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Abstract

Axillary Lymph Nodes (ALNs) can be affected by breast cancer, and the number of affected
ALNs is a determinant factor in breast cancer staging. Microwave imaging (MWI) has
emerged as a promising technique for ALN assessment, addressing limitations in conven-
tional imaging modalities. This study investigates, for the first time, the classification of
ALNs and axillary regions from microwave signals, without image reconstruction. Classifi-
cation is performed considering realistic morphological characteristics of ALNs reported
in the literature and is based solely on geometric differences, which differ from targets
previously explored in microwave-based classification studies. Eighty ALN numerical
models were mathematically generated based on state-of-the-art anatomical descriptions.
Microwave signals were simulated for three scenarios of different complexity, involving
one and two ALNs, representing healthy and metastasised conditions. The methodology
evaluated multiple combinations of signal types, feature extraction methods, and classifiers,
including scenarios with multiple targets, reflecting clinically relevant axillary conditions
and limited angular views inherent to axillary imaging. Classification accuracy reached
95% for single-ALN scenarios using kNN, while more complex two-ALN cases achieved
accuracies up to 83.3% using SVM. These results demonstrate the potential of microwave
signal-based classification to differentiate healthy and metastasised ALNs and axillary
regions, supporting future integration with MWI image interpretation.

Keywords: Axillary Lymph Nodes; breast cancer; classification; machine learning; microwave
imaging

1. Introduction
Breast cancer accounted for more than 2.3 million new cases in 2022 [1] and, in 2023,

represented 31% of cancer cases and 15% cancer deaths in women in the United States [2].
Axillary Lymph Nodes (ALNs) drain most of the lymph from the breast and, in more
advanced stages of cancer, can drain cancer cells from breast tumours. In those cases, the
survival rate of breast cancer patients can drop from around 95% to 10% [3]. The number
of metastasised ALNs is evaluated for breast cancer staging, thus impacting treatment
decisions. However, when assessing ALNs, current imaging modalities present limitations
in performance [4], showing a variable range of sensitivity from 55% to 97%, and specificity
from 49% to 86% [5,6]. To date, the Sentinel Lymph Node Biopsy (SLNB) is considered the
most accurate technique to diagnose ALNs, which is an invasive and costly procedure [7].
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However, studies show that in approximately 70% of the cases, SLNB could have been
avoided since it yields a negative result [8,9].

Microwave Imaging (MWI) has shown promising results for early detection of breast
cancer and brain strokes [10,11] and has recently been studied to aid the diagnosis of
ALNs [12,13]. MWI consists of illuminating the region of the body of interest with an
electromagnetic pulse and recording the backscattered signals using one or multiple an-
tennas. Strong backscatters result from the presence of dielectric differences between
tissues at microwave frequencies. Several studies have measured the dielectric properties
of ALNs [13–15]. Although an MRI-based study has estimated a dielectric contrast of
31% between healthy and metastasised nodes [16], it is not clear whether that contrast,
together with the low resolution of MWI, is enough to differentiate them in reconstructed
microwave images.

Classification algorithms have been widely used by the MWI community to assist the
interpretation of microwave images and signals. As the main information in microwave
images is the reflectivity map of the region of interest, classification methods can offer
complementary objective information, which may potentially contribute to more accurate
ALN diagnosis. This non-invasive method is crucial in clinical settings. Classification
algorithms have been used to assess detected targets in MWI, e.g., to distinguish between
healthy breasts and those with tumours [17–20] and between benign and malignant breast
tumours [21–25], to distinguish between Intracerebral Haemorrhage (ICH) from Ischaemic
Strokes (IS) [26–28], and to detect brain tumours [29]. More recently, studies to monitor
Alzheimer’s disease with electromagnetic data have emerged [30,31], relying solely on
classification results rather than also using imaging results.

Distinct shapes and sizes characterise benign and malignant breast tumours, with
benign tumours typically exhibiting round shapes and malignant tumours presenting
spiculated shapes. Microwave signals are affected by these morphological features, and
differences between the two tumour types were identified [32,33]. Conversely, ICH and
IS are only distinguishable by their dielectric properties, where IS often presents a lower
dielectric constant than healthy tissues and ICHs have a higher dielectric constant than
healthy tissues. The possibility of using microwave-scattered signals to detect differences
between healthy and metastasised ALNs, e.g., in terms of shape, has never been reported
in the literature.

This paper presents a numerical study in which different classification strategies were
evaluated to assess how size and shape differences of ALNs reported in the literature
influence the microwave signals. Healthy ALNs are characterised by a kidney-shaped
appearance, with their dimensions varying between 1 and 25 mm in their longest axis [34].
Metastasised ALNs are usually larger and more spherical. Studies show that the ratio
between the longest (L) and shortest (S) axes can be used to classify ALNs: e.g., L/S < 1.7
and S > 9 mm typically occur for metastasised ALNs [35]. The absence of the hilum
structure, located in the convexity of the ALN, is another characteristic of metastasised
ALNs [35]. Considering these characteristics, 80 models of ALNs were created to simulate
microwave signals in numerical scenarios of varying complexity. Then, a classification
pipeline, with different methods and two objectives, was applied: (1) distinguish healthy
and metastasised ALNs; (2) distinguish healthy axillary regions and axillary regions with
metastasised ALNs.

