl'e.val Reports excluded
and assessed for eligibility > (n = 293)
(n = 468) ~
Reports selected
for inclusion Reports acquired through
(n =175) author-based search
n=9)

Studies included review
(n = 184)

Figure 1. Flowchart describing review methodology. In total, 184 articles were identified for inclusion
after reviewing 2769 search results from Scopus.

3. Image Quality Analysis

Image-based analyses have been the primary form of tumour detection in the BMS
literature—of the 184 papers identified in this review, 164 (89%) exclusively examined
image-based tumour detection. However, image-based analysis has been primarily qual-
itative. Of the 164 papers that utilized image-based tumour detection, 89 (54%) pre-
sented images without any quantitative analysis of the image quality (see Table A1l in the
Appendix A). In all cases where quantitative image quality analysis was performed, the
quantitative techniques relied on single pixel/voxel responses or a priori knowledge of the
actual tissue dielectric properties or geometries. Eleven unique image quality metrics have
been defined in the literature, seven of which aim to describe image contrast. Table 1 and
the following discussion describe these metrics:

*  The signal-to-clutter ratio (SCR);

®  The signal-to-mean ratio (SMR);

¢  The mean-to-mean ratio (MMR);

*  The tumour-to-fibroglandular response ratio (TFRR);
¢  The contrast-to-clutter ratio (CCR);

e The clutter-to-tumour ratio at threshold ¢ (C/T});

*  Thelocalization error (LE);

*  The mean squared error (and the associated family of error metrics) (MSE);
e The full-width at half-maximum area (FWHM);

e The f; and f metrics presented in [70];

*  The structural similarity index measure (SSIM).

Several quality metrics have been proposed to describe image quality, including the
SCR, SMR, MMR, TFRR, CCR, and C/T;. The SCR has been the most commonly used
metric in breast microwave imaging and was used in 22 of the 76 papers which presented
quantitative image analysis as displayed in Table 1, but these metrics share a common
mathematical structure. The definitions of these metrics vary, as shown in Table 1, but they
all attempt to measure the contrast of the image. None of these metrics are robust due to
their reliance on single-pixel intensities (e.g., the maximum pixel intensity is used in the
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SCR, SMR, TERR, and CCR) or their dependence on the definition of the imaging domain
or breast size and density (as in the SMR and MMR). These metrics also rely on defining a
tumour region and a non-tumour region, which typically requires a priori knowledge of
the tumour location within the image, making these metrics unsuitable for use outside of
controlled experimental conditions where the tumour location can be measured accurately
and precisely.

The SMR and MMR metrics are dependent on the choice of imaging domain (due to
the very low-intensity responses that occur outside of the breast tissues in the coupling
medium or air), breast density (due to the higher dielectric properties of fibroglandular
tissue than adipose tissue), and breast size. An independent variation in any of these three
parameters may change the value of the mean intensity in the clutter region, making these
techniques unsuitable for diagnosis without additional corrections. For example, a small,
dense breast may have a smaller SMR/MMR than a large, low-density breast with a single
fibroglandular inclusion located relatively superficially. In addition to these dependencies on
factors unrelated to tumour presence (breast size, imaging domain size), the authors of [132]
also identified that the metric fails in the case of a large lesion. In describing an individual
patient with a 4 cm carcinoma, the researchers stated, “The extremely large size of such
carcinoma leads to a low Max/Avg” [132], indicating that the interpretation of this metric
must account for other factors, including the lesion size, which may not be known a priori.

The terms in Table 1 are the most commonly used terms for each of these mathematical
definitions, but significant confusion exists in the BMS literature surrounding the terms
and mathematical definitions of these metrics. For example, while the definition in Table 1
is the most common in the literature, several other definitions have been used. The SCR
was defined in [142,145] as the ratio between the maximum pixel response in an image
acquired from a tumour-containing phantom to the intensity in the corresponding pixel
in an image acquired from a tumour-free phantom. This definition was referred to as the
“S/C ratio” in [198]. The “S/C ratio” was also used in [131,132], but in these studies, it
referred to the ratio of the maximum pixel intensity to the average pixel intensity. The SCR
has also been defined in [11] as the ratio of the mean pixel intensity within a target region
of interest (ROI) to the mean pixel intensity outside the ROL The ratio of the square of the
maximum tumour response to the standard deviation of the background pixel intensities
has also been defined as the SCR [26,69]. The term SCR has also been used as an image
quality metric but was not defined within the manuscripts where it was used [68,98]. The
definition of the SCR in Table 1 was used to define the tumour-to-clutter ratio (TCR) [24].
A metric similar to the SCR was defined in [58] as the ratio of peak clutter energy to peak
tumour energy, using the definition of the SCR, except the inverse of the argument of the
logarithm is used [58]. The term “signal-to-max ratio (SMXR)” was used in [78,142] but
was defined as the SCR is defined in Table 1.

This is also true for the SMR, which has been described by other names (e.g., “"MAX/AVG”
in [132,133,162], “peak/mean” in [182], and the tumour-to-mean ratio in [24], and “S/C”
in [131]), and has been given other mathematical definitions (e.g., [178,190]). The MMR has
also been used under different names [14,99,164,173,178,190]. Other work has described an
SMR without definition [56,68,98,99,153,154].

The CCR is unique because of its use of the standard deviation of image intensities, o,
as described in Table 1. However, the inclusion of this variable in the denominator obfus-
cates the interpretation of the CCR as a description of image contrast—a relatively noisy
image with relatively high contrast may have the same CCR as a relatively low-noise image
with relatively low contrast.
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Table 1. Summary of image quality metrics in breast microwave sensing.
Signal to Clutter Signal to Mean Tumour to Contrast to Clutter Mean-to-Mean Structural Full Width at Half
. . Fibroglandular X . Localization Error Mean Squared Error Similarity Index .
Ratio Ratio R . Ratio Ratio Maximum
esponse Ratio Measure
1y
Mathematical 2 2 2 w Ui (I(ri )= . .
Definition * o i i i e [ = T ' : e v v e Various ®
max Ttrue (ri)) W THyTCa) (o] TO5y1C
[13,36,61-63,65,100, , ) [14,62,63,65,98,116, )
Publications 106,116,117,124139, o 1[1671]2 4159] [26,69,147] [26,69,147] [14'99'11%%]173'178' 117,124,137,139,153, [31'31(;'22{33'?8%?9'91' [176] [101,114,189,190]
140,153,165,189,199] 5,116,117,124, 200] A
M Ratio of contrast to Accuracy of target
easures Image contrast Image contrast Image contrast . Image contrast 2L Image accuracy Image accuracy Image accuracy
noise localization
Contrast maximum Contrast maximum Contrast maximum Compare mean Describe target Summary Summary Describe extent of
B . . Compare contrast to target response to PR . - g - A . g .
est use target to maximum target to mean target to maximum noise mean non-target positioning error in description of image description of image the highest-intensity
non-target response non-target response non-target response response & image accuracy accuracy response
FWHM may not be
limited to a tumour
response. The
Requires subjective Requi - Requires a priori knowledge of tissue geome- ~ FWHM from images
L equires a priori - . .
. - . . - . definition of target . tries and properties. Only applicable to quan- of healthy and
Non-robust, requires subjective definition of target region and/or a priori knowledge of tis- . knowledge of tissue o X ) g
Challenges region and/or a titative reconstruction methods. Only applica- tumour-containing
sue geometry. .o geometry, . .
priori knowledge of non-robust ble as a summary metric for image accuracy breasts may be

tissue geometry.

due to summation over the image space.

similar, depending

on the geometry of

the fibroglandular
breast tissues.

2 Tmax is the maximum pixel intensity of the tumour response, Tmean is the mean tumour response, Cpax is the maximum clutter response, Ciean is the mean clutter response, Fray is the
maximum fibroglandular response, ¢ is the standard deviation of image intensities, rmay is the position of the maximum image response, rwm is the known position of the tumour, I(r) is
the image intensity at position r, and I'™¢(r) is the true object property at position r. In the definition of the SSIM, y; and 0; are the average pixel intensity and the standard deviation of
the pixel intensities of the image I; and ¢;, ¢, is defined as ¢, = (0.01L)2 and ¢, = (0.O3L)2, with L set to the dynamic range of the intensity values in [176]. b The FWHM may refer to the
volume or area of an image corresponding to the voxels/pixels that have intensities greater than 50% of the maximum image intensity, or it may refer to the FWHM along a particular
dimension within the image.
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The LE, MSE, and SSIM metrics aim to describe image accuracy, but are also non-
robust. The LE describes a single specific aspect of image accuracy: the accuracy of the
target (typically a tumour) positioning in the reconstructed image. This metric is non-robust
due to its reliance on a single pixel intensity to identify the tumour response in the image.
The MSE (and similar metrics that sum over all pixels in the image, including the mean
absolute error, the total squared error, residual error, etc.) provides a summary measure of
the image accuracy, but is only applicable when the underlying object properties are well
known. This limits the applicability of this metric in patient studies where the underlying
microwave properties of the tissues are not well known; while image registration using
traditional image modalities, including MRI and CT, may aid in this circumstance, image
registration is a challenging task and the MRI/CT reconstructions do not necessarily map
to the underlying microwave properties. Additionally, these metrics average over the entire
image and do not provide insight into reconstruction accuracy at the level of individual
image features (e.g., accurate reconstruction of a particular tissue or region of tissue). The
SSIM is an additional summary measure of image quality; it is a measure of the similarity
of two images, first proposed by [203], and is commonly used in medical imaging. The
application of the SSIM in BMS [176] has the same limitations as the MSE. It is a summary
image accuracy metric, and requires complete a priori knowledge of the ground truth
property distribution.

The area of the full-width at half-maximum (FWHM) of the image intensities has also
been used as an image quality metric [101,114,189,190], but this metric does not clearly
describe the quality of the image. In an image with a clear tumour response, the FWHM
may be expected to be approximately the same size as the tumour, but this may also be true
in an image of a relatively homogeneous breast with a single relatively small fibroglandular
inclusion. The presence of fibroglandular tissue may also produce responses that are
included in the FWHM of the image, given that the contrast in the dielectric properties of
malignant and fibroglandular tissue may be as small as 1.1:1 [5,6].

Unique metrics were proposed by the authors of [70]. The authors introduced the f;
image quality metric,

fi= g 0

where A is the area of the FWHM of the image and N is the number of distinct areas
within the FWHM. A modified version of this metric was also defined in [70] with the form

f = f1P where
P:min<(3rim>3, 1) )

and d is the distance from the boundary of the imaging domain to the pixel with intensity
Imax- This modifying factor P was introduced due to the observed presence of “small and
very bright artifacts [that] appear at the edges of the image” [70]. The penalty distance of
3 mm was selected due to an average skin thickness of 2 mm and a 1 mm “buffer” [70].

These metrics were developed for permittivity estimation [70] but may be considered
a measure of image quality. A large value of the metric indicates a high-quality image,
signifying an image with a high-intensity maximum and a small FWHM area. This metric
has demonstrated utility in determining the optimal permittivity estimate for image recon-
structions from a single scan [70] but is not appropriate for inter-image comparisons. Both
the fi and f metrics are proportional to the maximum image intensity and are therefore not
appropriate for inter-image comparisons in radar-based imaging due to the qualitative na-
ture of radar reconstructions. The metric has not been applied to quantitative tomographic
reconstructions but is also not useful for inter-image comparisons due to the inter-patient
variations in dielectric properties. Measurements of the dielectric properties of malignant
and benign breast tissues demonstrate significant overlap in the malignant and benign
properties of tissues between patients [5].
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The image quality metrics described in this section are summarized in Table 1. The
f1 and f metrics [70] were excluded from Table 1 due to their limitations for inter-image
comparisons.

Notably, all existing image quality metrics aim to describe image contrast or accuracy.
A complete description of image quality includes descriptions of the spatial resolution,
contrast, contrast resolution, noise, accuracy, and artifacts.

Figure 2 describes these traditional aspects of image quality and illustrates the focus
of existing BMS research. Each of these aspects describes an important component of
image quality, and each must be considered when evaluating the reconstruction quality of
a particular system or method. The narrow focus on contrast in the existing BMS literature
limits the ability to compare the quality of images across the multiple important dimensions
of image quality.

Artifacts
Image features that do not
correspond to the actual
features of any object
in the imaging domain.

Resolution
The minimum separation

Noise Examples in BMS:
The magnitude of ran-

dom local variations
in image intensity.

Examples in BMS:
None available.

distance between the
centers of two point-like
objects for which the
objects are identifiable
as two distinct objects
in the resultant image.

None available.

Examples in BMS:
None available.

Traditional
Aspects of
Image Quality

~ ™~

Contrast
The relative intensity differ-
ence between the responses
of objects in the image.

Examples in BMS:
SCR, MMR,

Y

Accuracy

Contrast Resolution
The minimum object
property (i.e., permittivity)
contrast that is detectable
in a reconstructed image.

Examples in BMS:

TFRR, CCR, C/T;.

How accurately the
properties and geometries
of the material under
test are reconstructed.

None available.

Examples in BMS:
LE, MSE, SSIM.

Figure 2. Traditional aspects of medical image quality [19] and existing image quality metrics in
breast microwave imaging. Aspects described in boxes with red borders have not been addressed in
the BMS literature; aspects in boxes with green borders have been addressed in the BMS literature.

In particular, the presence of artifacts in reconstructed images has not been well
addressed in the research literature. Artifacts are image features that do not correspond to
the physical reality of the interrogated object (e.g., a high-intensity region within the image
that does not correspond to an actual high-scattering tissue component within the breast).
In radar-based image reconstruction, a common artifact observed in reconstructions is
the presence of a localized high-intensity region that does not correspond to the known
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location of a tumour. This hotspot artifact is readily discerned in the reconstructed images
of healthy breasts in several articles, including figures in [67,100,110,129,190].

To illustrate this artifact, typical DAS reconstructions are displayed in Figure 3, where
only Figure 3a accurately displays the true tumour response. In Figure 3a, a high-intensity
localized region is observed within the known tumour location. In Figure 3b, a similar
hotspot is observed, but this is an artifact in this reconstruction of a healthy phantom
(no tumour inclusion). Figure 3c displays a reconstructed image of a tumour-containing
phantom with a clear tumour-like response that does not correspond to the actual tumour
position within the phantom. The images reconstructed in Figure 3 were produced by our
research team using publicly available data (dataset described in [118]).

y-axis (cm)
y-axis (cm)
y-axis (cm)

x-axis (cm) x-axis (cm) x-axis (cm)

@) (b) (0)

Figure 3. Coronal DAS reconstructions of breast phantoms from the open-access dataset presented
in [118]. The dashed white lines indicate the approximate phantom boundary, the black dashed lines
indicate the antenna trajectory during the scan, and the solid white circles in (a,c) indicate the known
tumour positions. (a) Displays a reconstruction with a tumour response that corresponds to the
known tumour position, (b) displays a reconstruction of a phantom that did not contain a tumour
but has a prominent tumour-like response (a false-positive), and (c) displays a reconstruction of a
tumour-containing phantom that has a prominent tumour-like response that does not correspond to
the known tumour position (a false-positive).

The presence of this hotspot artifact should be described in studies that utilize image-
based tumour detection in BMS, and a more thorough examination of its impact on the
potential specificity of the modality should be presented in future work within the research
field. Only 52 (32%) papers that presented image-based analyses did so using images of
healthy patients or phantoms (i.e., no tumour was present) (see Table A1(ii)). Comparisons
between healthy and unhealthy images are necessary to identify potential artifacts like
the hotspot artifact and to determine the diagnostic performance of image-based tumour
detection. Additionally, only 25 articles performed quantitative comparisons of healthy
and unhealthy images (see Table A1(iii)). Future work in image-based tumour detection
should present analyses using both healthy and unhealthy phantoms and patients.

4. Estimates of the Diagnostic Potential of Image-Based Tumour Detection

Several research groups have attempted to estimate the diagnostic performance of
image-based tumour detection and twelve articles have reported estimates of the diagnostic
performance of image-based BMS (see Table Al1(iv)). This section focuses on these key
articles that have pushed to estimate the diagnostic performance of BMS. Eleven of these
articles provided sensitivity estimates, ranging from 63% [47] to 100% [141,170], but only
four articles have estimated the specificity, and specificity estimates range from 20% [100]
to 65% [133]. Table 2 describes the diagnostic estimates presented in each of these articles.

The majority of estimates have come from patient datasets (see Table A1(v)) with sam-
ple sizes varying from 5 patients in [141] up to 225 patients in [143]. Two articles [100,120]
estimated the diagnostic performance using breast phantoms, under well-controlled exper-
imental conditions. Notably, the poorest specificity estimates in the literature are found in
these works (20% in [100] and as low as 40% in [120]); the majority of trials performed using
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patient data were not designed to evaluate specificity. The works in [47,94,111,141,143,170]
all exclusively examined patients with known breast lesions.