Feasibility studies of classification of tumour presence using microwave signals started
with simplified scenarios in simulation [17] and experimental environments [18]. Increasing
levels of complexity have been tested more recently, such as considering anatomically
more realistic breast models and heterogeneity variability [19,20]. Recently, classification
approaches have been used in breast MWI prototypes under clinical trials and patient
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studies [36–38]. Differences between studies have been mostly related to realistic modelling
and testing scenarios, while authors have shown that state-of-the-art classification strategies
remain suitable for medical microwave signal classification. Some studies have considered
the classification of cases with multiple tumours [39], but none of these studies have
considered multiple tumours of different types. For brain MWI classification, strokes have
been modelled as spheres, and methodologies have ranged from extracting features from
segmentation of microwave images [26] and using a graph approach to retrieve features
from microwave signals [27]. One or two brain tumours of the same type (with similar
characteristics) were considered in some studies [29,40]. However, the approach in these
studies was significantly different from previous ones, as actual microwave images were
used to train deep learning algorithms.

The literature has shown the potential of classification algorithms to aid MWI interpre-
tation [41,42], presenting methodologies which can also be applied for ALN classification,
using microwave signals acquired with MWI prototypes, based on their morphological
features. However, most studies consider only a single target, a scenario that is unlikely
in the axillary region, which contains multiple ALNs that can be either healthy or metas-
tasised. Also, the characteristics that differentiate healthy from metastasised ALNs are
distinct from the considered targets (breast tumours or brain lesions). In all these studies
for breast and brain MWI, the microwave scatter can be recorded 360◦ around the target.
However, the specific geometry of the axillary region limits the angular view to a maximum
of 90◦, which consequently reduces the number of backscattered signals for imaging of
ALNs. Therefore, evaluating the feasibility of ALN classification becomes imperative to
complement an MWI-based diagnosis. To the best of the authors’ knowledge, no prior
research on lymph node classification using direct microwave signals without the need
to reconstruct the image has ever been performed in the context of ALNs. The first steps
towards this objective were performed in [43] and further extended in this publication.

This study aims to demonstrate the feasibility of classifiers and Machine Learning (ML)
algorithms in axillary MWI scenarios. This will help to define future directions of research
for axillary MWI and, if feasible, increase the potential of axillary MWI in clinical practice.

In summary, the novel contributions of this paper include the following:

• The first study on the classification of ALNs using microwave signals considers their
morphological characteristics reported in the literature, which are different from
targets considered in previous classification studies using microwave signals.

• The first classification study used microwave signals acquired in a body part with
a limited angular view when compared to breast or brain MWI applications and,
therefore, limited information.

• Classification of scenarios with multiple targets using microwave signals, considering
different numbers of healthy and diseased targets, emphasising the importance of also
considering multiple targets.

• Performance comparison of several combinations of types of signals, feature extraction
methods and classifiers.

In Section 2, the methodology used to create the ALN numerical models is presented, as
well as the classification pipeline, including the feature extraction methods and classification
algorithms. In Section 3, the classification results of the different simulated scenarios are
presented. Section 4 provides an overall discussion, outlining the limitations of the study
and potential directions for future work. And, finally, in Section 5, the final conclusions are
drawn and a summary of suggestions for future work is presented.
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2. Material and Methods
2.1. Numerical Models and Setup

Numerical simulations were considered in this feasibility study, since ensuring correct
3D printing of ALN models with variable shapes and sizes can be challenging. This section
explains how the ALN models were created and presents the classification scenarios of
healthy and metastasised ALNs that were considered and simulated, and the corresponding
simulation parameters.

2.1.1. Axillary Lymph Nodes Modelling

A dedicated mathematical formulation was used to create the ALN models used in this
study, enabling the creation of multiple models with diverse shapes and sizes. Extracting
such variability from medical exams, such as MRI exams, would be a time-consuming
process and would require a large dataset of both healthy and metastasised ALNs. Although
some efforts have been performed to create MRI-based ALN numerical models [16] (which
are available in an open-access repository), they do not present sufficient variability. Several
studies have described the sizes and shapes of ALNs [35,44–46]; however, to the best of the
authors’ knowledge, no numerical modelling for ALNs has ever been proposed.

Firstly, 28 numerical models of healthy and metastasised ALNs of different shapes
were created using Wolfram Mathematica®, version 12.0 by implementing the follow-
ing equations:

r1(θ) = 1 − a · [sin θ]b (1)

r2(θ) = 1 − c · exp

(
−
( θ − θ0

d

)2
)

(2)

r(θ, ϕ) =

r1(θ), if π
2 < ϕ < 3π

2

r1(θ)[sin ϕ]2 + r2(θ)[cos ϕ]2, otherwise
(3)

where the convexity of the model, mainly observed in the negative x-axis (Figure 1), is
defined by parameters a and b. The ALN hilum is approximately represented by a concavity.
The depth, shape and location of the concavity observed in the positive x-axis can be
changed by the parameters c, d and θ0 changing, respectively. To obtain a proper ALN
model, suitable combinations of the 5 parameters need to be found. This was performed by
trial and error, to match the actual shapes of ALNs [35], while considering the following
parametric bounds: a between 0 and 2π/3; b and c between 0 and 1; d between 0 and 3;
and θ0 between 0 and 2π. After the definition of parameters, each model was exported as
an STL file and imported to the simulation environment without any surface modification.
The defined parameters for the 28 models are presented in Supplementary Material S1.

A total of 80 ALN models, equally distributed between healthy and metastasised cases,
were derived from the 28 parent models through resizing (differently in each axis) and
rotation operations. The morphological characteristics defining healthy and metastasised
ALNs were respected following the previously reported criteria in Section 1: healthy ALNs
present L/S ≥ 1.7 or S < 9 mm; a concavity, representing the hilum, was included in
healthy ALN models, a feature that may not be present in metastasised ALNs. It is stressed,
though, that in a clinical scenario, this trait is not necessarily observed in all ALNs. The
basic statistics of all models contained in the full dataset are shown in Table 1, and the
distribution of their dimensions is shown in Figure 2. Figure 3 shows examples of generated
healthy and metastasised ALN models and how ALN dimensions were measured. The
dimensions of each resulting model, including the performed transformations applied to
the parent models, and agreement with the morphological characteristics are presented in
Supplementary Material S2.
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(a) (b)

Figure 1. Illustration of the spherical coordinates considered in the creation of the numerical ALN
models in (a) 3D view and (b) in the xz-plane.

Table 1. Dimensions of ALN models used in this study.

Healthy ALNs
(no. of Models = 40)

Metastasised ALNs
(no. of Models = 40)

Mean Range Mean Range

Longest-Axis (L) (mm) 14.1 5.0 to 26.0 14.8 10.0 to 20.0
Shortest-Axis (S) (mm) 5.1 3.0 to 10.0 11.8 10.0 to 18.0
L/S (mm) 2.9 1.1 to 6.7 1.3 1.0 to 1.6
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Figure 2. Scatter plots showcasing the relationship between the longest axis (L), shortest axis (S), and
L/S ratio of all ALN models.

2.1.2. Simulation Scenarios

A monostatic simulated system was used to evaluate three scenarios with progressively
increasing complexity. As the axillary region is part of the torso and ALNs are superficial
on one of the sides of the torso, the antenna’s positioning is limited by an angular view of
90◦, as shown in the setups presented in Figure 4.
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(a)

(b)

Figure 3. (a) Examples of healthy (two on the left) and metastasised (two on the right) ALN models,
within a 20 × 20 × 20 mm3 cube, and (b) a representation of how the longest axis (L) and shortest
axis (S) were measured.

The signals were calibrated in all scenarios by subtracting the signals obtained by
simulating the antenna and the phantoms and the signals obtained by simulating only the
antennas, i.e., free-space [47].

In Scenario A, the classification performance of each ALN was evaluated without other
confounders. To this end, the antenna and the ALN were embedded in a dielectric medium
that mimicked the properties of adipose tissue (Figure 4a). The antenna was scanned at
7 evenly-spaced positions along a quarter of a circumference with a radius of 140 mm
within the same plane of the ALN. This radius was established based on the observations
in [12], which allows a feasible scan around an irregular axillary region. Also, to minimise
confounders affecting the backscattered signals, the ALN model was always centred in a
20 × 20 × 20 mm3 cube in order to control their positioning and the numerical mesh. The
average distance between the ALN centres and the antenna positions was 74.5 mm, varying
between 46 and 120 mm. As the ALN model is in a fixed position between simulations,
this varying distance between the ALN centres and antenna positions should not influence
the classifier performance. A total of 80 simulations were performed, where one of the
80 ALNs was considered for simulation at a time.

Scenario B consisted of a dielectric phantom with adipose tissue-mimicking properties
and a complex shape resembling a realistic axillary region, including concave and convex
features. The CST modelling tools were used to create this shape, using as reference the
MRI-based model presented in [13]. MRI-based shaped phantoms, and consequently more
complex shaped phantoms, were not used for this study, as it would substantially increase
the computational time and complexity of the simulations. The dielectric phantom had
a frustum-of-a-cone shape with a concavity on one side. It included two parallel bases,
representing cross-sections at the arm/elbow and part of the torso. The radius varies along
its height, ranging from 120 mm to 260 mm, with a total vertical height of 150 mm. The
antenna was scanned in air along a quarter-circular trajectory with a radius of 155 mm
around the phantom. To increase the variability of the air-phantom interface and the
relative position of ALNs with respect to the surface, the antenna and ALN locations were
assigned to four different planes of the axillary region phantom each time (Figure 4b–e).
This approach was intended to better represent the anatomical variability across different
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axillary region phantoms. The distance between the ALN centres and the nearest phantom
surface varied between 29 and 46 mm, which is within the range of ALN depth reported
in the literature (14 to 80 mm) [48], while the distance between the phantom surface and
the antenna positions ranged from 13 to 82 mm. Scenario B comprised 7 angular antenna
positions in each of the 4 planes, i.e., 28 antenna positions per ALN, and 80 simulated ALNs.