Table 2. Estimates of diagnostic performance in image-based tumour detection.

Article Image Reconstruction Ser}sitivity Spe'ciﬁcity RO,C AUC  pataset Information
Method Estimate Estimate Estimate
Poplack et al. [201] Tomographic - - (80 £ 12)%? <130 © patients (<80 with abnormal mammography, 50
with normal mammography)
Preece et al. [111] Modified DAS 74% - - 66 patients (all abnormal mammography)
Shere et al. [143] ¢ 76% - - 225 patients (all with benign or malignant lesions)
Sani et al. [132] Huygens Principle 91% - - 16 patients (8 healthy breasts, 12 non-healthy breasts)
Sani et al. [133] Huygens Principle 70% 65% 9 - 45 patients (22 healthy breasts, 29 non-healthy breasts)
Sani et al. [134] Huygens Principle 74% 62% - 58 patients (103 breasts, 52 with no radiological findings,
51 with radiological findings)
Sasada et al. [141] -¢ 100% - - 5 patients (all with tumours larger than 1 cm)
Adachi et al. [170] DAS 100% - - 9 patients with breast cancer
O’Loughlin et al. [100] DAS 80% 20% - 115 phantoms (110 with tumours, 5 without tumours)
Janjic et al. [47] Qualitative inverse 63% - - 115 patients, all with known breast lesions
scattering
DAS <71% <44% - . 5
Reimer et al. [120] DMAS <77% <40% - ggggﬁf‘;‘“ scans (100 healthy; 100 tumour
ORR <82% <56% - &
Moloney et al. [94] TR-MUSIC 87.5% - - 24 patients (11 patients with biopsy-proven malignancy,

13 patients with either unaspirated cysts or biopsy-
proven benign lesions)

2 Reported ROC AUC for tumours with the largest dimension greater than 1 cm. P Eighty patients with abnormal
mammography were scanned with the system, but only the subset of these patients with lesions larger than 1 cm
was considered in this analysis. The article does not state the number of patients this included, but the mean and
median lesion sizes for the entire sample of patients with abnormal mammography were 11.7 mm and 10 mm,
respectively. © Image reconstruction technique was not stated in the article. 4 The authors of [133] reported the
FNR (0.35) that corresponded to a particular TPR (0.7). However, the sum of the FNR and TPR must be unity, and
this is presumably a textual error within the article.

Various diagnostic criteria have been used in these works. The phantom-based work
in [100,120] used a quantitative tumour-detection criteria that compared the SCR of each
image to a threshold of 1.5 dB—if the SCR was above this threshold, the image was
annotated as containing a tumour response. Images were then labelled as true positives by
comparing the localization error to the known tumour radius. In [100], an exception was
applied to account for a priori knowledge about the presence of hotspot artifacts near the
skin of the phantoms so that reconstructions exhibiting this artifact were not considered
false positives. Notably, of the images (incorrectly) annotated as tumour-free, 94% received
this annotation due to the exception (i.e., the high-intensity response was within 10 mm
of the boundary of the imaging domain, which was defined by the breast boundary),
and only 6% of the reconstructions that were labelled as tumour-free did not meet the
SCR criterion [100]. This indicates that while the reconstructions consistently displayed a
localized high-intensity region (as indicated by the proportion which met the SCR criterion
for tumour detection), localization was poor, and this high-intensity region was often not
due to the tumour itself. While this work estimated the diagnostic sensitivity and specificity,
the tumour-free dataset was too small (n = 5) to draw significant conclusions regarding the
specificity of the method, and the subjective selection of SCR threshold (1.5 dB) does not
provide a full description of the potential diagnostic performance of the method. Notably,
the work of Reimer et al. in [120] is the only published research comparing the diagnostic
performance of multiple image reconstruction methods (see Table 2). The authors also
presented an open-source analysis using an open-access dataset [120]. This was the only
article in the literature that reported the diagnostic performance using open-source analysis
and an open-access dataset.
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While phantom-based investigations lend themselves to quantitative diagnostic cri-
teria due to the well-controlled experimental conditions (where tissue properties and
geometries are known a priori), diagnosis in patient-based trials is more challenging. The
work in [93,132-134,201] applied quantitative tumour detection measures to evaluate the
diagnostic performance. The authors of [132-134] used the “MAX/AVG” metric to diag-
nose the presence of a tumour. A threshold value of this metric was determined from the
image dataset in these articles, and the reported sensitivities describe the percentage of
images corresponding to tumour-containing breasts that had metric values greater than
this threshold. However, the MAX/AVG metric may not be suitable as a universal metric
for tumour detection due to its dependence on the entire imaging domain—the MAX/AVG
metric is directly influenced by breast size. A larger tumour-containing breast is expected
to have a smaller MAX/AVG value than a smaller breast containing the same tumour and
healthy tissue components, because the larger volume of healthy tissue responses in the
large breast will skew the average image intensity to a smaller value. Additionally, there is
limited utility in extending a sample-scale threshold value to a patient population.

Region-of-interest (ROI)-based analyses, where the intensities in an ROI were com-
pared to intensities outside the ROI or to intensities in other images within the same ROI,
were used in [94,201]. The work in [201] is notable as being the first published work to
estimate the diagnostic performance of BMS and the only existing article that estimated the
diagnostic performance based on tomographic image reconstruction. The authors of [201]
used a non-blind approach to tumour detection where the mean permittivity and con-
ductivity values in an ROI (obtained from conventional imaging modalities, i.e., obtained
using a priori information of the tumour position) were compared in images of tumour-
containing breasts to images of healthy breasts. The ROIs used for the reconstructions
of healthy breasts were drawn using the previously drawn ROI for a tumour-containing
reconstruction. This approach ensured that the ROIs in the healthy breasts were dependent
on the ordering of the dataset, but no investigation into this effect was performed. The work
in [94] did not rely on a priori information, and instead created the ROI through image
thresholding. The ROI was labelled as corresponding to a lesion based on its size, solidity,
and contrast [94]. Notably, four of the twenty-four images in [94] contained a response that
was satisfied the tumour-detection criteria, but did not have an accurate position (i.e., the
tumour-like response did not occur at the known tumour location). The authors did not
discuss whether these responses were rightfully attributed to the breast lesion or were an
artifact, and the magnitude of the localization error was not described. These lesion-like
responses may not be attributable to the breast lesion.

Half of the research in image-based patient diagnosis has been performed using sub-
jective diagnostic criteria [49,111,141,143,170]. These articles relied on subjective judgments
of diagnosticians to determine the presence of a cancerous response in the reconstructed
image. These studies were also non-blind, and the diagnosticians may have known a priori
that the images corresponded to breasts with known abnormalities—this is explicit in [170],
where the reviewing radiologist was “told only that the patient had breast cancer” [170]. No
current work has implemented single- or double-blind protocols to estimate the diagnostic
performance of BMS. This limits the impact of the reported diagnostic estimates, and is
particularly limiting when subjective diagnosis by a human reviewer was performed with
the a priori knowledge of a known breast abnormality.

Despite the existing efforts to estimate the sensitivity of BMS, the impact and validity
of existing estimates is limited due to small sample sizes, subjective diagnostic processes,
the use of a priori knowledge in objective diagnostic processes, and the lack of single-
or double-blind protocols. Figure 4 summarizes these challenges. Subjective diagnostic
criteria limit reproducibility and obfuscate comparisons between studies. There has been a
particular focus on sensitivity in BMS, but the sensitivity and specificity of a modality must
be considered in tandem when evaluating the efficacy of a diagnostic technique. A sensitive
method with poor specificity may not be useful as a diagnostic tool, particularly for breast
cancer screening, where many more true negatives (healthy scans) exist in the screening
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population than true positives (scans of tumour-containing breasts). Obtaining a sufficiently
large sample size for statistical considerations in a clinical trial is also challenging, but
blind phantom studies could be performed readily to address this. Future work may
consider performing blind phantom-based trials to demonstrate the efficacy of the modality.
Phantoms offer several utilitarian advantages over patient data, and while patient-based
trials are ultimately the gold standard, little investigative work has been done to evaluate
the diagnostic performance of BMS with phantoms before clinical trials were performed.
Only two articles have attempted to estimate the diagnostic performance using phantom
datasets [100,120], published in 2019 and 2021, while several patient trials have been
ongoing since 2007 [201]. Robust demonstration of the diagnostic performance of the
methods in BMS should be achieved under the controlled experimental conditions offered
by phantoms before further, larger clinical trials are performed.

( Challenges in Image-based BMS Diagnosis )

Non-Blind Studies
The majority of studies
use a priori information

in the diagnostic protocol.

Sample Size
Only three patient-based
studies have used datasets
of more than 100 patients.

Subjective Diagnosis
Subjective diagnos-
tic criteria have been
commonly used.

Figure 4. Current challenges in image-based estimation of the diagnostic performance of BMS. Non-
blind studies [100,111,120,141,143,170,201], subjective diagnosis [49,111,141,143,170], and sample
size limitations were common [48,143,201].

5. Machine Learning-Based Tumour Detection
5.1. Appropriate Machine Learning Methodology

The recent advancements in machine-learning (ML) algorithms have increased interest
in automated and objective diagnosis throughout medical imaging, and these techniques
have been applied to both simulated [204,205] and experimental data [112,118] in breast
microwave sensing. ML methods for medical imaging techniques have not been as widely
investigated as image-based tumour detection methods, but the results that have been pre-
sented are promising. ML techniques do, however, face unique challenges. ML techniques
can be extremely powerful tools, capable of addressing numerous problems in a wide range
of problem domains. Like any tool, these methods can, however, be misused. Appropriate
ML methodology must be used in any application of ML methods to ensure the results
obtained with an ML model are responsibly reported and reasonably approximate the
real-world performance of the model. Specifically, the dataset size, dataset diversity, and
training/testing methods must be carefully considered when evaluating the application
of ML methods to a particular problem. Unfortunately, basic ML methodology is rarely
followed in the BMS literature.

ML methods, generally, require a large dataset (relative to those present in the BMS
literature to date) for model training and evaluation. Most work has investigated the
application of ML methods on no more than a few hundred individual samples (phantom
scans) [76,82,104,112,118,138]. Two articles have used datasets of more than 1000 sam-
ples [79,119], but the dataset size is not the only dataset parameter that must be considered.
Data diversity, the variation between individual samples in the dataset, is also essential to
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ensure that, during training, the ML model is exposed to data that represents the real-world
data landscape. Insufficient data diversity will likely limit performance when the model is
exposed to novel data (e.g., training using data from only relatively low-density breasts
will likely result in poor performance on relatively dense breasts). When evaluating or
testing the trained ML model, diversity is also important. The testing set should consist of
new or unseen data—data as dissimilar to the training samples as individual samples in the
real-world would be from each other. In BMS, the training and testing samples should be
as dissimilar as the data collected from breast scans obtained from different people. If the
diversity of the dataset is limited so that samples in the training and testing sets are more
similar than data obtained from different people (in the real-world deployment scenario),
then estimates of the model performance on the testing set will be overly optimistic. With-
out a sufficiently large dataset, model training and evaluation are challenging, and without
sufficient dataset diversity, the target population (on which the trained model would be
deployed) may not be wholly represented, limiting the real-world potential of the model.

A robust training and testing methodology is essential to appropriately interpret the
results obtained with an ML model. A separate, unique, unseen test set is necessary to
evaluate the performance of a trained ML model, and no information from the test set
should influence the trained ML model. To prevent data leakage, data from the testing set
should not be used for pre-processing (e.g., Z-score normalization, principal component
analysis, etc.), hyperparameter optimization, or training [206,207]. The most extreme case
of data leakage involves using the same samples for training and testing. However, even
the use of test set performance metrics to influence the choice of ML model or the choice
of ML model architecture qualifies as data leakage and can result in overly optimistic
estimates of the model performance [206]. The effect of data leakage can be significant and
results obtained when data leakage has occurred must be carefully interpreted and may
not be an accurate estimate of the model performance. Figure 5 illustrates appropriate ML
methodology.

Train Model

Pre-process data Hyperparameter
Training Set Normalization optimization,
PCA  etc ’ model selec-
— tion, stopping
: criteria, etc.
Dataset :
Y
T :
est Set : Evaluate Model
| ; Evaluate model

on test set and
report results.

Figure 5. Fundamentals of appropriate ML methodology. Dataset is split into training and testing
subsets before any further analysis. The training set is exclusively used to learn any pre-processing
transformation, for hyperparameter optimization, model selection, and stopping criteria selection.
The test set is only used at the model evaluation stage. The dashed line indicates that transformations
learned during pre-processing (e.g., PCA) may be applied to the test set before model evaluation, but
must not be obtained using information from the test set.

5.2. Analysis of Existing Estimates of the Diagnostic Performance of Machine Learning in Breast
Microwave Sensing

This section discusses the key works that have estimated the diagnostic performance
of ML in BMS; while several articles have attempted to use ML methods in BMS, the use
of ML tools has not been rigorous, and methodological errors are common. Additionally,
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the generalization of trained ML models in BMS is questionable. No trained model has
been evaluated using data obtained from a different imaging system or at a different
geographical location, and published work has limited dataset diversity. Machine-learning
methods have also been applied to classify phantom measurements known to have a benign
or malignant tumour as being benign or malignant [205,208-210]. These applications do
not aim to detect a tumour’s presence but rather to confirm the malignancy of a known
tumour in a phantom and were, therefore, not included in this review. These studies
are mentioned here for completeness as there are relatively few applications of machine
learning for tumour detection within breast microwave sensing. Other studies, which
classified known lesions in patient data [48,49,93,196], were included due to their use of
patient data.

There have been fifteen studies that have estimated the diagnostic performance of
microwave-based sensing for algorithmic breast cancer detection (see Table A1(vi)). The
techniques used in these studies include logistic regression, support vector machines
(SVM), linear discriminant analysis (LDA), quadratic discriminant analysis (QDA), classifier
ensembles, multilayer perceptrons (MLP), convolutional neural networks (CNN), dense
neural networks (DNN), gradient boosting methods, and k-nearest neighbour classifiers
(kNN). Table 3 summarizes these investigations into ML-based BMS cancer diagnosis.
Three additional articles are noteworthy [80,104,113], but are excluded from Table 3. The
work in [104] used the same dataset as [118] and used tree-based models, but none of the
models improved upon the results in [118]. The methods and results in [113] are expanded
upon in [202], and therefore only [202] is included in Table 3. The authors of [80] used a
dataset that combined experimental and simulated data. This article has been excluded
because of the use of simulated data in an unspecified subset of the dataset.

ML-based diagnostic methods in BMS have generally achieved better diagnostic
measures than image-based approaches with larger datasets. The largest dataset used
in an ML-based investigation was in [119] which used data from 1008 phantom scans.
ML methods have been applied to patient (see Table Al(vii)) and phantom datasets (see
Table Al(viii)). Estimates of the diagnostic performance obtained with patient and phantom
datasets are similar (see Table 3).

Notably, the MammoWave system [135] has been used in five ML-based investiga-
tions [112,113,135,188,202]. These works provide the most optimistic estimates of the
diagnostic performance of BMS in the literature, but the reported results are likely overesti-
mates due to methodological limitations in these works. These works suffered from data
leakage, incomplete methodological descriptions (insufficient to facilitate replication), and
lacked true test sets. The work in [112] ensured that hyperparameter tuning was specific
to the dataset used in the work due to the lack of a test set, as did [113,202]. Data leakage
was possible or explicitly described in each of these articles; while the reported results are
positive, these methodological concerns imply that the reported diagnostic estimates are
likely overestimates of the true performance.

Data leakage is a common issue in ML-based investigations in BMS. Data leakage
possibly occurred in five articles (see Table A1(ix)) and explicitly occurred in five articles
(see Table A1(x)). Data leakage is an avoidable methodological issue that ensures estimates
of the ML model performance are overestimates. Data leakage issues observed in BMS
included pre-processing methods applied before train/test set splitting was performed
(including PCA and Z-score normalization) and incorporating testing data into the training
procedure. Several articles did not use an explicit test set. The lack of an appropriate test set
limits the impact of the ML results, and while an appropriate test set requires a sufficiently
large dataset, k-fold validation may be performed, where the dataset is segmented into k-
subsets. For each of the subsets, the remaining dataset is used for all pre-processing, model
training, and hyperparameter optimization. This process allows a reasonable estimate of the
diagnostic performance. Several of these articles have also provided limited descriptions
of the ML methodology that either prohibit replication and leave open the possibility of
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methodological issues (primarily data leakage). However, some work has been done using
open-access datasets [53,104,118,119] and open-source methods [53,118,119].
Table 3. Estimates of diagnostic performance in machine learning-based tumour detection
Article Classification ~ Algo- Ser}sitivity Spe'ciﬁcity Accuracy Es- RO,C AUC  f1Score  Dataset Information
rithm Estimate Estimate timate Estimate

Santorelli SVM, LDA 76.71% 67.48% - - - 230 phantom scans

etal. [138]

Lietal. [76] SVM ensemble 97% 99% - - - 150 phantom scans ?