(a)

(b) (c) (d) (e)

(f) (g) (h) (i)

Figure 4. Representations of (a) the simulated scenario where the antenna and the ALN were
embedded in the same medium (scenario A), (b–e) four different xz-planes of the axillary region
phantom containing a single ALN (scenario B), and (f–i) four different xz-planes of the axillary region
phantom containing multiple ALNs (scenario C). The planes in (b–i) are spaced 20 mm apart along
the y-axis. The red arrows represent the feed point of each antenna position, while the small blue
square represents the 20 × 20 × 20 mm3 volume where each ALN was placed. Numbers 1–7 refer to
the antenna positions within each plane.

Scenario C considered the same pseudo-realistic axillary region phantom used in
scenario B with multiple ALNs placed inside. This scenario was designed to evaluate the
ability of the classifiers in distinguishing signals acquired in axillary regions containing
only healthy ALNs from those containing metastasised ALNs. The antenna was also
swept in 7 positions around the axillary region across four different planes, as shown
in Figure 4f–i. Two ALNs were considered for each simulation, and they were placed in
two out of three pre-defined positions. The positions for placing the ALNs were chosen
randomly, ensuring that all possible combinations of ALN positions were chosen an equal
number of times. The spacing between the ALNs depends on the specific pair of pre-
defined locations where ALNs are placed, on the orientation of ALNs within each location
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and on the dimensions of each ALN. The distance between the ALN centres in adjacent
positions was 25 mm, indicating the gap between the ALNs’ surfaces can range from 0 to
50 mm. Each simulation could include, specifically, 0, 1 or 2 metastasised ALNs. Each ALN
model was used in one simulation only. This means the distribution of 80 ALN models
was as follows: 13 simulations included 2 healthy ALNs; 14 simulations included 1 healthy
and 1 metastasised ALNs; and 13 simulations included 2 metastasised ALNs. This allows
adopting distinct classification tasks.

2.1.3. Antennas

A planar slot-based single-layer printed antenna was used. The antenna consists
of two crossed exponential slots and is referred as the XETS antenna [47]. This type of
antenna exhibits a highly stable radiation pattern and phase centre, together with pure
linear polarisation across its entire bandwidth [49]. A full near-field characterisation of this
antenna is described in [47].

Several variations in this antenna have been presented in the literature [47]. In this
work, two different designs were considered for the XETS, since in scenario A the antenna
was immersed in a dielectric, while in scenarios B and C the antenna operated in air. They
were both impedance matched (below −10 dB) from 2 to 6 GHz. The antenna designed to
operate in adipose tissue-mimicking medium has a 17 mm radius and 0.25 mm thickness,
while the antenna operating in air has a 28 mm radius and 0.26 mm thickness [47]. Figure 5
shows the configuration and corresponding input reflection curves of both antenna variants.

(a) (b)

Figure 5. Schematic representation of the XETS antenna (in yellow) and the corresponding
S-parameter magnitude response (dB) while operating (a) in adipose tissue and (b) in air. The
red dashed line represents the −10 dB threshold.

2.1.4. Simulation Parameters

The numerical simulations were created and performed using Computer Simulation
Technology (CST) Studio Suite® 2019 software [50]. The Time-Domain Solver was used
with a hexahedral mesh. Scenarios A, B and C were simulated in linearly spaced 1001 points
within the frequency range from 1 to 8 GHz. A Perfectly Matched Layer (PML) was consid-
ered as a boundary condition, with an estimated reflection level of 10−4, and considering
an automatic minimum distance to structure of ≈λ/4 at a central frequency of 4.5 GHz.

The dielectric properties of adipose tissue were modelled using a relative permittivity
of ϵr = 8 and a dissipation factor of tan(δ) = 0.1. Although previous studies suggested
a dielectric contrast of 31% between healthy and metastasised ALNs [16], the worst-case
scenario was considered where there is no contrast between both types of ALNs. Hence,
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the classification will rely solely on differences in ALN morphology, namely their shape
and size. The models were assigned a relative permittivity of ϵr = 40 and a dissipation
factor tan(δ) = 0.1, and restricted by a 20 × 20 × 20 mm3 cube.

The standard parameters for mesh cells per wavelength were used: 25 cells near the
model and 10 cells away from the model. The total number of cells varied depending on
the used phantom, and the cells’ size varied between materials with different dielectric
properties. Consequently, the simulation time varied between scenarios A, B, and C, and
depended on the computer usage at the time of simulations. In scenario A, each simulation
contained around 38 million cells, with the smallest and largest cells with approximately
0.07 mm (≈λ/1071) and 1.15 mm (≈λ/65), respectively. In scenario B, each simulation
contained around 123 million cells, with the smallest and largest cells with approximately
0.24 mm (≈λ/312) and 3.70 mm (≈λ/20), respectively. In scenario C, each simulation
contained around 155 million cells, with the smallest and largest cells with approximately
0.24 mm (≈λ/312) and 3.73 mm (≈λ/20), respectively. Scenarios A, B and C were simulated
in 5, 46 and 35 days, respectively, in a machine with 2 Intel® Xeon Gold 6136 CPUs @ 3 GHz,
2 NVIDIA® Quadro® GP100 and 256 GB of RAM memory. These simulation times show
that it would not be feasible to simulate more complex and realistic scenarios.

2.2. Classification Pipeline

The classification workflow was implemented in MATLAB® 2018b using the Statis-
tics and Machine Learning Toolbox. Considering the variability of methods used in the
literature, the objective was to evaluate different methods and find the optimal approach
for this MWI application. Thus, a wide range of combinations of signal types, feature
extraction methods (FEMs) and classifiers were evaluated. Simulated signals were first
transformed into feature sets using an FEM, which were subsequently used for model
training and evaluation. In scenarios A and B, the task was to distinguish between healthy
and metastasised ALNs. In contrast, scenario C was used to create three binary models of
three tasks: distinguishing entirely healthy axillary regions from those containing (1) at
least 1 metastasised ALN (H-M); (2) exactly 1 metastasised ALN (H-M1); and (3) exactly
2 metastasised ALNs (H-M2).

Four different types of signals were considered before applying a FEM: reflection
coefficients in both Time Domain (TD) and Frequency Domain (FD)—absolute, real and
imaginary parts. The signals were restricted to the frequency range 2 to 6 GHz, as it is
the operating band of the XETS antenna. Each resulting signal had 572 samples. Each
type of signal was compared in the remaining steps of the processing. Three FEMs were
considered to extract the features from the signals: (1) RAW signals, i.e., each frequency
or time sample was used as a feature; (2) the F25 customised features reported in [24,51];
(3) Principal Component Analysis (PCA), where 1 to 20 components were used as features.
The F25 customised features in [24,51] showed promising results with the classification of
multistatic MWI signals, but were not evaluated with a monostatic system. While RAW
can be used as FEM [38] and does not require additional processing, PCA is commonly
used [18,25–27] as it decreases computational costs while maintaining high performances.
Although it is known that real and imaginary parts of the signals may have different
information, a comparison of types of signals has never been attempted. Also considering
TD signals and absolute FD signals complements the analysis.

Several classifiers, with different fundamentals, have been extensively used in existing
literature for the purpose of classifying microwave signals [18,19,24,25]. Support Vector
Machines (SVMs) are widely used, but they are computationally costly. As mentioned
in [25], other algorithms may yield similar or better results. Because classifiers rely on
different learning mechanisms, their effectiveness may vary according to the type of data

https://doi.org/10.3390/s26144466

https://doi.org/10.3390/s26144466


Sensors 2026, 26, 4466 10 of 25

being analysed. Therefore, seven classifiers were used to classify the microwave signals
recorded with ALNs in an axillary region: Linear Discriminant Analysis (LDA), Quadratic
Discriminant Analysis (QDA), k-Nearest Neighbours (kNN), Naïve Bayes (NB), Decision
Trees (DT), Random Forests (RFO) and SVM. All these classifiers have hyperparameters
that were optimised. Thus, a grid-search methodology was applied by testing a wide
range of values that ensured a good compromise between the coverage of the values and a
moderate computational time during the training process. The hyperparameters used in
the grid search are shown in Appendix A.

The dataset was divided into training and testing sets in an approximate 3:1 ratio,
ensuring a sufficient number of signals for training and testing. The training set included
ALNs created from 20 of the 28 parent ALN models, while the testing set included ALNs
created from the remaining 8 parent models. A Leave-One-Out (LOO) cross-validation
(CV) was applied to the training set to find the best-performing model. Depending on the
considered scenarios, the training set has different dimensions. LOO CV allows for a more
reliable comparison of results between the different scenarios and, despite increasing the
computational time when compared to K-fold CV, allows for robust validation when only
a small amount of data is available. When adopting PCA as FEM, PCA is employed for
each subset of the training set, and the resulting transformation is subsequently applied
to the corresponding validation set, thereby preventing data contamination. The final
performance of the model was assessed using the testing set.

The data was divided into groups, where each group comprised the monostatic signals
recorded per single ALN (scenarios A and B) or from illuminating an axillary region with
a combination of two ALNs (scenario C). This ensured all signals of one simulation were
only present in one of the sets at each time. The training set had Na × (Ngtv − 1) signals,
the validation set had Na signals and the testing set had Na × Ngt, where Na is the number
of antennas per simulation, Ngtv is the number of groups for training/validation and Ngt

is the number of groups for testing. Table 2 summarises the number of observations and
groups used for each scenario.