Rana et al. [112] SVM, MLP, kNN 97.7% 99.7% 98.9% 93.7% 98.6% P 18 patients (12 healthy breast
scans and 11 non-healthy breast
scans)

Sani et al. [135] -¢ 88% 59.3% 80.4% - 86.8% P 102 breast scans (27 without radi-
ological findings, 75 with radio-
logical findings)

Rana et al. [202] SVMs with quadratic 97.2% 94.5% 95.5% - 94.1% 61 breast scans (36 with lesion, 25

and Gaussian kernels without lesion) from 34 patients

Dey et al. [188] PCNN 81.82% 98% - - - 61 breast scans (36 with lesion, 25
without lesion) from 34 patients

Reimer et al. [118] Logistic regression (95 £+ 6)% (80 £ 10)% (85 £ 4)% (944 £+ 0.5)% 80.85%° 249 phantom scans

Al Khatib ~ CNN - - - - 92% 1008 phantom scans

etal. [53]

Reimer et al. [119] Logistic regression, - - - (90 £ 3)% - 1008 phantom scans

CNN, DNN

Martins et al. [82] kNN, LDA, SVM - - 85.00% - - 5 phantom scans

Fasoulaetal. [196] QDA 77.1% 100.0% - - - 24 patients (11 patients with
biopsy-proven malignancy, 13 pa-
tients with either unaspirated
cysts or biopsy-proven benign le-
sions)

Moloney etal. [93] QDA 87.5% - - - - 24 patients

Janjic et al. [48] AdaBoost 79% 77% 78% 74% 78%® 113 patients (43 with malignant
lesions, 70 with benign lesions)

Janjic et al. [49] Gradient Boosting En- 80% 83% 81% 80% 85% P 54 patients (25 with malignant le-

semble sions, 29 with benign lesions)

Luetal. [79] CNN LSTM - - 89.5% - - 1000 phantom scans

2 While 96 healthy patient scans were also performed in [76], synthetic tumour responses were manually intro-
duced into the patient scans. Because the synthetic tumour responses were not experimentally measured, and
due to potential differences between true tumour responses and the synthetic tumour responses in [76], only
the results from the phantom measurements are reported here. P Value was calculated to facilitate comparisons
with [53] based on the reported sensitivity, specificity, and accuracy within the article, but was not reported
explicitly within the article. € The classifier was not specified in this work. The authors wrote, “An appropriate

”

combination of features...leads to sensitivity of...” [135], but no classification method was specified.

Dataset diversity has been limited in BMS investigations, particularly in phantom-
based studies. Breast phantoms are useful experimental tools, particularly for machine
learning, where large datasets can be generated [118], but multiple measurements of the
same phantom have been observed to be more similar than measurements of different
phantoms [119], and repeated measurements of a given phantom may not be appropriately
considered as truly unique measurements [119]. Several articles used datasets with multiple
measurements of a given phantom (see Table Al(xi)). Additionally, the work in [196]
treated multiple images generated from a scan of a given patient’s breast as unique samples.
Notably, the authors of [119] used a leave-one-out testing strategy. The dataset used in this
work consisted of 1008 phantom scans of 66 unique phantoms. The phantoms were each
comprised of an adipose and a fibroglandular component (and, in some cases, a tumour).
The adipose component determined the outer shape of the phantom, and, therefore, the
most dominant reflections (due to the in-air imaging system). The authors trained the
classifiers using data from an all-but-one adipose component, and then tested on the
phantoms made with this left-out component. This procedure maximized data diversity
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between the training and testing sets and ensured that the trained models were tested
on truly unseen phantoms. The average ROC AUC was found to be (78 &+ 3)% across
all phantoms, but if the testing set was constrained to consist of phantoms with breast
volumes within the bounds of the training set and to only contain data from scans where
the tumour was at the same vertical height of the antenna, the ROC AUC was found to
be (90 £ 3)%. This article was the first to explore the effects of a limited dataset in terms
of breast diversity (specifically, breast size and shape) on the diagnostic performance of a
tumour detection method. The authors observed that multiple measurements of a phantom
(of a given adipose component) were more similar than multiple measurements of unique
phantoms. This observation implies that data diversity may significantly affect model
performance.

6. Achievements, Challenges, and Recommendations
6.1. Achievements in Breast Microwave Sensing

Several research groups have developed microwave sensing systems capable of clinical
operation and performed studies involving patients or volunteers [11,12,67,84,109,111,131].
Within the 184 papers examined in this literature review, experimental results of tumour
detection with microwave sensing systems were presented by more than two dozen unique
research groups, including multiple private corporations, with the majority of the results be-
ing reported in the last decade. The relatively large number of independent research groups
to develop and evaluate custom-made microwave sensing systems is an achievement for
the international BMS research community.

Microwave sensing systems are sensitive to the presence of tumours within the breast
and are capable of detecting the presence of sub-centimeter lesions. The smallest reported
detected lesion in a phantom had a largest dimension of 3 mm [43,199] and the smallest
reported detected lesion in a patient had a largest dimension of 4 mm [48], and numer-
ous investigations demonstrated detection of sub-centimeter tumours (see Table A1(xii)).
Sensitivity estimates obtained using phantom and patient datasets with image-based di-
agnostic criteria range from 63 to 100% (see Table Al(iv)). System bandwidth, antenna
design, and data collection protocols vary within the literature, but all current systems
have demonstrated sensitivity to the tumour response.

ML methods have been more frequently used for tumour detection than image-based
methods (see Table A1(v)). These methods illustrate a potential future approach whereby
breast cancer diagnosis is automatically performed using low-cost microwave systems
using objective and quantitative ML models. These methods are particularly well-suited
to low- and middle-income countries and rural locations, where access to healthcare may
be limited due to the automated diagnostic process. No trained diagnostician or reviewer
may be required. This research path may be fruitful in the future.

6.2. Challenges in Breast Microwave Sensing

This review reveals three significant challenges face the BMS research community: the
poor estimates of the modality’s specificity; the limited and poor methods of image quality
analysis; and the lack of robust methods and dataset diversity in machine-learning-based
investigations.

Only four articles have estimated the image-based specificity of the modality, and
the existing estimates range between 20 and 65% [100,120,133,134]. These estimates do
not demonstrate that microwave sensing is ready for clinical application; while sensitivity
estimates range from 63 to 100%, the sensitivity of a diagnostic technique is only informative
in the context of the specificity of the technique. Despite a push to perform larger clinical
trials, with the largest featuring 225 patients [143], existing specificity estimates are poor.
Only two articles have attempted to evaluate the diagnostic performance of the modality
using phantoms under controlled experimental conditions [100,120], and the specificity
estimates of 20% [100] and 56% [120] are not promising. Viable specificity of this modality
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must be demonstrated under experimental conditions before further patient studies should
be performed, given the ethical considerations involved in clinical trials.

Image quality analysis in BMS has been limited to analyses of the image contrast and
localization error. Various terms have been used for the same mathematical definitions of
image quality metrics (e.g., SCR, SMR sometimes refer to the same mathematical definition),
and various mathematical definitions have been applied to the same term (e.g., SCR has had
multiple definitions). This lack of consistency in the definitions of image quality metrics
obfuscates the analyses presented in the literature and limits the comparison of image
reconstruction techniques across publications. The research community in BMS should aim
to build upon the work of others and utilize consistent definitions of image quality metrics.
Current image quality metrics are also limited in their usefulness due to their reliance on a
priori knowledge of tissue properties and/or geometries. This requirement limits these
metrics to applications in well-controlled experiments, where this a priori information is
known. Most current metrics (including the most often used SCR, SMR, and localization
error) rely on single pixel/voxel intensities and are therefore non-robust. Several aspects of
traditional image quality have been neglected in the literature, including image resolution,
noise, and artifacts. The hotspot tumour-like artifact present in reconstructions of healthy
breasts is an example of this; while the artifact appears in several publications, no formal
discussion or characterization of it has been presented in the literature. Future work in
image-based BMS should aim to describe image quality more thoroughly.

Only one reliable estimate of the diagnostic performance obtained with ML has been
presented, and while the estimate of an ROC AUC of (90 £ 3)% is positive [119], further
work using more diverse datasets is necessary. The majority of existing ML-based work in
BMS has not adhered to appropriate ML methodological standards. The reported estimates
of the diagnostic performance of ML models in the literature are therefore overestimates.

6.3. Recommendations

Despite the significant progress in BMS research, several challenges remain. Several
of the identified challenges must be addressed before microwave-based systems can be
considered for clinical use as breast cancer detection systems. Therefore, we make the
following recommendations for future work in experimental breast microwave sensing:

1.  Develop more robust image quality metrics that describe image contrast, resolution,
noise, accuracy, and artifacts. Metrics that utilize distributions of intensities within an
image may be more robust than current metrics, which use single-pixel values.

2. Coherence of image quality analysis within the literature should be considered when
performing research. Multiple definitions for a common term, or multiple terms
having the same definition, only obfuscate the academic literature surrounding breast
microwave sensing. We recommend that given their relative prevalence in the litera-
ture (as the most commonly used definitions) the following definitions for the SCR,
SMR, and localization error, should be used.

Tmax
CR =
S Cmax (3)
SMR = @ 4)
mean
LE = {rmax - rtum| (5)

3.  Compare reconstructed images of tumour-free and tumour-containing phantoms. The
use of more robust image quality metrics will assist these comparisons, but even
qualitative comparisons should be made.

4.  Estimate the specificity of the technique using controlled phantom studies. Despite
several patient-based investigations into the sensitivity of the modality, only two
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estimates of the specificity have been presented. Before patient or volunteer trials are
conducted, the specificity must be estimated using controlled phantom studies.

5. Develop objective and robust tumour-detection criteria and utilize these in blind
studies to estimate the modality’s diagnostic potential.

6.  Published results should be reproducible, and methods should be transparent. Several
articles have been missing important information that precludes result reproduction,
including information regarding training and evaluation procedures of machine-
learning methods, propagation speed estimation methodology (in radar-based image
reconstruction), phantom information (dielectric property and geometry information),
and reconstruction method. Open-source analysis, as in [53,116,118,119], and open-
access datasets, as in [118-120], are the best methods for ensuring transparency and
reproducibility and should be used when appropriate.

7. Machine-learning applications should be evaluated using diverse datasets and appro-
priate ML methodologies that are fully described and reproducible. Valid estimates of
the diagnostic performance of ML-based diagnosis require adherence to appropriate
ML standards, the use of a valid test set, and sufficient dataset diversity. The results
from [118,119] should inform future work—the outer tissue geometries were a pri-
mary determinant of dataset diversity, and multiple measurements from the same
phantom should be constrained to only the training or testing sets, and should not be
used in both.

7. Conclusions

Breast microwave sensing is a potentially advantageous method for breast cancer
detection due to the use of non-ionizing radiation and the relatively large contrast in the
dielectric properties of malignant tissues compared to those of healthy tissues. Estimates of
the sensitivity of the modality have shown promise in both patient and phantom investiga-
tions, but the attention of the research community has been broadly focused on tumour
detection rather than diagnostic utility. Existing estimates of the modality’s specificity do
not demonstrate significant clinical utility, and range from 20 to 65% [100,120,134]. Speci-
ficity is a necessary measure to consider when evaluating the efficacy of a diagnostic tool,
particularly in breast cancer screening (where the negative impact of false positives in mam-
mography has been well-documented [1]). Further investigations should quantitatively
compare reconstructions of healthy and tumour-containing breasts.

Image quality analysis has been limited to metrics that rely on single-pixel intensity
values and/or complete knowledge of the true tissue properties and geometries. These
techniques are not suitable for use in blind or double-blind trials to evaluate the efficacy
of the modality and are non-robust. Current image quality metrics characterize image
contrast (e.g., signal-to-clutter ratio) or accuracy (e.g., localization error). Several aspects of
traditional image quality have been neglected, including resolution, noise, and artifacts.
The presence of tumour-like artifacts in reconstructed images of healthy breasts is observed
in several published studies but has not been adequately addressed.

Machine-learning methods have been explored as potential automated diagnostic tools,
but only one article has adhered to fundamental machine-learning methodological stan-
dards [120]. Despite fifteen articles reporting estimates of the diagnostic performance (see
Table A1(vi)), significant methodological flaws are common. Data contamination, limited
dataset diversity, and a lack of an appropriate testing set were observed in the majority of
articles exploring machine learning in this review.

Clinical applications of microwave sensing for breast cancer detection are an impor-
tant and expanding research field attracting international researchers and research group
collaborations. Before a microwave-based technique can be considered clinically feasible,
the diagnostic utility of the modality must be estimated with respect to sensitivity and
specificity. Methods of image quality analysis must extend beyond characterizing contrast,
and image artifacts must be analyzed. Despite the promising sensitivity of the modality,
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much work must be done to characterize image quality and specificity before BMS systems
can be considered clinically viable.
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Abbreviations

The following abbreviations are used in this manuscript:

BMS Breast Microwave Sensing

MRI Magnetic Resonance Imaging

DAS Delay-And-Sum

DMAS Delay-Multiply-And-Sum

IDAS Improved Delay-And-Sum

SCR Signal-to-Clutter Ratio

SMR Signal-to-Mean Ratio

TFRR Tumour-to-Fibroglandular Response Ratio
CCR Contrast-to-Clutter Ratio

LE Localization Error

MSE Mean Squared Error

FWHM Full-Width at Half-Maximum

SSIM Structural Similarity Index Measure

ROI Region of Interest

ROC AUC  Area Under the Curve of the Receiver Operating Characteristic curve
ORR Optimization-based Radar Reconstruction algorithm
FNR False Negative Rate

TPR True Positive Rate

ML Machine Learning

SVM Support Vector Machine

LDA Linear Discriminant Analysis

QDA Quadratic Discriminant Analysis

MLP MultiLayer Perceptron

CNN Convolutional Neural Network

DNN Dense Neural Network

kNN k-Nearest Neighbour

PCA Principal Component Analysis
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Appendix A

Table A1. References for specific claims.

Index  Claim References

Papers presenting images without quantitative analysis [12,17,27,29,30,32-35,37,38,40-43,47,49-51,54,55,57,59,64,66,67,73-75,77,81,84,87,88,92,95-97,102,

@) ffm P n g & utqu Y 103,105,107-110,121-123,126-129,134,136,140,141,144,146,148,150,152,155-158,160,161,163,166—
of image quality 172,174,175,177-180,184,185,187,191,192,194,195,197]

(i) Papers presenting image-based analyses with healthy [12,25,26,30,33,40-43,45,49,50,56,63,67,69,72,84,85,87,88,90,91,100,107-110,120,122,129,131—
patients or phantoms 135,140,142,148,158,162,165,166,169,173,175,184,186,188,190,195,198]

iy ~ Papers that performed quantitative analysis of healthy 5 ¢ 45 56 61 63 69,70,72,85,90,91,100,101,120,131-133,142,162,165,173,186,190,198]
and unhealthy images

(iv) Papers that hav_e reported estimates of the diagnostic [47,94,100,111,120,132-134,141,143,170,201]
performance of image-based BMS

) Papers that I_lave estllmated image-based diagnostic per- [47,94,111,132-134,141,143,170,201]
formance using patient datasets

(viy  Papers that have estimated diagnostic performance us- 44 49 53 7679 8 93,104,112,118,119,135,138,188,196,202]
ing machine learning

(vid) Papers th:at have gstlmaﬁed dlggnostlc performance us- [48,49,93,112,135,188,196,202]
ing machine learning with patient datasets

(viii) Papers th'at have e.zshma'ted diagnostic performance us- [53,76,79,82,104,118,119,138]
ing machine learning with phantom datasets

ix Papers in which data leakage may have occurred [48,82,135,138,196]

p 8 y

(x) Papers in which data leakage explicitly occurred [53,112,113,188,202]

(xi) Papers that_ applied ML methods with datasets consist- [53,76,79,82,104,118,119,138]
ing of multiple measurements of the same phantom

(xii) Papers that have reported sub-centimeter lesion detec-  [13,17,25,26,32,34,36,40,43,45,47,48,51,52,54,57,58,60,64,69,71,83,99,100,114,124,129,148,154,158,

X tion 163,164,167,168,170-175,177,182,187,199]

References
1.  Gotzsche, PC,; Jorgensen, K.J. Screening for breast cancer with mammography. Cochrane Database Syst. Rev. 2013, 22, CD001877.

10.

11.

12.

https://doi.org/10.1002/14651858.CD001877.pub5.

Moloney, B.M.; O'Loughlin, D.; Abd Elwahab, S.; Kerin, M.J. Breast cancer detection—A synopsis of conventional modalities and
the potential role of microwave imaging. Diagnostics 2020, 10, 103. https://doi.org/10.3390/diagnostics10020103.

Iskander, M.; Durney, C. Electromagnetic techniques for medical diagnosis: A review. Proc. IEEE 1980, 68, 126-132. https:
//doi.org/10.1109/PROC.1980.11592.

Sugitani, T.; Kubota, S.i.; Kuroki, S.i.; Sogo, K.; Arihiro, K.; Okada, M.; Kadoya, T.; Hide, M.; Oda, M.; Kikkawa, T. Complex
permittivities of breast tumor tissues obtained from cancer surgeries. Appl. Phys. Lett. 2014, 104, 253702. https://doi.org/10.106
3/1.4885087.

Lazebnik, M.; Popovic, D.; McCartney, L.; Watkins, C.B.; Lindstrom, M.].; Harter, J.; Sewall, S.; Ogilvie, T.; Magliocco, A.; Breslin,
T.M,; et al. A large-scale study of the ultrawideband microwave dielectric properties of normal, benign and malignant breast
tissues obtained from cancer surgeries. Phys. Med. Biol. 2007, 52, 6093-6115. https:/ /doi.org/10.1088/0031-9155/52/20/002.
Lazebnik, M.; McCartney, L.; Popovic, D.; Watkins, C.B.; Lindstrom, M.].; Harter, J.; Sewall, S.; Magliocco, A.; Booske, ]J.H.;
Okoniewski, M.; et al. A large-scale study of the ultrawideband microwave dielectric properties of normal breast tissue obtained
from reduction surgeries. Phys. Med. Biol. 2007, 52, 2637. https://doi.org/10.1088/0031-9155/52/10/001.

Benny, R.; Anjit, T.A.; Mythili, P. An overview of microwave imaging for breast tumor detection. Prog. Electromagn. Res. B 2020,
87,61-91. https://doi.org/10.2528 /PIERB20012402.

Aldhaeebi, M.A.; Alzoubi, K.; Almoneef, T.S.; Bamatraf, S.M.; Attia, H.; Ramahi, O.M. Review of microwaves techniques for
breast cancer detection. Sensors 2020, 20, 2390. https://doi.org/10.3390/520082390.

Kwon, S.; Lee, S. Recent advances in microwave imaging for breast cancer detection. Int. ]. Biomed. Imaging 2016, 2016, 5054912.
https://doi.org/10.1155/2016 /5054912.

Chandra, R.; Zhou, H.; Balasingham, I.; Narayanan, R.M. On the opportunities and challenges in microwave medical sensing and
imaging. IEEE Trans. Biomed. Eng. 2015, 62, 1667-1682. https://doi.org/10.1109/TBME.2015.2432137.

Fear, E.C.; Bourqui, J.; Curtis, C.; Mew, D.; Docktor, B.; Romano, C. Microwave breast imaging with a monostatic radar-based
system: A study of application to patients. IEEE Trans. Microw. Theory Tech. 2013, 61, 2119-2128. https://doi.org/10.1109/TMTT.
2013.2255884.

Fasoula, A.; Duchesne, L.; Moloney, B.; Gil Cano, J.; Chenot, C.; Oliveira, B.; Bernard, J.G.; Abd Elwahab, S.; Kerin, M. Pilot
patient study with the Wavelia microwave breast imaging system for breast cancer detection: Clinical feasibility and identified
technical challenges. In Proceedings of the 2020 14th European Conference on Antennas and Propagation (EuCAP), Copenhagen,
Denmark, 15-20 March 2020; IEEE: Piscataway, NJ, USA, 2020; pp. 1-5. https://doi.org/10.23919/EuCAP48036.2020.9135549.


https://doi.org/10.1002/14651858.CD001877.pub5
https://doi.org/10.3390/diagnostics10020103
https://doi.org/10.1109/PROC.1980.11592
https://doi.org/10.1109/PROC.1980.11592
https://doi.org/10.1063/1.4885087
https://doi.org/10.1063/1.4885087
https://doi.org/10.1088/0031-9155/52/20/002
https://doi.org/10.1088/0031-9155/52/10/001
https://doi.org/10.2528/PIERB20012402
https://doi.org/10.3390/s20082390
https://doi.org/10.1155/2016/5054912
https://doi.org/10.1109/TBME.2015.2432137
https://doi.org/10.1109/TMTT.2013.2255884
https://doi.org/10.1109/TMTT.2013.2255884
https://doi.org/10.23919/EuCAP48036.2020.9135549

Sensors 2023, 23, 5123 21 of 29

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Klemm, M.; Craddock, L].; Leendertz, J.A.; Preece, A.; Benjamin, R. Radar-based breast cancer detection using a hemispherical
antenna array — Experimental results. IEEE Trans. Antennas Propag. 2009, 57, 1692-1704. https://doi.org/10.1109/TAP.2009.20198
56.

Solis-Nepote, M.; Reimer, T.; Pistorius, S. An air-operated bistatic system for breast microwave radar imaging: Pre-clinical
validation. In Proceedings of the 2019 41st Annual International Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC), Berlin, Germany, 23-27 July 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 1859-1862. https://doi.org/10.1109/
EMBC.2019.8857646.

Hagness, S.C.; Taflove, A.; Bridges, ]. Two-dimensional FDTD analysis of a pulsed microwave confocal system for breast cancer
detection: Fixed-focus and antenna-array sensors. IEEE Trans. Biomed. Eng. 1998, 45, 1470-1479. https://doi.org/10.1109/10.730
440.

Lim, H.B.; Nhung, N.T.T.; Li, E.P; Thang, N.D. Confocal microwave imaging for breast cancer detection: Delay-multiply-and-sum
image reconstruction algorithm. IEEE Trans. Biomed. Eng. 2008, 55, 1697-1704. https://doi.org/10.1109/TBME.2008.919716.
Klemm, M.; Craddock, L].; Leendertz, J.A.; Preece, A.; Benjamin, R. Improved delay-and-sum beamforming algorithm for breast
cancer detection. Int. |. Antennas Propag. 2008, 2008, 761402 . https://doi.org/10.1155/2008 /761402.

Porter, E.; O'Loughlin, D. Pathway to demonstrating clinical efficacy of microwave breast imaging: Qualitative and quantitative
performance assessment. IEEE |. Electromagn. RF Microwaves Med. Biol. 2022, 6, 439-448. https://doi.org/10.1109/JERM.2022.321
8756.

Prince, ].L. Medical Imaging Signals and Systems, 2nd ed.; Pearson: Boston, MA, USA, 2015.

O’Loughlin, D.; O’Halloran, M.; Moloney, B.M.; Glavin, M.; Jones, E.; Elahi, M.A. Microwave breast imaging: Clinical advances
and remaining challenges. IEEE Trans. Biomed. Eng. 2018, 65, 2580-2590. https://doi.org/10.1109/TBME.2018.2809541.
Misilmani, HM.E.; Naous, T.; Khatib, S.K.A.; Kabalan, K.Y. A survey on antenna designs for breast cancer detection using
microwave imaging. IEEE Access 2020, 8, 102570-102594. https:/ /doi.org/10.1109/ACCESS.2020.2999053.

Modiri, A.; Goudreau, S.; Rahimi, A.; Kiasaleh, K. Review of breast screening: Toward clinical realization of microwave imaging.
Med. Phys. 2017, 44, e446-e458. https://doi.org/10.1002/mp.12611.

Semenov, S. Microwave tomography: Review of the progress towards clinical applications. Philos. Trans. R. Soc. A Math. Phys.
Eng. Sci. 2009, 367, 3021-3042. https://doi.org/10.1098/rsta.2009.0092.

Felicio, ].M.; Bioucas-Dias, ] M.; Costa, ].R.; Fernandes, C.A. Microwave breast imaging using a dry setup. IEEE Trans. Comput.
Imaging 2020, 6, 167-180. https://doi.org/10.1109/TCI1.2019.2931079.

Flores-Tapia, D.; Pistorius, S. Real time breast microwave radar image reconstruction using circular holography: A study of
experimental feasibility. Med. Phys. 2011, 38, 5420-5431. https://doi.org/10.1118/1.3633922.

Flores-Tapia, D.; Rodriguez, D.; Solis, M.; Kopotun, N.; Latif, S.; Maizlish, O.; Fu, L.; Gui, Y.; Hu, C.M,; Pistorius, S. Experimental
feasibility of multistatic holography for breast microwave radar image reconstruction. Med. Phys. 2016, 43, 4674-4686.
https://doi.org/10.1118/1.4953636.

Fogel, H.C.; Hughson, M.; Asefi, M.; Jeffrey, I.; LoVetri, ]. An integrated microwave-ultrasound breast imaging system: Initial
phantom results. In Proceedings of the 2022 16th European Conference on Antennas and Propagation (EuCAP), Madrid, Spain,
27 March-1 April 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 1-5. https://doi.org/10.23919/EuCAP53622.2022.9768942.
Ghavami, N.; Probert Smith, P,; Tiberi, G.; Edwards, D.; Craddock, I. Non-iterative beamforming based on Huygens principle
for multistatic ultrawide band radar: Application to breast imaging. IET Microwaves Antennas Propag. 2015, 9, 1233-1240.
https://doi.org/10.1049 /iet-map.2014.0621.

Golnabi, A.H.; Geimer, S.D.; Meaney, PM.; Paulsen, K.D. Comparison of no-prior and soft-prior regularization in biomedical
microwave imaging. J. Med. Phys. 2011, 36, 159-170. https://doi.org/10.4103/0971-6203.83482.

Golnabi, A.H.; Meaney, PM.; Epstein, N.R.; Paulsen, K.D. Microwave imaging for breast cancer detection: Advances in three
dimensional image reconstruction. In Proceedings of the 2011 Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, Boston, MA, USA, 30 August-3 September 2011; IEEE: Piscataway, NJ, USA, 2011; pp. 5730-5733.
https://doi.org/10.1109 /IEMBS.2011.6091418.

Golnabi, A.H.; Meaney, P.M.; Paulsen, K.D. 3D microwave tomography of the breast using prior anatomical information. Med.
Phys. 2016, 43, 1933-1944. https://doi.org/10.1118/1.4944592.

Grzegorczyk, TM.; Meaney, PM.; Jeon, S.I; Geimer, S.D.; Paulsen, K.D. Importance of phase unwrapping for the reconstruction
of microwave tomographic images. Biomed. Opt. Express 2011, 2, 315-330. https://doi.org/10.1364/BOE.2.000315.
Grzegorczyk, T.M.; Meaney, PM.; Kaufman, P.A.; di Florio-Alexander, R.M.; Paulsen, K.D. Fast 3-D tomographic microwave
imaging for breast cancer detection. IEEE Trans. Med. Imaging 2012, 31, 1584-1592. https://doi.org/10.1109/TMI1.2012.2197218.
Guruswamy, S.; Chinniah, R.; Thangavelu, K. Design and implementation of compact ultra-wideband vivaldi antenna with
directors for microwave-based imaging of breast cancer. Analog. Integr. Circuits Signal Process. 2021, 108, 45-57. https:
/ /doi.org/10.1007 /s10470-021-01859-2.

Halter, R.J.; Zhou, T.; Meaney, PM.; Hartov, A.; Barth, R.J.; Rosenkranz, K.M.; Wells, W.A.; Kogel, C.A ; Borsic, A.; Rizzo, E.J ;
et al. The correlation of in vivo and ex vivo tissue dielectric properties to validate electromagnetic breast imaging: Initial clinical
experience. Physiol. Meas. 2009, 30, S121-S136. https://doi.org/10.1088/0967-3334/30/6/S08.

Hathal, M.S.; Salih, S.S.; Hasan, A.H. Ultra-wideband featuring enhanced delay and sum algorithm and oriented for detecting
early stage breast cancer. Prog. Electromagn. Res. M 2021, 100, 141-150. https://doi.org/10.2528 /PIERM20012804.


https://doi.org/10.1109/TAP.2009.2019856
https://doi.org/10.1109/TAP.2009.2019856
https://doi.org/10.1109/EMBC.2019.8857646
https://doi.org/10.1109/EMBC.2019.8857646
https://doi.org/10.1109/10.730440
https://doi.org/10.1109/10.730440
https://doi.org/10.1109/TBME.2008.919716
https://doi.org/10.1155/2008/761402
https://doi.org/10.1109/JERM.2022.3218756
https://doi.org/10.1109/JERM.2022.3218756
https://doi.org/10.1109/TBME.2018.2809541
https://doi.org/10.1109/ACCESS.2020.2999053
https://doi.org/10.1002/mp.12611
https://doi.org/10.1098/rsta.2009.0092
https://doi.org/10.1109/TCI.2019.2931079
https://doi.org/10.1118/1.3633922
https://doi.org/10.1118/1.4953636
https://doi.org/10.23919/EuCAP53622.2022.9768942
https://doi.org/10.1049/iet-map.2014.0621
https://doi.org/10.4103/0971-6203.83482
https://doi.org/10.1109/IEMBS.2011.6091418
https://doi.org/10.1118/1.4944592
https://doi.org/10.1364/BOE.2.000315
https://doi.org/10.1109/TMI.2012.2197218
https://doi.org/10.1007/s10470-021-01859-2
https://doi.org/10.1007/s10470-021-01859-2
https://doi.org/10.1088/0967-3334/30/6/S08
https://doi.org/10.2528/PIERM20012804

Sensors 2023, 23, 5123 22 of 29

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Helbig, M.; Dahlke, K.; Hilger, I.; Kmec, M.; Sachs, J. Design and test of an imaging system for UWB breast cancer detection.
Frequenz 2012, 66, 387-394. https://doi.org/10.1515/freq-2012-0103.

Helbig, M.; Faenger, B.; Ley, S.; Hilger, I. Multistatic M-sequence UWB radar system for microwave breast imaging. In Proceedings
of the 2021 IEEE Conference on Antenna Measurements & Applications (CAMA), Antibes Juan-les-Pins, France, 15-17 November
2021; IEEE: Piscataway, NJ, USA, 2021; pp. 540-545. https://doi.org/10.1109/CAMA49227.2021.9703560.

Henriksson, T.; Joachimowicz, N.; Conessa, C.; Bolomey, ].C. Quantitative microwave imaging for breast cancer detection using a
planar 2.45 GHz system. IEEE Trans. Instrum. Meas. 2010, 59, 2691-2699. https://doi.org/10.1109/TIM.2010.2045540.

Hossain, A.; Islam, M.T.; Islam, M.T.; Chowdhury, M.E.H.; Rmili, H.; Samsuzzaman, M. A planar ultrawideband patch antenna
array for microwave breast tumor detection. Materials 2020, 13, 4918. https://doi.org/10.3390/ma13214918.

Islam, M.T.; Samsuzzaman, M.; Islam, M.T.; Kibria, S.; Singh, M.]. A homogeneous breast phantom measurement system with an
improved modified microwave imaging antenna sensor. Sensors 2018, 18, 2962. https://doi.org/10.3390/518092962.

Islam, M.; Samsuzzaman, M.; Islam, M.; Kibria, S. Experimental breast phantom imaging with metamaterial-inspired nine-antenna
sensor array. Sensors 2018, 18,4427. https://doi.org/10.3390/s18124427.

Islam, M.T.; Samsuzzaman, M.; Kibria, S.; Islam, M.T. Experimental breast phantoms for estimation of breast tumor using
microwave imaging systems. IEEE Access 2018, 6, 78587-78597. https://doi.org/10.1109/ ACCESS.2018.2885087.

Islam, M.T.; Mahmud, M.Z,; Islam, M.T.; Kibria, S.; Samsuzzaman, M. A low cost and portable microwave imaging system for
breast tumor detection using UWB directional antenna array. Sci. Rep. 2019, 9, 15491. https://doi.org/10.1038/541598-019-51620
-Z.

Islam, M.T.; Islam, M.T.; Samsuzzaman, M.; Kibria, S.; Chowdhury, M.E.H. Microwave breast imaging using compressed sensing
approach of iteratively corrected delay multiply and sum beamforming. Diagnostics 2021, 11, 470. https://doi.org/10.3390/
diagnostics11030470.

Jalilvand, M.; Li, X.; Zwirello, L.; Zwick, T. Ultra wideband compact near-field imaging system for breast cancer detection. IET
Microwaves Antennas Propag. 2015, 9, 1009-1014. https://doi.org/10.1049 /iet-map.2014.0735.

Janjic, A.; Cayoren, M.; Akduman, I; Yilmaz, T.; Onemli, E.; Bugdayci, O.; Aribal, M.E. SAFE: A novel microwave imaging system
design for breast cancer screening and early detection—Clinical evaluation. Diagnostics 2021, 11, 533. https://doi.org/10.3390/
diagnostics11030533.