Table 2. Distribution of signals per training/validation and testing sets for each scenario.

Scenarios Training/Validation Testing

A 420 signals (59 + 1 groups) 140 signals (20 groups)

B 1680 signals (59 + 1 groups) 560 signals (20 groups)

C

H-M 840 signals (29 + 1 groups) 280 signals (10 groups)

H-M1 560 signals (19 + 1 groups) 196 signals (7 groups)

H-M2 560 signals (19 + 1 groups) 168 signals (6 groups)

The resulting performance metrics were calculated considering the predictions of
all validation sets. Then, the results were analysed by examining the predictions of the
signals recorded at each antenna position, treated as separate and independent observations
(“independent signals”), and the majority vote of predictions from all antenna positions for
each ALN (“grouped signals”). Balanced accuracy, F1-score and sensitivity were analysed as
performance metrics. For balanced datasets, the balanced accuracy is equal to the standard
accuracy metric. The 95% Confidence Intervals (CI) for each metric were calculated using
the bootstrap method with 10,000 iterations. For conciseness, they are presented for the
chosen models only. For each type of signal, the best-performing models were chosen
based on the balanced accuracy of the “independent signals” between all classifiers (after
optimising the hyperparameters) and FEMs. Statistical differences between classifiers were
evaluated using a paired group-level bootstrap procedure. Then, the results of “grouped
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signals” were analysed case by case. The models with the highest accuracy with “grouped
signals” were then used for evaluation with the testing set and using the three metrics,
plus specificity.

By using this approach, one can find the optimal combination of types of signals,
classifiers and FEMs that allows a more accurate ALN diagnosis. Ultimately, this optimal
model could be trained and used to test newly acquired signals, providing objective
information on the axillary region under examination.

3. Results
In this section, the classification results are presented for each scenario described in

Section 2.1.2.

3.1. Training and Validation of Scenarios A and B

Figure 6 shows the distribution of the magnitude of the absolute FD signals of scenario
A over each class (healthy and metastasised). The magnitude values correspond to the val-
ues before applying any FEM. The box plots allow comparing the variability of magnitude
values of the response of the two types of ALNs (healthy and metastasised) but only as
an overall comparison of the samples (in this case, frequency samples). The magnitude
values of 17,160 samples were used to create each box plot for each antenna position. This
number of samples results from the 572 signal frequency samples of the 30 ALNs of each
group (healthy and metastasised). For each box plot of all antenna positions, a total of
7 × 17,160 samples were considered. In general, visually, some differences are observed
regarding the variability of the magnitude values between microwave signals recorded
with healthy and metastasised ALNs. These box plots were created using all frequency
points for visualisation. For statistical inference an aggregated ALN-level analysis was
performed to preserve independence. The Mann–Whitney U test and rank-biserial r effect
size test were applied to the mean magnitude values across frequency samples for each
ALN. Results showed both healthy and metastasised groups are statistically different, with
p-values ranging from 2 × 10−8 to 2 × 10−5, and rank-biserial r ranging between 0.64 and
0.84 for the different antennas.

To better highlight how classifiers can differentiate both healthy and metastasised ALN
groups, the first three PCA components of each class are shown in Figure 7. There is no
clear separation between classes, but multiple sub-clusters can be observed within the data
distribution. When a larger number of PCA components is considered, these sub-clusters
can become more distinguishable, leading to improved classification performance.

Two types of results are presented—“independent signals” and “grouped signals”—as
explained in Section 2.2. Table 3 shows the best performance results of “independent
signals” of scenarios A and B after optimising the hyperparameters for each classifier. kNN
is the classifier yielding the best results, followed by RFO and SVM in both scenarios A and
B. The differences are not statistically significant between those. The accuracy results of
LDA, QDA and NB (results only shown in the Appendix B.1) vary up to 10% for different
types of signals and FEMs. In the majority of the cases, PCA outperforms F25 and RAW.
A number of PCA components ranging from 16 to 20 yields the best results. In other
cases, RAW may outperform PCA, but this improvement implies a high computational
cost of the training process due to the considerably larger number of features. Among
the best-performing models, the model with the highest accuracy also yielded the highest
F1-score and sensitivity. When grouping the signals per ALN, the best models yielded an
accuracy of 98.3% (95% CI = [94.4–100]%) (using kNN and independently of the type of
signals) in both scenarios. In this case, only one ALN was misclassified as a false positive.
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The dimensions of this ALN, specifically L = 20 mm, which was the largest, and L/S = 2.5,
the lowest within those with the largest L.
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Figure 6. Box plots illustrating the distribution of the absolute FD signals for each class (H: healthy
and M: metastasised) in scenario A and across the different antenna positions. The red line indicates
the median, the boxes represent the first and third quartiles of the distribution. Red crosses denote
outliers, defined as values located more than 1.5 times the interquartile range below the first quartile
or above the third quartile.