Janjic, A.; Akduman, I.; Cayoren, M.; Bugdayci, O.; Aribal, M.E. Microwave breast lesion classification—Results from clinical
investigation of the SAFE microwave breast cancer system. Acad. Radiol. 2022, in press. https://doi.org/10.1016/j.acra.2022.12.001.
Janjic, A.; Akduman, I.; Cayoren, M.; Bugdayci, O.; Aribal, M.E. Gradient-boosting algorithm for microwave breast lesion
classification—SAFE clinical investigation. Diagnostics 2022, 12, 3151. https://doi.org/10.3390/diagnostics12123151.

Jeon, S.I; Kim, B.R.; Son, S.H. Clinical trial of microwave tomography imaging. In Proceedings of the 2016 URSI Asia-Pacific
Radio Science Conference (URSI AP-RASC), Seoul, Republic of Korea, 21-25 August 2016; IEEE: Piscataway, NJ, USA, 2016;
pp. 1-2. https://doi.org/10.1109/URSIAP-RASC.2016.7883562.

Kaur, G.; Kaur, A. Monostatic radar-based microwave imaging of breast tumor detection using a compact cubical dielectric
resonator antenna. Microw. Opt. Technol. Lett. 2021, 63, 196-204. https://doi.org/10.1002/mop.32557.

Kaur, G.; Kaur, A. "C" shaped dual polarized dielectric resonator antenna for the microwave imaging of breast tumor using
beam-forming algorithms. Int. J. Microw. Comput.-Aided Eng. 2022, 32, €23178. https://doi.org/10.1002/mmce.23178.

al Khatib, S.K.; Naous, T.; Shubair, R.M.; el Misilmani, HM. A deep learning framework for breast tumor detection and
localization from microwave imaging data. In Proceedings of the 2021 28th IEEE International Conference on Electronics, Circuits,
and Systems (ICECS), Dubai, United Arab Emirates, 28 November—1 December 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 1-4.
https://doi.org/10.1109 /ICECS53924.2021.9665521.

Khor, W.C.; Abu Bakar, A.; Bialkowski, M.E. Investigations into breast cancer detection using ultra wide band microwave radar
technique. In Proceedings of the 2009 Asia Pacific Microwave Conference, Singapore, 10-13 December 2019; IEEE: Piscataway,
NJ, USA, 2009; pp. 712-715. https://doi.org/10.1109/ APMC.2009.5384238.

Khoshdel, V.; Asefi, M.; Ashraf, A.; LoVetri, J. Full 3D microwave breast imaging using a deep-learning technique. J. Imaging
2020, 6, 80. https://doi.org/10.3390/jimaging6080080.

Kibria, S.; Samsuzzaman, M.; Islam, M.T.; Mahmud, M.Z.; Misran, N.; Islam, M.T. Breast phantom imaging using iteratively
corrected coherence factor delay and sum. IEEE Access 2019, 7, 40822-40832. https://doi.org/10.1109/ACCESS.2019.2906566.
Klemm, M.; Craddock, I.; Leendertz, ].; Preece, A.; Benjamin, R. Experimental and clinical results of breast cancer detection using
UWB microwave radar. In Proceedings of the 2008 IEEE Antennas and Propagation Society International Symposium, San Diego,
CA, USA, 5-11 July 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 1-4. https://doi.org/10.1109/APS.2008.4619673.

Klemm, M.; Leendertz, J.; Gibbins, D.; Craddock, L.; Preece, A.; Benjamin, R. Microwave radar-based breast cancer detection:
Imaging in inhomogeneous breast phantoms. IEEE Antennas Wirel. Propag. Lett. 2009, 8, 1349-1352. https://doi.org/10.1109/
LAWP.2009.2036748.

Klemm, M.; Craddock, L].; Leendertz, J.A.; Preece, A.; Gibbins, D.R.; Shere, M.; Benjamin, R. Clinical trials of a UWB imaging
radar for breast cancer. In Proceedings of the Fourth European Conference on Antennas and Propagation, Barcelona, Spain, 12-16
April 2010; IEEE: Piscataway, NJ, USA, 2010; pp. 1-4.


https://doi.org/10.1515/freq-2012-0103
https://doi.org/10.1109/CAMA49227.2021.9703560
https://doi.org/10.1109/TIM.2010.2045540
https://doi.org/10.3390/ma13214918
https://doi.org/10.3390/s18092962
https://doi.org/10.3390/s18124427
https://doi.org/10.1109/ACCESS.2018.2885087
https://doi.org/10.1038/s41598-019-51620-z
https://doi.org/10.1038/s41598-019-51620-z
https://doi.org/10.3390/diagnostics11030470
https://doi.org/10.3390/diagnostics11030470
https://doi.org/10.1049/iet-map.2014.0735
https://doi.org/10.3390/diagnostics11030533
https://doi.org/10.3390/diagnostics11030533
https://doi.org/10.1016/j.acra.2022.12.001
https://doi.org/10.3390/diagnostics12123151
https://doi.org/10.1109/URSIAP-RASC.2016.7883562
https://doi.org/10.1002/mop.32557
https://doi.org/10.1002/mmce.23178
https://doi.org/10.1109/ICECS53924.2021.9665521
https://doi.org/10.1109/APMC.2009.5384238
https://doi.org/10.3390/jimaging6080080
https://doi.org/10.1109/ACCESS.2019.2906566
https://doi.org/10.1109/APS.2008.4619673
https://doi.org/10.1109/LAWP.2009.2036748
https://doi.org/10.1109/LAWP.2009.2036748

Sensors 2023, 23, 5123 23 of 29

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

Klemm, M.; Leendertz, J.A.; Gibbins, D.; Craddock, L].; Preece, A.; Benjamin, R. Microwave radar-based differential breast cancer
imaging: Imaging in homogeneous breast phantoms and low contrast scenarios. IEEE Trans. Antennas Propag. 2010, 58, 2337-2344.
https://doi.org/10.1109/TAP.2010.2048860.

Kranold, L.; Taherzadeh, M.; Nabki, E; Coates, M.; Popovic, M. Microwave breast screening prototype: System miniaturization
with IC pulse radio. IEEE ]. Electromagn. RF Microwaves Med. Biol. 2021, 5, 168-178. https://doi.org/10.1109/JERM.2020.3029214.
Kranold, L.; Ozmen, M.; Coates, M.; Popovic, M. Microwave radar for breast health monitoring: System performance protocol.
In Proceedings of the 2020 IEEE MTT-S International Microwave Biomedical Conference (IMBioC), Toulouse, France, 14-17
December 2020; IEEE: Piscataway, NJ, USA, 2020; pp. 1-3. https://doi.org/10.1109/IMBIoC47321.2020.9385019.

Kranold, L.; Popovic, M. RF radar nreast health monitoring: System evaluation with post-biopsy marker. IEEE |. Electromagn. RF
Microwaves Med. Biol. 2021, 5, 148-154. https:/ /doi.org/10.1109/JERM.2020.3023514.

Kumari, V.; Ahmed, A.; Kanumuri, T.; Shakher, C.; Sheoran, G. Early detection of cancerous tissues in human breast utilizing
near field microwave holography. Int. |. Imaging Syst. Technol. 2020, 30, 391—400. https://doi.org/10.1002/ima.22384.

Kurrant, D.J.; Fear, E.C.; Westwick, D.T. Tumor response estimation in radar-based microwave breast cancer detection. IEEE
Trans. Biomed. Eng. 2008, 55, 2801-2811. https://doi.org/10.1109/TBME.2008.921164.

Kurrant, D.; Bourqui, ].; Fear, E. Surface estimation for microwave imaging. Sensors 2017, 17, 1658. https://doi.org/10.3390/s170
71658.

Kuwahara, Y.; Miura, S.; Nishina, Y.; Mukumoto, K.; Ogura, H.; Sakahara, H. Clinical test of microwave mammography. In
Proceedings of the 2013 IEEE Antennas and Propagation Society International Symposium (APSURSI), 7-13 JulY 2013; IEEE:
Piscataway, NJ, USA, 2013; pp. 2028-2029. https://doi.org/10.1109/APS.2013.6711672.

Lai, J.C.Y.; Soh, C.B.; Gunawan, E.; Low, K.S. UWB microwave imaging for breast cancer detection—Experiments with
heterogeneous breast phantoms. Prog. Electromagn. Res. M 2011, 16, 19-29. https://doi.org/10.2528 /PIERM10072001.

Latif, S.I.; Flores Tapia, D.; Rodriguez Herrera, D.; Solis Nepote, M.; Pistorius, S.; Shafai, L. A directional antenna in a matching
liquid for microwave radar imaging. Int. . Antennas Propag. 2015, 2015, 751739. https:/ /doi.org/10.1155/2015/751739.

Lavoie, B.R.; Okoniewski, M.; Fear, E.C. Estimating the effective permittivity for reconstructing accurate microwave-radar images.
PLoS ONE 2016, 11, e0160849. https://doi.org/10.1371/journal.pone.0160849.

Lazaro, A.; Girbau, D.; Villarino, R. Simulated and experimental investigation of microwave imaging using UWB. Prog.
Electromagn. Res. 2009, 94, 263-280. https://doi.org/10.2528 /PIER09061004.

Li, D.; Meaney, PM.; Tosteson, T.D.; Jiang, S.; Kerner, T.E.; McBride, T.O.; Pogue, B.W.; Hartov, A.; Paulsen, K.D. Comparisons
of three alternative breast modalities in a common phantom imaging experiment. Med. Phys. 2003, 30, 2194-2205. https:
//doi.org/10.1118/1.1586266.

Dun, L.; Meaney, P; Paulsen, K. Conformal microwave imaging for breast cancer detection. IEEE Trans. Microw. Theory Tech.
2003, 51, 1179-1186. https://doi.org/10.1109/TMTT.2003.809624.

Li, D.; Meaney, PM.; Raynolds, T.; Pendergrass, S.A.; Fanning, M.W.; Paulsen, K.D. Parallel-detection microwave spectroscopy
system for breast imaging. Rev. Sci. Instrum. 2004, 75, 2305-2313. https:/ /doi.org/10.1063/1.1764609.

Li, Q.; Xiao, X.; Wang, L.; Song, H.; Kono, H.; Liu, P; Lu, H.; Kikkawa, T. Direct extraction of tumor response based on ensemble
empirical mode decomposition for image reconstruction of early breast cancer detection by UWB. IEEE Trans. Biomed. Circuits
Syst. 2015, 9, 710-724. https://doi.org/10.1109/TBCAS.2015.2481940.

Li, Y;; Porter, E.; Santorelli, A.; Popovic, M.; Coates, M. Microwave breast cancer detection via cost-sensitive ensemble classifiers:
Phantom and patient investigation. Biomed. Signal Process. Control 2017, 31, 366-376. https://doi.org/10.1016/j.bspc.2016.09.003.
Li, H.; Zhang, H.; Kong, Y.; Zhou, C. Flexible dual-polarized UWB antenna sensors for breast tumor detection. IEEE Sensors ].
2022, 22, 13648-13658. https://doi.org/10.1109/JSEN.2022.3180356.

Liu, G,; Xiao, X.; Song, H.; Lu, M.; Kikkawa, T. An adaptive window-based hybrid artifact removal method for ultra-wide band
imaging enhancement of early breast cancer detection. Biomed. Signal Process. Control 2021, 70, 102980. https://doi.org/10.1016/j.
bspc.2021.102980.

Lu, M;; Xiao, X.; Pang, Y; Liu, G.; Lu, H. Detection and localization of breast cancer using UWB microwave technology and
CNN-LSTM framework. IEEE Trans. Microw. Theory Tech. 2022, 70, 5085-5094. https://doi.org/10.1109/TMTT.2022.3209679.
Lu, M;; Xiao, X,; Liu, G.; Lu, H.; Pang, Y.; Kikkawa, T. Breast tumor detection by 1D-convolutional neural network based on
ultra-wide-band microwave technology. Meas. Sci. Technol. 2023, 34, 025702. https://doi.org/10.1088/1361-6501/ac9cf9.

Ma, H.; Sasada, S.; Okada, M.; Kikkawa, T.; Kidera, S. Clinical test of surface rejection method for microwave breast cancer
imaging. In Proceedings of the 2021 IEEE USNC-URSI Radio Science Meeting (Joint with AP-S Symposium), Singapore, 4-10
December 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 43—44. https://doi.org/10.23919/USNC-URSI51813.2021.9703592.
Martins, R.A.; Felicio, ].M.; Costa, J.R.; Fernandes, C.A. Comparison of slot-based and Vivaldi antennas for breast tumor
detection using machine learning and microwave imaging algorithms. In Proceedings of the 2021 15th European Conference
on Antennas and Propagation (EuCAP), Dusseldorf, Germany, 22-26 March 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 1-5.
https://doi.org/10.23919 /EuCAP51087.2021.9411128.

Martins, R.A ; Felicio, ] M.; Costa, J.R.; Fernandes, C.A. Systematic analysis of microwave breast imaging detection of different-
sized malignant and benign tumors. In Proceedings of the 2022 16th European Conference on Antennas and Propagation
(EuCAP), Madrid, Spain, 27 March-1 April, 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 1-4. https://doi.org/10.23919/EuCAP5
3622.2022.9769076.


https://doi.org/10.1109/TAP.2010.2048860
https://doi.org/10.1109/JERM.2020.3029214
https://doi.org/10.1109/IMBIoC47321.2020.9385019
https://doi.org/10.1109/JERM.2020.3023514
https://doi.org/10.1002/ima.22384
https://doi.org/10.1109/TBME.2008.921164
https://doi.org/10.3390/s17071658
https://doi.org/10.3390/s17071658
https://doi.org/10.1109/APS.2013.6711672
https://doi.org/10.2528/PIERM10072001
https://doi.org/10.1155/2015/751739
https://doi.org/10.1371/journal.pone.0160849
https://doi.org/10.2528/PIER09061004
https://doi.org/10.1118/1.1586266
https://doi.org/10.1118/1.1586266
https://doi.org/10.1109/TMTT.2003.809624
https://doi.org/10.1063/1.1764609
https://doi.org/10.1109/TBCAS.2015.2481940
https://doi.org/10.1016/j.bspc.2016.09.003
https://doi.org/10.1109/JSEN.2022.3180356
https://doi.org/10.1016/j.bspc.2021.102980
https://doi.org/10.1016/j.bspc.2021.102980
https://doi.org/10.1109/TMTT.2022.3209679
https://doi.org/10.1088/1361-6501/ac9cf9
https://doi.org/10.23919/USNC-URSI51813.2021.9703592
https://doi.org/10.23919/EuCAP51087.2021.9411128
https://doi.org/10.23919/EuCAP53622.2022.9769076
https://doi.org/10.23919/EuCAP53622.2022.9769076

Sensors 2023, 23, 5123 24 of 29

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

Meaney, P.; Fanning, M.; Li, D.; Poplack, S.; Paulsen, K. A clinical prototype for active microwave imaging of the breast. IEEE
Trans. Microw. Theory Tech. 2000, 48, 1841-1853. https://doi.org/10.1109/22.883861.

Meaney, PM.; Demidenko, E.; Yagnamurthy, N.K,; Li, D.; Fanning, M.W.; Paulsen, K.D. A two-stage microwave image
reconstruction procedure for improved internal feature extraction. Med. Phys. 2001, 28, 2358-2369. https://doi.org/10.1118/1.14
13520.

Meaney, PM.; Yagnamurthy, N.K.; Paulsen, K.D. Pre-scaled two-parameter Gauss-Newton image reconstruction to reduce
property recovery imbalance. Phys. Med. Biol. 2002, 47, 1101-1119. https://doi.org/10.1088/0031-9155/47/7/308.

Meaney, PM.; Pendergrass, S.A.; Fanning, M.W.; Paulsen, K.D. Importance of using a reduced contrast coupling medium in 2D
microwave breast imaging. J. Electromagn. Waves Appl. 2003, 17, 333-355. https://doi.org/10.1163/156939303322235851.
Meaney, PM.; Fanning, M.W.; Raynolds, T.; Fox, C.J.; Fang, Q.; Kogel, C.A.; Poplack, S.P.; Paulsen, K.D. Initial clinical
experience with microwave breast imaging in women with normal mammography. Acad. Radiol. 2007, 14, 207-218. https:
//doi.org/10.1016/j.acra.2006.10.016.

Meaney, PM.; Fang, Q.; Rubaek, T.; Demidenko, E.; Paulsen, K.D. Log transformation benefits parameter estimation in microwave
tomographic imaging. Med. Phys. 2007, 34, 2014-2023. https://doi.org/10.1118/1.2737264.

Meaney, PM.; Kaufman, P.A.; Muffly, L.S.; Click, M.; Poplack, S.P.; Wells, W.A_; Schwartz, G.N.; di Florio-Alexander, RM,;
Tosteson, T.D.; Li, Z.; et al. Microwave imaging for neoadjuvant chemotherapy monitoring: Initial clinical experience. Breast
Cancer Res. 2013, 15, R35. https://doi.org/10.1186/bcr3418.