Figure 7. First 3 PCA components of absolute FD signals over each class (healthy and metasta-
sised ALNs).

3.2. Training and Validation of Scenario C

For conciseness, only the results with PCA are presented for scenario C. The per-
formance results for kNN, RFO and SVM, after optimising the hyperparameters in the
training/validation sets, are shown in Table 4, and for the remaining classifiers are shown
in Table A4. The performance differences between kNN, RFO and SVM are not statistically
significant. Unlike the previous scenarios, different types of signals yielded different ac-
curacy results. When more than one ALN was included in the axillary region, the results
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indicate that the classification is more challenging. When compared to scenario B, accuracy
values decrease almost 20%.

Table 3. Classification performance, measured by balanced accuracy (BAcc), F1-score (F1-S) and
sensitivity (Sens) (%), for independent signals in scenarios A and B, after classifier hyperparameter
optimisation with the training/validation sets. The PCA rows correspond to the optimal results
obtained using 1 to 20 principal components. The best metrics for each type of signals are highlighted
in bold.

Type of
Signals FEM

Scenario A Scenario B

kNN RFO SVM kNN RFO SVM

Absolute
FD

RAW
BAcc: 95.7
F1-S: 95.9
Sens: 99.0

BAcc: 92.4
F1-S: 92.6
Sens: 94.8

BAcc: 84.5
F1-S: 85.8
Sens: 93.8

BAcc: 95.5
F1-S: 95.5
Sens: 97.1

BAcc: 91.5
F1-S: 91.7
Sens: 93.9

BAcc: 91.0
F1-S: 90.7
Sens: 88.1

F25
BAcc: 90.7
F1-S: 91.1
Sens: 95.2

BAcc: 88.3
F1-S: 88.7
Sens: 91.9

BAcc: 82.4
F1-S: 82.0
Sens: 80.5

BAcc: 88.5
F1-S: 88.7
Sens: 89.8

BAcc: 87.9
F1-S: 88.3
Sens: 91.7

BAcc: 81.0
F1-S: 81.2
Sens: 81.8

PCA
BAcc: 95.5
F1-S: 95.6
Sens: 98.1

BAcc: 91.7
F1-S: 92.1
Sens: 96.7

BAcc: 86.2
F1-S: 86.6
Sens: 89.0

BAcc: 96.0
F1-S: 96.0
Sens: 97.6

BAcc: 92.7
F1-S: 92.9
Sens: 96.0

BAcc: 91.6
F1-S: 92.0
Sens: 97.3

Real
Part FD

RAW
BAcc: 94.5
F1-S: 94.7
Sens: 91.9

BAcc: 92.6
F1-S: 92.9
Sens: 96.2

BAcc: 86.7
F1-S: 86.3
Sens: 84.3

BAcc: 95.3
F1-S: 95.4
Sens: 97.5

BAcc: 91.1
F1-S: 91.3
Sens: 93.2

BAcc: 90.0
F1-S: 89.7
Sens: 87.5

F25
BAcc: 92.4
F1-S: 92.8
Sens: 98.1

BAcc: 89.3
F1-S: 89.8
Sens: 94.3

BAcc: 84.0
F1-S: 83.8
Sens: 82.4

BAcc: 82.6
F1-S: 82.8
Sens: 83.4

BAcc: 88.7
F1-S: 88.9
Sens: 90.8

BAcc: 77.3
F1-S: 78.9
Sens: 84.9

PCA
BAcc: 95.2
F1-S: 95.3
Sens: 97.6

BAcc: 91.4
F1-S: 91.8
Sens: 96.2

BAcc: 85.2
F1-S: 84.3
Sens: 79.5

BAcc: 96.4
F1-S: 96.5
Sens: 98.2

BAcc: 91.8
F1-S: 92.0
Sens: 94.8

BAcc: 92.5
F1-S: 92.7
Sens: 95.5

Imag.
Part FD

RAW
BAcc: 95.2
F1-S: 95.4
Sens: 98.6

BAcc: 93.1
F1-S: 93.2
Sens: 95.2

BAcc: 85.2
F1-S: 84.9
Sens: 83.3

BAcc: 95.5
F1-S: 95.6
Sens: 97.5

BAcc: 92.3
F1-S: 92.5
Sens: 95.1

BAcc: 90.5
F1-S: 90.2
Sens: 87.6

F25
BAcc: 94.0
F1-S: 94.2
Sens: 96.2

BAcc: 89.5
F1-S: 90.1
Sens: 95.2

BAcc: 83.8
F1-S: 81.9
Sens: 83.5

BAcc: 93.0
F1-S: 93.2
Sens: 95.2

BAcc: 89.3
F1-S: 89.6
Sens: 92.0

BAcc: 86.3
F1-S: 86.0
Sens: 83.8

PCA
BAcc: 95.2
F1-S: 95.4
Sens: 98.1

BAcc: 92.9
F1-S: 93.2
Sens: 88.6

BAcc: 86.2
F1-S: 83.0
Sens: 81.4

BAcc: 96.7