Meaney, PM.; Geimer, S.D.; Paulsen, K.D. Two-step inversion with a logarithmic transformation for microwave breast imaging.
Med. Phys. 2017, 44, 4239-4251. https:/ /doi.org/10.1002/mp.12384.

Medina, Y.; Augusto, M.; Paz, A.V. Microwave imaging for breast cancer detection: Experimental comparison of confocal and
holography algorithms. In Proceedings of the 2016 IEEE ANDESCON, Arequipa, Peru, 19-21 October 2016; IEEE: Piscataway, NJ,
USA, 2016; pp. 1-4. https://doi.org/10.1109/ ANDESCON.2016.7836226.

Moloney, B.M.; McAnena, P.F; Elwahab, S.M.; Fasoula, A.; Duchesne, L.; Gil Cano, ].D.; Glynn, C.; O’Connell, A; Ennis, R,;
Lowery, A.].; et al. The Wavelia microwave breast imaging system-tumour discriminating features and their clinical usefulness.
Br. J. Radiol. 2021, 94, 20210907. https://doi.org/10.1259 /bjr.20210907.

Moloney, B.M.; McAnena, PF,; Abd Elwahab, S.M.; Fasoula, A.; Duchesne, L.; Gil Cano, ].D.; Glynn, C.; O’Connell, A.; Ennis, R,;
Lowery, A.].; et al. Microwave imaging in breast cancer — Results from the first-in-human clinical investigation of the Wavelia
system. Acad. Radiol. 2022, 29, 5211-5222. https://doi.org/10.1016/j.acra.2021.06.012.

Nemez, K.; Baran, A.; Asefi, M.; LoVetri, ]. Modeling error and calibration techniques for a faceted metallic chamber for magnetic
field microwave imaging. IEEE Trans. Microw. Theory Tech. 2017, 65, 4347-4356. https:/ /doi.org/10.1109/TMTT.2017.2694823.
Norouzzadeh, E.; Chamaani, S.; Moll, J.; Kexel, C.; Nguyen, D.H.; Hiibner, F,; Bazrafshan, B.; Vogl, T.].; Krozer, V. Numerical and
experimental analysis of a transmission-based breast imaging system: A study of application to patients. Int. . Microw. Wirel.
Technol. 2020, 12, 469-476. https:/ /doi.org/10.1017/51759078720000240.

Oliveira, B.L.; O’Loughlin, D.; O’Halloran, M.; Porter, E.; Glavin, M.; Jones, E. Microwave breast imaging: Experimental
tumour phantoms for the evaluation of new breast cancer diagnosis systems. Biomed. Phys. Eng. Express 2018, 4, 025036.
https://doi.org/10.1088/2057-1976 / aaaaff.

O’Loughlin, D.; Oliveira, B.; Elahi, M.; Glavin, M.; Jones, E.; Popovic, M.; O’'Halloran, M. Parameter search algorithms for
microwave radar-based breast imaging: Focal quality metrics as fitness functions. Sensors 2017, 17, 2823. https://doi.org/10.339
0/s17122823.

O’Loughlin, D.; Glavin, M.; Jones, E.; O’Halloran, M. Evaluation of experimental microwave radar-based images: Evaluation
criteria. In Proceedings of the 2018 IEEE International Symposium on Antennas and Propagation & USNC/URSI National Radio
Science Meeting, Boston, MA, USA, 8-13 July 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 895-896. https://doi.org/10.1109/
APUSNCURSINRSM.2018.8608682.

O’Loughlin, D.; Oliveira, B.L.; Santorelli, A.; Porter, E.; Glavin, M.; Jones, E.; Popovic, M.; O'Halloran, M. Sensitivity and
specificity estimation using patient-specific microwave imaging in diverse experimental breast phantoms. IEEE Trans. Med.
Imaging 2019, 38, 303-311. https://doi.org/10.1109/TMI.2018.2864150.

O’Loughlin, D.; Elahi, M.A_; Lavoie, B.R.; Fear, E.C.; O’'Halloran, M. Assessing patient-specific microwave breast imaging in
clinical case studies. Sensors 2021, 21, 8048. https://doi.org/10.3390/521238048.

Oloumi, D.; Winter, R.S.C.; Kordzadeh, A.; Boulanger, P.; Rambabu, K. Microwave imaging of breast tumor using time-domain
UWRB circular-SAR technique. IEEE Trans. Med. Imaging 2020, 39, 934-943. https://doi.org/10.1109/TMI.2019.2937762.
Ozmen, H.; Kurt, M.B. Radar-based microwave breast cancer detection system with a high-performance ultrawide band antipodal
Vivaldi antenna. Turk. J. Electr. Eng. Comput. Sci. 2021, 29, 2326-2345. https://doi.org/10.3906/elk-2010-49.

Patel, P; Raina, A. Comparison of machine learning algorithms for tumor detection in breast microwave imaging. In Proceedings
of the 2021 11th International Conference on Cloud Computing, Data Science & Engineering (Confluence), Noida, India, 28-29
January 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 882-886. https://doi.org/10.1109/Confluence51648.2021.9377191.

Porter, E.; Kirshin, E.; Santorelli, A.; Popovic, M. Microwave breast screening in the time-domain: Identification and compensation
of measurement-induced uncertainties. Prog. Electromagn. Res. B 2013, 55, 115-130.

Porter, E.; Kirshin, E.; Santorelli, A.; Coates, M.; Popovic, M. Time-domain multistatic radar system for microwave breast
screening. IEEE Antennas Wirel. Propag. Lett. 2013, 12, 229-232. https://doi.org/10.1109/LAWP.2013.2247374.


https://doi.org/10.1109/22.883861
https://doi.org/10.1118/1.1413520
https://doi.org/10.1118/1.1413520
https://doi.org/10.1088/0031-9155/47/7/308
https://doi.org/10.1163/156939303322235851
https://doi.org/10.1016/j.acra.2006.10.016
https://doi.org/10.1016/j.acra.2006.10.016
https://doi.org/10.1118/1.2737264
https://doi.org/10.1186/bcr3418
https://doi.org/10.1002/mp.12384
https://doi.org/10.1109/ANDESCON.2016.7836226
https://doi.org/10.1259/bjr.20210907
https://doi.org/10.1016/j.acra.2021.06.012
https://doi.org/10.1109/TMTT.2017.2694823
https://doi.org/10.1017/S1759078720000240
https://doi.org/10.1088/2057-1976/aaaaff
https://doi.org/10.3390/s17122823
https://doi.org/10.3390/s17122823
https://doi.org/10.1109/APUSNCURSINRSM.2018.8608682
https://doi.org/10.1109/APUSNCURSINRSM.2018.8608682
https://doi.org/10.1109/TMI.2018.2864150
https://doi.org/10.3390/s21238048
https://doi.org/10.1109/TMI.2019.2937762
https://doi.org/10.3906/elk-2010-49
https://doi.org/10.1109/Confluence51648.2021.9377191
https://doi.org/10.1109/LAWP.2013.2247374

Sensors 2023, 23, 5123 25 of 29

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

Porter, E.; Santorelli, A.; Popovic, M. Time-domain microwave radar applied to breast imaging: Measurement reliability in a
clinical setting. Prog. Electromagn. Res. 2014, 149, 119-132. https://doi.org/10.2528 / PIER14080503.

Porter, E.; Santorelli, A.; Kazemi, R.; Popovic, M. Microwave time-domain radar: Healthy tissue variations over the menstrual
cycle. IEEE Antennas Wirel. Propag. Lett. 2015, 14, 1310-1313. https://doi.org/10.1109/LAWP.2015.2403834.

Porter, E.; Coates, M.; Popovic, M. An early clinical study of time-domain microwave radar for breast health monitoring. IEEE
Trans. Biomed. Eng. 2016, 63, 530-539. https://doi.org/10.1109/TBME.2015.2465867.

Porter, E.; Bahrami, H.; Santorelli, A.; Gosselin, B.; Rusch, L.A.; Popovic, M. A wearable microwave antenna array for time-domain
breast tumor screening. IEEE Trans. Med. Imaging 2016, 35, 1501-1509. https://doi.org/10.1109/TMI.2016.2518489.

Preece, A.W.; Craddock, I; Shere, M.; Jones, L.; Winton, H.L. MARIA M4: Clinical evaluation of a prototype ultrawideband radar
scanner for breast cancer detection. J. Med. Imaging 2016, 3, 033502. https://doi.org/10.1117/1.JMI.3.3.033502.

Rana, S.P; Dey, M; Tiberi, G.; Sani, L.; Vispa, A.; Raspa, G.; Duranti, M.; Ghavami, M.; Dudley, S. Machine learning approaches
for automated lesion detection in microwave breast imaging clinical data. Sci. Rep. 2019, 9, 10510. https://doi.org/10.1038/s415
98-019-46974-3.

Rana, S.P; Dey, M.; Loretoni, R.; Duranti, M.; Sani, L.; Vispa, A.; Ghavami, M.; Dudley, S.; Tiberi, G. Radial basis function for
breast lesion detection from MammoWave clinical data. Diagnostics 2021, 11, 1930. https://doi.org/10.3390/diagnostics11101930.
Rasappan, R.; Anwar, N.S.N.; Zanoon, T.F; Sun, T.S.; Ain, M.E; Abdullah, M.Z. Microwave 3D imaging system featuring the
phase coherence factor for improved beamforming. Curr. Med. Imaging Former. Curr. Med. Imaging Rev. 2022, 18, 939-951.
https://doi.org/10.2174/1573405618666220304093447.

Reimer, T.; Nepote, M.S.; Pistorius, S. Initial results using an MLEM-based reconstruction algorithm for breast microwave radar
imaging. In Proceedings of the 2018 18th International Symposium on Antenna Technology and Applied Electromagnetics
(ANTEM), Waterloo, ON, Canada, 19-22 August 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 1-2. https://doi.org/10.1109/
ANTEM.2018.8572937.

Reimer, T.; Solis-Nepote, M.; Pistorius, S. The application of an iterative structure to the delay-and-sum and the delay-multiply-
and-sum beamformers in breast microwave imaging. Diagnostics 2020, 10, 411. https://doi.org/10.3390/diagnostics10060411.
Reimer, T.; Solis-Nepote, M.; Pistorius, S. The impact of the inverse chirp z-transform on breast microwave radar image
reconstruction. Int. |. Microw. Wirel. Technol. 2020, 12, 848-854. https://doi.org/10.1017/51759078720000379.

Reimer, T.; Krenkevich, J.; Pistorius, S. An open-access experimental dataset for breast microwave imaging. In Proceedings of
the 2020 14th European Conference on Antennas and Propagation (EuCAP), Copenhagen, Denmark, 15-20 March 2020; IEEE:
Piscataway, NJ, USA, 2020; pp. 1-5. https://doi.org/10.23919/EuCAP48036.2020.9135659.

Reimer, T.; Pistorius, S. The diagnostic performance of machine learning in breast microwave sensing on an experimental dataset.
IEEE ]. Electromagn. RF Microwaves Med. Biol. 2022, 6, 139-145. https:/ /doi.org/10.1109/JERM.2021.3076100.

Reimer, T.; Pistorius, S. An optimization-based approach to radar image reconstruction in breast microwave sensing. Sensors
2021, 21, 8172. https://doi.org/10.3390/s21248172.

Herrera, D.R; Reimer, T.; Nepote, M.S,; Pistorius, S. Manufacture and testing of anthropomorphic 3D-printed breast phantoms
using a microwave radar algorithm optimized for propagation speed. In Proceedings of the 2017 11th European Conference
on Antennas and Propagation (EUCAP), Paris, France, 19-24 March 2017; IEEE: Piscataway, NJ, USA, 2017; pp. 3480-3484.
https:/ /doi.org/10.23919 /EuCAP.2017.7928402.

Rubaek, T.; Meaney, PM.; Meincke, P,; Paulsen, K.D. Nonlinear microwave imaging for breast-cancer screening using Gauss-
Newton’s method and the CGLS inversion algorithm. IEEE Trans. Antennas Propag. 2007, 55, 2320-2331. https://doi.org/10.110
9/TAP.2007.901993.

Rubaek, T.; Meaney, PM.; Paulsen, K.D. A contrast source inversion algorithm formulated using the log-phase formulation. Int. .
Antennas Propag. 2011, 2011, 849894. https://doi.org/10.1155/2011/849894.

Ruvio, G.; Solimene, R.; Cuccaro, A.; Gaetano, D.; Browne, J.E.; Ammann, M.]. Breast cancer detection using interferometric
MUSIC: Experimental and numerical assessment. Med. Phys. 2014, 41, 103101. https://doi.org/10.1118/1.4892067.

Rydholm, T.; Fhager, A.; Persson, M.; Meaney, PM. A first evaluation of the realistic Supelec-breast phantom. IEEE ]. Electromagn.
RF Microwaves Med. Biol. 2017, 1, 59-65. https:/ /doi.org/10.1109/JERM.2017.2761018.

Sagheer, M..; Sami, H.; Riaz, K.; Qasim Mehmood, M.; Zubair, M. Performance omparison of image reconstruction algorithms
in microwave imaging for breast cancer screening. In Proceedings of the 2021 1st International Conference on Microwave,
Antennas & Circuits (ICMAC), Islamabad, Pakistan, 21-22 December 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 1-2. https:
//doi.org/10.1109/ICMAC54080.2021.9678274.

Saied, I; Arslan, T.; Ullah, R; Liu, C.; Wang, F. Hardware accelerator for wearable and portable radar-based microwave breast
imaging systems. In Proceedings of the 2021 IEEE International Symposium on Circuits and Systems (ISCAS), Daegu, Republic
of Korea, 22-28 May 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 1-5. https://doi.org/10.1109/ISCAS51556.2021.9401407.
Sakamoto, T.; Song, H.; Kikkawa, T. Radar imaging of breast cancer using Kirchhoff migration and singular value decomposition.
In Proceedings of the 2017 IEEE Conference on Antenna Measurements & Applications (CAMA), Tsukuba, Japan, 4-6 December
2017; IEEE: Piscataway, NJ, USA, 2017; pp. 268-271. https://doi.org/10.1109/CAMA.2017.8273421.

Salvador, S.M.; Vecchi, G. Experimental tests of microwave breast cancer detection on phantoms. IEEE Trans. Antennas Propag.
2009, 57, 1705-1712. https://doi.org/10.1109/TAP.2009.2019901.


https://doi.org/10.2528/PIER14080503
https://doi.org/10.1109/LAWP.2015.2403834
https://doi.org/10.1109/TBME.2015.2465867
https://doi.org/10.1109/TMI.2016.2518489
https://doi.org/10.1117/1.JMI.3.3.033502
https://doi.org/10.1038/s41598-019-46974-3
https://doi.org/10.1038/s41598-019-46974-3
https://doi.org/10.3390/diagnostics11101930
https://doi.org/10.2174/1573405618666220304093447
https://doi.org/10.1109/ANTEM.2018.8572937
https://doi.org/10.1109/ANTEM.2018.8572937
https://doi.org/10.3390/diagnostics10060411
https://doi.org/10.1017/S1759078720000379
https://doi.org/10.23919/EuCAP48036.2020.9135659
https://doi.org/10.1109/JERM.2021.3076100
https://doi.org/10.3390/s21248172
https://doi.org/10.23919/EuCAP.2017.7928402
https://doi.org/10.1109/TAP.2007.901993
https://doi.org/10.1109/TAP.2007.901993
https://doi.org/10.1155/2011/849894
https://doi.org/10.1118/1.4892067
https://doi.org/10.1109/JERM.2017.2761018
https://doi.org/10.1109/ICMAC54080.2021.9678274
https://doi.org/10.1109/ICMAC54080.2021.9678274
https://doi.org/10.1109/ISCAS51556.2021.9401407
https://doi.org/10.1109/CAMA.2017.8273421
https://doi.org/10.1109/TAP.2009.2019901

Sensors 2023, 23, 5123 26 of 29

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

Sami, H.; Sagheer, M.; Riaz, K.; Mehmood, M.Q.; Zubair, M. Machine learning-based approaches for breast cancer detection in
microwave imaging. In Proceedings of the 2021 IEEE USNC-URSI Radio Science Meeting (Joint with AP-S Symposium), Singapore,
4-10 December 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 72-73. https://doi.org/10.23919/USNC-URSI51813.2021.9703518.
Sani, L.; Paoli, M.; Raspa, G.; Ghavami, N.; Sacchetti, F.; Saracini, A.; Ercolani, S.; Vannini, E.; Duranti, M. Initial clinical
validation of a novel microwave apparatus for testing breast integrity. In Proceedings of the 2016 IEEE International Conference
on Imaging Systems and Techniques (IST), Chania, Greece, 4-6 October 2016; IEEE: Piscataway, NJ, USA, 2016; pp. 278-282.
https://doi.org/10.1109/IST.2016.7738237.

Sani, L.; Paoli, M.; Raspa, G.; Vispa, A.; Ghavami, N.; Tiberi, G.; Saracini, A.; Ercolani, S.; Vannini, E.; Duranti, M. Microwave
apparatus for testing breast integrity based on Huygens principle: Clinical validation on 16 subjects. In Proceedings of the
Loughborough Antennas & Propagation Conference (LAPC 2017), Loughborough, UK, 12-13 November 2018; Institution of
Engineering and Technology: Loughborough, UK, 2017. https://doi.org/10.1049/cp.2017.0302.

Sani, L.; Ghavami, N.; Vispa, A.; Paoli, M.; Raspa, G.; Ghavami, M.; Sacchetti, F.; Vannini, E.; Ercolani, S.; Saracini, A.; et al. Novel
microwave apparatus for breast lesions detection: Preliminary clinical results. Biomed. Signal Process. Control 2019, 52, 257-263.
https://doi.org/10.1016/j.bspc.2019.04.025.

Sani, L.; Vispa, A.; Loretoni, R.; Duranti, M.; Ghavami, N.; Alvarez Sanchez-Bayuela, D.; Caschera, S.; Paoli, M.; Bigotti, A.; Badia,
M.; et al. Breast lesion detection through MammoWave device: Empirical detection capability assessment of microwave images’
parameters. PLoS ONE 2021, 16, e0250005. https://doi.org/10.1371/journal.pone.0250005.

Sani, L.; Vispa, A.; Ghavami, N.; Sanchez-Bayuela, D.A.; Badia, M.; Bigotti, A.; Raspa, G.; Castellano, C.R.; Ghavami, M,;
Tiberi, G. MammoWave breast imaging device: A procedure for device’s characterization via phantom measurements and
subsequent clinical trials” preliminary results. In Proceedings of the 2021 IEEE Conference on Antenna Measurements &
Applications (CAMA), Antibes Juan-les-Pins, France, 15-17 November 2021; IEEE: Piscataway, NJ, USA, France, 2021; pp.
483-486. https:/ /doi.org/10.1109/CAMA49227.2021.9703532.

Santorelli, A.; Chudzik, M.; Kirshin, E.; Porter, E.; Lujambio, A.; Arnedo, I.; Popovic, M.; Schwartz, ].D. Experimental
demonstration of pulse shaping for time-domain microwave breast imaging. Prog. Electromagn. Res. 2013, 133, 309-329.
https://doi.org/10.2528 /PIER12091008.

Santorelli, A.; Kirshin, E.; Porter, E.; Popovic, M.; Schwartz, J. Improved calibration for an experimental time-domain microwave
imaging system. In Proceedings of the 2013 7th European Conference on Antennas and Propagation (EuCAP), Gothenburg,
Sweden, 8-12 April 2013; IEEE: Piscataway, NJ, USA, 2013; pp. 801-805.

Santorelli, A.; Porter, E.; Kirshin, E.; Liu, Y.J.; Popovic, M. Investigation of classifiers for tumor detection with an experimental
time-domain breast screening system. Prog. Electromagn. Res. 2014, 144, 45-57. https://doi.org/10.2528 /PIER13110709.
Santorelli, A.; Porter, E.; Kang, E.; Piske, T.; Popovic, M.; Schwartz, ].D. A time-domain microwave system for breast cancer
detection using a flexible circuit board. IEEE Trans. Instrum. Meas. 2015, 64, 2986-2994. https://doi.org/10.1109/TIM.2015.24405
65.

Santorelli, A.; Laforest, O.; Porter, E.; Popovic, M. Image classification for a time-domain microwave radar system: Experiments
with stable modular breast phantoms. In Proceedings of the 2015 9th European Conference on Antennas and Propagation
(EuCAP), Lisbon, Portugal, 13-17 April 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 1-5.

Sasada, S.; Masumoto, N.; Song, H.; Kajitani, K.; Emi, A.; Kadoya, T.; Arihiro, K.; Kikkawa, T.; Okada, M. Portable impulse-radar
detector for breast cancer: A pilot study. J. Med. Imaging 2018, 5, 1. https://doi.org/10.1117/1.JMI.5.2.025502.

Shah Karam, S.A.; O’Loughlin, D.; Asl, B.M. A novel sophisticated form of DMAS beamformer: Application to breast cancer
detection. Biomed. Signal Process. Control 2022, 74, 103516. https://doi.org/10.1016/j.bspc.2022.103516.

Shere, M.; Lyburn, I; Sidebottom, R.; Massey, H.; Gillett, C.; Jones, L. MARIA©Mb5: A multicentre clinical study to evaluate the
ability of the Micrima radio-wave radar breast imaging system (MARIA®) to detect lesions in the symptomatic breast. Eur. J.
Radiol. 2019, 116, 61-67. https://doi.org/10.1016/j.ejrad.2019.04.017.

Shipilov, S.; Eremeev, A.; Yakubov, V.; Fedyanin, I.; Satarov, R.; Zavyalova, K.; Shipilova, S.; Balzovsky, E. Use of multi-
angle ultra-wide band microwave sounding for high resolution breast imaging. Med. Phys. 2020, 47, 5147-5157. https:
//doi.org/10.1002/mp.14408.

Sill, J.; Fear, E. Tissue sensing adaptive radar for breast cancer detection-Experimental investigation of simple tumor models.
IEEE Trans. Microw. Theory Tech. 2005, 53, 3312-3319. https://doi.org/10.1109/TMTT.2005.857330.

Solimene, R.; Basile, B.; Browne, J.; Cuccaro, A.; Dell’Aversano, A.; Ruvio, G. An incoherent radar imaging system for medical
applications. In Proceedings of the 2021 IEEE Conference on Antenna Measurements & Applications (CAMA), Antibes Juan-les-
Pins, France, 15-17 November 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 493—498. https://doi.org/10.1109/CAMA49227.2021.
9703549.

Solis Nepote, M.; Herrera, D.R.; Tapia, D.F; Latif, S.; Pistorius, S. A comparison study between horn and Vivaldi antennas for
1.5-6 GHz breast microwave radar imaging. In Proceedings of the 8th European Conference on Antennas and Propagation
(EuCAP 2014), The Hague, The Netherlands, 6-11 April 2014; IEEE: Piscataway, NJ, USA, 2014; pp. 59-62. https://doi.org/10.1
109/EuCAP.2014.6901692.

Son, S.H. Preclinical prototype development of a microwave tomography system for breast cancer detection. ETRI J. 2010,
32,901-910. https://doi.org/10.4218/etrij.10.0109.0626.


https://doi.org/10.23919/USNC-URSI51813.2021.9703518
https://doi.org/10.1109/IST.2016.7738237
https://doi.org/10.1049/cp.2017.0302
https://doi.org/10.1016/j.bspc.2019.04.025
https://doi.org/10.1371/journal.pone.0250005
https://doi.org/10.1109/CAMA49227.2021.9703532
https://doi.org/10.2528/PIER12091008
https://doi.org/10.2528/PIER13110709
https://doi.org/10.1109/TIM.2015.2440565
https://doi.org/10.1109/TIM.2015.2440565
https://doi.org/10.1117/1.JMI.5.2.025502
https://doi.org/10.1016/j.bspc.2022.103516
https://doi.org/10.1016/j.ejrad.2019.04.017
https://doi.org/10.1002/mp.14408
https://doi.org/10.1002/mp.14408
https://doi.org/10.1109/TMTT.2005.857330
https://doi.org/10.1109/CAMA49227.2021.9703549
https://doi.org/10.1109/CAMA49227.2021.9703549
https://doi.org/10.1109/EuCAP.2014.6901692
https://doi.org/10.1109/EuCAP.2014.6901692
https://doi.org/10.4218/etrij.10.0109.0626

Sensors 2023, 23, 5123 27 of 29

149.

150.

151.

152.

153.

154.

155.

156.

157.

158.

159.

160.

161.

162.

163.

164.

165.

166.

167.

Song, H.; Kono, H.; Seo, Y.; Azhari, A.; Somei, J.; Suematsu, E.; Watarai, Y.; Ota, T.; Watanabe, H.; Hiramatsu, Y.; et al. A
radar-based breast cancer detection system using CMOS integrated circuits. IEEE Access 2015, 3, 2111-2121. https://doi.org/10.1
109/ ACCESS.2015.2496101.

Song, H.; Sasada, S.; Kadoya, T.; Okada, M.; Arihiro, K.; Xiao, X.; Kikkawa, T. Detectability of breast tumor by a hand-held
impulse-radar detector: Performance evaluation and pilot clinical study. Sci. Rep. 2017, 7, 16353. https://doi.org/10.1038 /541598
-017-16617-6.

Song, H.; Sasada, S.; Masumoto, N.; Kadoya, T.; Shiroma, N.; Orita, M.; Arihiro, K.; Okada, M.; Kikkawa, T. Detectability of breast
tumors in excised breast tissues of total mastectomy by IR-UWB-radar-based breast cancer detector. IEEE Trans. Biomed. Eng.
2019, 66, 2296-2305. https://doi.org/10.1109/TBME.2018.2887083.

Song, H.; Watanabe, H.; Xiao, X.; Kikkawa, T. Influence of air-gaps between antennas and breast on impulse-radar-based breast
cancer detection. In Proceedings of the 2019 13th European Conference on Antennas and Propagation (EuCAP), Krakow, Poland,
31 March-5 April 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 1-2.

Song, H.; Sasada, S.; Masumoto, N.; Kadoya, T.; Okada, M.; Arihiro, K.; Xiao, X.; Kikkawa, T. A two-stage rotational surface
clutter suppression method for microwave breast imaging with multistatic impulse-radar detector. IEEE Trans. Instrum. Meas.
2020, 69, 9586-9598. https:/ /doi.org/10.1109/TIM.2020.3004683.

Sugitani, T.; Kubota, S.; Toya, A.; Xiao, X.; Kikkawa, T. A compact 4 x 4 planar UWB antenna array for 3D breast cancer detection.
IEEE Antennas Wirel. Propag. Lett. 2013, 12, 733-736. https://doi.org/10.1109/LAWP.2013.2270933.

Tajik, D.; Foroutan, F; Shumakov, D.S.; Pitcher, A.D.; Nikolova, N.K. Real-time microwave imaging of a compressed breast
phantom with planar scanning. IEEE |. Electromagn. RF Microwaves Med. Biol. 2018, 2, 154-162. https:/ /doi.org/10.1109/JERM.
2018.2841380.

Tajik, D.; Nikolova, N.K.; Noseworthy, M.D. Improving quantitative microwave holography through simultaneous use of the
Born and Rytov approximations. In Proceedings of the 2019 16th European Radar Conference (EuRAD), Paris, France, 2—4
October 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 281-284.

Tajik, D.; Trac, J.; Nikolova, N.K. Spatial esolution evaluation of a microwave system for breast cancer screening. In Proceedings
of the 2019 13th European Conference on Antennas and Propagation (EuCAP), Krakow, Poland, 31 March-5 April 2019; IEEE:
Piscataway, NJ, USA, 2019; pp. 1-5.

Tangwachirapan, S.; Sawangsri, P.; Pinitkiatisakul, P.; Thongdit, P.; Thaiwirot, W. Breast cancer detection based microwave
imaging using single antipodal Vivaldi antenna. In Proceedings of the 2022 Research, Invention, and Innovation Congress:
Innovative Electricals and Electronics (RI2C), Bangkok, Thailand, 4-5 August 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 97-100.
https://doi.org/10.1109/RI12C56397.2022.9910316.

Tiberi, G.; Ghavami, N.; Sanchez-Bayuela, D.A ; Sani, L.; Vispa, A.; Bigotti, A.; Badia, M.; Papini, L.; Raspa, G.; Castellano, C.R,;
et al. MammoWave breast imaging device: Path to clinical validation, results and implications in future population-based breast
screening programs. In Proceedings of the 2022 16th European Conference on Antennas and Propagation (EuCAP), Madrid,
Spain, 27 March-1 April 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 1-4. https://doi.org/10.23919/EuCAP53622.2022.9769530.
Torres-Quispe, H.A.; Patino-Escarcina, R.E. Improving UWB image reconstruction for breast cancer diagnosis by doing an iterative
analysis of radar signals. In Pattern Recognition and Artificial Intelligence; Springer International Publishing: Cham, Switzerland ,
2022; Volume 13363, pp. 435-446. Series Title: Lecture Notes in Computer Science, https:/ /doi.org/10.1007 /978-3-031-09037-0_36.
Vasquez, ].T.; Vipiana, F; Casu, M.; Vacca, M.; Sarwar, I.; Scapaticci, R.; Joachimowicz, N.; Duchene, B. Experimental assessment
of qualitative microwave imaging using a 3-D realistic breast phantom. In Proceedings of the 2017 11th European Conference
on Antennas and Propagation (EUCAP), Paris, France, 19-24 March 2017; IEEE: Piscataway, NJ, USA, 2017; pp. 2728-2731.
https://doi.org/10.23919/EuCAP.2017.7928477.

Vispa, A.; Sani, L.; Paoli, M.; Bigotti, A.; Raspa, G.; Ghavami, N.; Caschera, S.; Ghavami, M.; Duranti, M.; Tiberi, G. UWB device
for breast microwave imaging: Phantom and clinical validations. Measurement 2019, 146, 582-589. https://doi.org/10.1016/.
measurement.2019.05.109.

Wang, L.; Simpkin, R.; Al-Jumaily, A.M. Holographic microwave imaging array: Experimental investigation of breast tumour
detection. In Proceedings of the 2013 IEEE International Workshop on Electromagnetics, Applications and Student Innovation
Competition, Hong Kong, China, 1-3 August 2013; IEEE: Piscataway, NJ, USA, 2013; pp. 61-64. https://doi.org/10.1109 /iWEM.
2013.6888770.

Wang, Y.; Abbosh, A.M.; Henin, B.; Nguyen, P.T. Synthetic bandwidth radar for ultra-wideband microwave imaging systems.
IEEE Trans. Antennas Propag. 2014, 62, 698-705. https://doi.org/10.1109/TAP.2013.2289355.

Xiao, X.; Liu, Y.; Song, H.; Kikkawa, T. Optimal microwave breast imaging using quality metrics and simulated annealing
algorithm. Int. J. RF Microw. Comput.-Aided Eng. 2020, 30, €22364. https://doi.org/10.1002/mmce.22364.

Yang, F; Sun, L.; Hu, Z.; Wang, H.; Pan, D.; Wu, R,; Zhang, X.; Chen, Y.; Zhang, Q. A large-scale clinical trial of radar-based
microwave breast imaging for Asian women: Phase I. In Proceedings of the 2017 IEEE International Symposium on Antennas
and Propagation & USNC/URSI National Radio Science Meeting, San Diego, CA, USA, 9-14 July 2017; IEEE: Piscataway, NJ,
USA, 2017; pp. 781-783. https://doi.org/10.1109/ APUSNCURSINRSM.2017.8072433.

Zanoon, T.F; Hathal, M.S.; Abdullah, M.Z. Comparing image reconstruction algorithms for microwave camera featuring ultra
wide band sensor. In Proceedings of the 2011 IEEE International Conference on Imaging Systems and Techniques, Batu Ferringhi,
Malaysia, 17-18 May 2011; IEEE: Piscataway, NJ, USA, 2011; pp. 112-117. https://doi.org/10.1109/IST.2011.5962186.


https://doi.org/10.1109/ACCESS.2015.2496101
https://doi.org/10.1109/ACCESS.2015.2496101
https://doi.org/10.1038/s41598-017-16617-6
https://doi.org/10.1038/s41598-017-16617-6
https://doi.org/10.1109/TBME.2018.2887083
https://doi.org/10.1109/TIM.2020.3004683
https://doi.org/10.1109/LAWP.2013.2270933
https://doi.org/10.1109/JERM.2018.2841380
https://doi.org/10.1109/JERM.2018.2841380
https://doi.org/10.1109/RI2C56397.2022.9910316
https://doi.org/10.23919/EuCAP53622.2022.9769530
https://doi.org/10.1007/978-3-031-09037-0_36
https://doi.org/10.23919/EuCAP.2017.7928477
https://doi.org/10.1016/j.measurement.2019.05.109
https://doi.org/10.1016/j.measurement.2019.05.109
https://doi.org/10.1109/iWEM.2013.6888770
https://doi.org/10.1109/iWEM.2013.6888770
https://doi.org/10.1109/TAP.2013.2289355
https://doi.org/10.1002/mmce.22364
https://doi.org/10.1109/APUSNCURSINRSM.2017.8072433
https://doi.org/10.1109/IST.2011.5962186

Sensors 2023, 23, 5123 28 of 29

168.

169.

170.

171.

172.

173.

174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

191.

Zanoon, T.F; Abdullah, M.Z. Early stage breast cancer detection by means of time-domain ultra-wide band sensing. Meas. Sci.
Technol. 2011, 22, 114016. https:/ /doi.org/10.1088/0957-0233/22/11/114016.

Zerrad, EE.; Taouzari, M.; Makroum, E.M.; Ahmad, S.; Alkurt, F.O.; Karaaslan, M.; Islam, M.T.; Hussein, M.I. Symmetrical and
asymmetrical breast phantoms with 3D-printed anatomical structure for microwave imaging of breast cancer. IEEE Access 2022,
10, 96896-96908. https://doi.org/10.1109/ ACCESS.2022.3205004.

Adachi, M.; Nakagawa, T.; Fujioka, T.; Mori, M.; Kubota, K.; Oda, G.; Kikkawa, T. Feasibility of portable microwave imaging
device for breast cancer detection. Diagnostics 2021, 12, 27. https://doi.org/10.3390/diagnostics12010027.

Ahadi, M.; Nourinia, J.; Ghobadi, C. Square monopole antenna application in localization of tumors in three dimensions by
confocal microwave imaging for breast cancer detection: Experimental measurement. Wirel. Pers. Commun. 2021, 116, 2391-2409.
https:/ /doi.org/10.1007 /s11277-020-07801-5.

Asok, A.O,;S.].,, G.N,; Dey, S. Non-invasive breast tumor detection with antipodal Vivaldi antenna using monostatic approach.
Int. J. RF Microw. Comput.-Aided Eng. 2022, 32, €23539. https://doi.org/10.1002/mmce.23539.

Bakar, A,; Ireland, D.; Abbosh, A.; Wang, Y. Experimental assessment of microwave diagnostic tool for ultra-wideband breast
cancer detection. Prog. Electromagn. Res. M 2012, 23, 109-121. https:/ /doi.org/10.2528 /PIERM11122102.

Bassi, M.; Caruso, M.; Khan, M.S.; Bevilacqua, A.; Capobianco, A.D.; Neviani, A. An integrated microwave imaging radar with
planar antennas for breast cancer detection. IEEE Trans. Microw. Theory Tech. 2013, 61, 2108-2118. https://doi.org/10.1109/
TMTT.2013.2247052.

Bialkowski, M.E. Ultra wideband microwave system with novel image reconstruction strategies for breast cancer detection.
In Proceedings of the The 40th European Microwave Conference, Paris, France, 28-30 September 2010; IEEE: Piscataway, NJ,
USA,2010; pp. 537-540. https://doi.org/10.23919/EUMC.2010.5614797.

Bilgin, E.; CayOren, M.; Joof, S.; Cansiz, G.; Yilmaz, T.; Akduman, I. Single-slice microwave imaging of breast cancer by reverse
time migration. Med. Phys. 2022, 49, 6599-6608. https://doi.org/10.1002/mp.15917.

Blanco-Angulo, C.; Martinez-Lozano, A.; Gutierrez-Mazon, R.; Juan, C.G.; Garcia-Martinez, H.; Arias-Rodriguez, J.; Sabater-
Navarro, ].M.; Avila-Navarro, E. Non-invasive microwave-based imaging system for early detection of breast tumours. Biosensors
2022, 12, 752. https://doi.org/10.3390/bios12090752.

Bourqui, J; Sill, ].M.; Fear, E.C. A prototype system for measuring microwave frequency reflections from the breast. Int. |. Biomed.
Imaging 2012, 2012, 851234. https://doi.org/10.1155/2012/851234.

Bourqui, J.; Kuhlmann, M.; Kurrant, D.; Lavoie, B.; Fear, E. Adaptive monostatic system for measuring microwave reflections
from the breast. Sensors 2018, 18, 1340. https://doi.org/10.3390/518051340.

Brown, K.G.; Geddert, N.; Asefi, M.; LoVetri, J.; Jeffrey, I. Hybridizable discontinuous Galerkin method contrast source
inversion of 2-D and 3-D dielectric and magnetic targets. IEEE Trans. Microw. Theory Tech. 2019, 67, 1766-1777. https:
//doi.org/10.1109/TMTT.2019.2905214.

Byrne, D.; Craddock, I]. Time-domain wideband adaptive beamforming for radar breast imaging. IEEE Trans. Antennas Propag.
2015, 63, 1725-1735. https://doi.org/10.1109/TAP.2015.2398125.

Byrne, D.; Sarafianou, M.; Craddock, I.J. Compound radar approach for breast imaging. IEEE Trans. Biomed. Eng. 2017, 64, 40-51.
https://doi.org/10.1109/TBME.2016.2536703.

Casu, M.R.; Vacca, M.; Tobon, J.A.; Pulimeno, A.; Sarwar, I.; Solimene, R.; Vipiana, F. A COTS-based microwave imaging system
for breast-cancer detection. IEEE Trans. Biomed. Circuits Syst. 2017, 11, 804-814. https://doi.org/10.1109/TBCAS.2017.2703588.
Conceicao, R.C.; Byrne, D.; Ghavami, N.; Smith, P.P.; Craddock, I. Spectral filtering in phase delay beamforming for multistatic
UWB breast cancer imaging. In Proceedings of the 2015 9th European Conference on Antennas and Propagation (EuCAP), Lisbon,
Portugal, 13-17 April 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 1-4.

Cuccaro, A.; Dell’Aversano, A.; Ruvio, G.; Browne, J.; Solimene, R. Incoherent radar imaging for breast cancer detection and
experimental validation against 3D multimodal breast phantoms. |. Imaging 2021, 7, 23. https://doi.org/10.3390/jimaging70200
23.

de Jesus Aragao, A.; Carvalho, D.; Sanches, B.; Van Noije, W.A. Low-cost device for breast cancer screening: A dry setup IR-UWB
proposal. Biomed. Signal Process. Control 2023, 79, 104078. https://doi.org/10.1016/j.bspc.2022.104078.

Deprez, ].F.; Klemm, M.; Probert Smith, P.; Craddock, I. Twin target correction for ultra-wideband radar imaging of breast
tumours. In Proceedings of the 2010 IEEE International Symposium on Biomedical Imaging: From Nano to Macro, Rotterdam,
The Netherlands, 14-17 April 2010; IEEE: Piscataway, NJ, USA, 2010; pp. 213-216. https://doi.org/10.1109/ISBL1.2010.5490377.
Dey, M.; Rana, S.P,; Loretoni, R.; Duranti, M.; Sani, L.; Vispa, A.; Raspa, G.; Ghavami, M.; Dudley, S.; Tiberi, G. Automated breast
lesion localisation in microwave imaging employing simplified pulse coupled neural network. PLoS ONE 2022, 17, €0271377.
https://doi.org/10.1371/journal.pone.0271377.

Elahi, M,; Curtis, C.; Lavoie, B.; Glavin, M.; Jones, E.; Fear, E.; O'Halloran, M. Performance of leading artifact removal algorithms
assessed across microwave breast imaging prototype scan configurations. Comput. Med. Imaging Graph. 2017, 58, 33—44.
https:/ /doi.org/10.1016/j.compmedimag.2017.02.003.

Elahi, M.; O’Loughlin, D.; Lavoie, B.; Glavin, M.; Jones, E.; Fear, E.; O'Halloran, M. Evaluation of image reconstruction algorithms
for confocal microwave imaging: Application to patient data. Sensors 2018, 18, 1678. https://doi.org/10.3390/s18061678.
Epstein, N.R.; Meaney, PM.; Paulsen, K.D. 3D parallel-detection microwave tomography for clinical breast imaging. Rev. Sci.
Instrum. 2014, 85, 124704. https:/ /doi.org/10.1063/1.4901936.


https://doi.org/10.1088/0957-0233/22/11/114016
https://doi.org/10.1109/ACCESS.2022.3205004
https://doi.org/10.3390/diagnostics12010027
https://doi.org/10.1007/s11277-020-07801-5
https://doi.org/10.1002/mmce.23539
https://doi.org/10.2528/PIERM11122102
https://doi.org/10.1109/TMTT.2013.2247052
https://doi.org/10.1109/TMTT.2013.2247052
https://doi.org/10.23919/EUMC.2010.5614797
https://doi.org/10.1002/mp.15917
https://doi.org/10.3390/bios12090752
https://doi.org/10.1155/2012/851234
https://doi.org/10.3390/s18051340
https://doi.org/10.1109/TMTT.2019.2905214
https://doi.org/10.1109/TMTT.2019.2905214
https://doi.org/10.1109/TAP.2015.2398125
https://doi.org/10.1109/TBME.2016.2536703
https://doi.org/10.1109/TBCAS.2017.2703588
https://doi.org/10.3390/jimaging7020023
https://doi.org/10.3390/jimaging7020023
https://doi.org/10.1016/j.bspc.2022.104078
https://doi.org/10.1109/ISBI.2010.5490377
https://doi.org/10.1371/journal.pone.0271377
https://doi.org/10.1016/j.compmedimag.2017.02.003
https://doi.org/10.3390/s18061678
https://doi.org/10.1063/1.4901936

Sensors 2023, 23, 5123 29 of 29

192.

193.

194.

195.

196.

197.

198.

199.

200.

201.

202.

203.

204.

205.

206.

207.

208.

209.

210.

Eremeev, A.L; Vasin, V.V,; Satarov, R.N.; Tseplyaev, L.S.; Shipilova, S.S. Application of the migration method for radiotomography
of breast cancer. . Phys. Conf. Ser. 2021, 2140, 012027. https://doi.org/10.1088/1742-6596/2140/1/012027.

Fang, Q.; Meaney, P,; Paulsen, K. Microwave image reconstruction of tissue property dispersion characteristics utilizing multiple-
frequency information. IEEE Trans. Microw. Theory Tech. 2004, 52, 1866-1875. https:/ /doi.org/10.1109/TMTT.2004.832014.
Fang, Q.; Meaney, P; Paulsen, K. The multidimensional phase unwrapping integral and applications to microwave tomographical
image reconstruction. IEEE Trans. Image Process. 2006, 15, 3311-3324. https:/ /doi.org/10.1109/TIP.2006.881999.

Fasoula, A.; Moloney, B.; Duchesne, L.; Cano, J.G.; Oliveira, B.; Bernard, J.G.; Kerin, M. Super-resolution radar imaging for
breast cancer detection with microwaves: The integrated information selection criteria. In Proceedings of the 2019 41st Annual
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Berlin, Germany, 23-27 July 2019;
IEEE: Piscataway, NJ, USA, 2019; pp. 1868-1874. https://doi.org/10.1109/EMBC.2019.8857924.

Fasoula, A.; Duchesne, L.; Gil Cano, ].D.; Moloney, B.M.; Abd Elwahab, S.M.; Kerin, M.J]. Automated breast lesion detection and
characterization with the Wavelia microwave breast imaging system: Methodological proof-of-concept on first-in-human patient
data. Appl. Sci. 2021, 11, 9998. https://doi.org/10.3390/app11219998.

Fasoula, A.; Duchesne, L.; Abdoush, Y.; Baracco, ]J. Frequency-dependent, configurable, sensor fidelity zone for microwave
breast imaging: System dimensioning and image quality enhancement. In Proceedings of the 2021 IEEE Conference on Antenna
Measurements & Applications (CAMA), Antibes Juan-les-Pins, France, 15-17 November 2021; IEEE: Piscataway, NJ, USA, 2021;
pp. 487-492. https://doi.org/10.1109/CAMA49227.2021.9703591.

Fear, E.; Low, A,; Sill, J.; Stuchly, M. Microwave system for breast tumor detection: Experimental concept evaluation. In
Proceedings of the IEEE Antennas and Propagation Society International Symposium (IEEE Cat. No.02CH37313), Antonio, TX,
USA, 16-21 June 2002; IEEE: Piscataway, NJ, USA, 2002; Volume 1, pp. 819-822. https://doi.org/10.1109/APS.2002.1016468.
Fear, E.; Sill, J.; Stuchly, M. Experimental feasibility study of confocal microwave imaging for breast tumor detection. IEEE Trans.
Microw. Theory Tech. 2003, 51, 887-892. https:/ /doi.org/10.1109/TMTT.2003.808630.

Felicio, J.M.; Bioucas-Dias, ].M.; Costa, ].R.; Fernandes, C.A. Antenna design and near-field characterization for medical
microwave imaging applications. IEEE Trans. Antennas Propag. 2019, 67, 4811-4824. https:/ /doi.org/10.1109/TAP.2019.2905742.
Poplack, S.P.; Tosteson, T.D.; Wells, W.A.; Pogue, B.W.; Meaney, PM.; Hartov, A.; Kogel, C.A.; Soho, S.K.; Gibson, ].J.; Paulsen, K.D.
Electromagnetic breast imaging: Results of a pilot study in women with abnormal mammograms. Radiology 2007, 243, 350-359.
Rana, S.P;; Dey, M.; Loretoni, R.; Duranti, M.; Ghavami, M.; Dudley, S.; Tiberi, G. Radiation-free microwave technology for breast
lesion detection using supervised machine learning model. Tomography 2023, 9, 105-129. https://doi.org/10.3390/tomography9
010010.

Wang, Z.; Bovik, A.; Sheikh, H.; Simoncelli, E. Image quality assessment: From error visibility to structural similarity. IEEE Trans.
Image Process. 2004, 13, 600-612. https://doi.org/10.1109/TIP.2003.819861.

Reimer, T.; Sacristan, J.; Pistorius, S. Improving the diagnostic capability of microwave radar imaging systems using machine
learning. In Proceedings of the 2019 13th European Conference on Antennas and Propagation (EuCAP), Krakow, Poland, 31
March-5 April 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 1-5.

Conceicao, R.C.; O’Halloran, M.; Glavin, M.; Jones, E. Evaluation of features and classifiers for classification of early-stage breast
cancer. J. Electromagn. Waves Appl. 2011, 25, 1-14. https://doi.org/10.1163/156939311793898350.

Kaufman, S.; Rosset, S.; Perlich, C.; Stitelman, O. Leakage in data mining: Formulation, detection, and avoidance. ACM Trans.
Knowl. Discov. Data 2012, 6. https://doi.org/10.1145/2382577.2382579.

Chiavegatto Filho, A.; Batista, A.F.D.M.; dos Santos, H.G. Data leakage in health outcomes prediction with machine learning.
Comment on “Prediction of incident hypertension within the next year: Prospective study using statewide electronic health
records and machine learning”. J. Med. Internet Research 2021, 23, €10969. https://doi.org/10.2196/10969.

Conceicao, R.C.; Medeiros, H.; O'Halloran, M.; Rodriguez-Herrera, D.; Flores-Tapia, D.; Pistorius, S. Initial classification of breast
tumour phantoms using a UWB radar prototype. In Proceedings of the 2013 International Conference on Electromagnetics
in Advanced Applications (ICEAA), Turin, Italy, 9-13 September 2013; IEEE: Piscataway, NJ, USA, 2013; pp. 720-723. https:
//doi.org/10.1109/ICEAA.2013.6632339.

Conceicao, R.C.; Medeiros, H.; Godinho, D.M.; O'Halloran, M.; Rodriguez-Herrera, D.; Flores-Tapia, D.; Pistorius, S. Classification
of breast tumor models with a prototype microwave imaging system. Med. Phys. 2020, 47, 1860-1870. https://doi.org/https:
//doi.org/10.1002/mp.14064.

Conceicao, R.; O'Halloran, M.; Glavin, M.; Jones, E. Support vector machines for the classification of early-stage breast cancer
based on radar target signatures. Prog. Electromagn. Res. B 2010, 23, 311-327. https://doi.org/10.2528 /PIERB10062407.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1088/1742-6596/2140/1/012027
https://doi.org/10.1109/TMTT.2004.832014
https://doi.org/10.1109/TIP.2006.881999
https://doi.org/10.1109/EMBC.2019.8857924
https://doi.org/10.3390/app11219998
https://doi.org/10.1109/CAMA49227.2021.9703591
https://doi.org/10.1109/APS.2002.1016468
https://doi.org/10.1109/TMTT.2003.808630
https://doi.org/10.1109/TAP.2019.2905742
https://doi.org/10.3390/tomography9010010
https://doi.org/10.3390/tomography9010010
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1163/156939311793898350
https://doi.org/10.1145/2382577.2382579
https://doi.org/10.2196/10969
https://doi.org/10.1109/ICEAA.2013.6632339
https://doi.org/10.1109/ICEAA.2013.6632339
https://doi.org/https://doi.org/10.1002/mp.14064
https://doi.org/https://doi.org/10.1002/mp.14064
https://doi.org/10.2528/PIERB10062407

	Introduction
	Review Methodology
	Image Quality Analysis
	Estimates of the Diagnostic Potential of Image-Based Tumour Detection
	Machine Learning-Based Tumour Detection
	Appropriate Machine Learning Methodology
	Analysis of Existing Estimates of the Diagnostic Performance of Machine Learning in Breast Microwave Sensing

	Achievements, Challenges, and Recommendations
	Achievements in Breast Microwave Sensing
	Challenges in Breast Microwave Sensing
	Recommendations

	Conclusions
	Appendix A
	References