F1-S: 96.8
Sens: 98.5

BAcc: 93.0
F1-S: 93.2
Sens: 95.7

BAcc: 95.0
F1-S: 94.9
Sens: 93.6

TD

RAW
BAcc: 92.9
F1-S: 93.1
Sens: 95.7

BAcc: 87.4
F1-S: 88.0
Sens: 92.4

BAcc: 84.3
F1-S: 84.4
Sens: 84.8

BAcc: 94.9
F1-S: 95.0
Sens: 96.7

BAcc: 87.5
F1-S: 88.0
Sens: 91.9

BAcc: 90.5
F1-S: 90.8
Sens: 93.7

F25
BAcc: 92.1
F1-S: 92.2
Sens: 92.9

BAcc: 87.4
F1-S: 88.0
Sens: 92.4

BAcc: 84.3
F1-S: 84.0
Sens: 82.4

BAcc: 90.3
F1-S: 90.3
Sens: 90.0

BAcc: 86.8
F1-S: 87.2
Sens: 89.4

BAcc: 84.9
F1-S: 85.2
Sens: 87.1

PCA
BAcc: 94.5
F1-S: 94.7
Sens: 98.6

BAcc: 92.1
F1-S: 92.5
Sens: 97.1

BAcc: 85.0
F1-S: 85.2
Sens: 83.3

BAcc: 95.6
F1-S: 95.6
Sens: 97.1

BAcc: 92.1
F1-S: 92.4
Sens: 95.7

BAcc: 91.9
F1-S: 92.1
Sens: 95.6

For the H-M model, RFO or SVM yielded the best performance results with the train-
ing/validation sets, outperforming kNN. These models were created with an unbalanced
dataset where the chance level is 66.6%. When considering the independent signals, the
SVM model with TD signals yielded the highest balanced accuracy, F1-score and sensitivity
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results, achieving 79.7% (95% CI = [76.8, 82.7]%), 88.5% (95% CI = [86.5, 90.3]%) and 92.3%
(95% CI = [90.0, 94.5]%), respectively. However, when grouping the signals, the classifi-
cation performance improved when using the TD signals and kNN: a balanced accuracy,
F1-score and sensitivity of 95.0% (95% CI = [83.3, 100]%), 97.6% (95% CI = [91.4, 100]%) and
100% (95% CI = [100, 100]%), respectively. This means one axillary region was misclassified,
namely, one false positive. The presence of false positives may indicate the model has the
tendency for classifying the signals as the most prevalent class in the training dataset. The
misclassified case did not present discernible patterns regarding the spatial location or size
of the ALNs under evaluation.

Table 4. Classification performance, measured by balanced accuracy (BAcc), F1-score (F1-S) and sen-
sitivity (Sens) (%), for independent signals in scenario C, after classifier hyperparameter optimisation
with the training/validation sets and when using PCA-X as FEM. The best metrics for each type of
signals are highlighted in bold.

Comparison Type of Signals kNN RFO SVM

H-M

Absolute FD
BAcc: 74.1
F1-S: 79.9
Sens: 75.7

BAcc: 73.5
F1-S: 85.4
Sens: 90.9

BAcc: 77.4
F1-S: 86.9
Sens: 90.5

Real Part FD
BAcc: 70.6
F1-S: 78.2
Sens: 75.2

BAcc: 71.7
F1-S: 83.7
Sens: 88.0

BAcc: 77.3
F1-S: 77.1
Sens: 66.4

Imag. Part FD
BAcc: 70.8
F1-S: 78.2
Sens: 74.8

BAcc: 69.8
F1-S: 82.9
Sens: 87.9

BAcc: 74.5
F1-S: 84.5
Sens: 87.1

TD
BAcc: 77.1
F1-S: 82.7
Sens: 79.5

BAcc: 75.7
F1-S: 86.7
Sens: 92.1

BAcc: 79.7
F1-S: 88.5
Sens: 92.3

H-M1

Absolute FD
BAcc: 69.8
F1-S: 64.9
Sens: 55.7

BAcc: 69.3
F1-S: 67.0
Sens: 62.5

BAcc: 73.0
F1-S: 74.5
Sens: 78.6

Real Part FD
BAcc: 65.0
F1-S: 60.2
Sens: 52.9

BAcc: 68.0
F1-S: 65.9
Sens: 61.8

BAcc: 70.2
F1-S: 71.4
Sens: 74.6

Imag. Part FD
BAcc: 65.0
F1-S: 60.6
Sens: 53.9

BAcc: 68.4
F1-S: 66.8
Sens: 63.6

BAcc: 72.0
F1-S: 73.2
Sens: 76.8

TD
BAcc: 69.8
F1-S: 66.5
Sens: 60.0

BAcc: 70.9
F1-S: 69.3
Sens: 65.7

BAcc: 75.5
F1-S: 75.7
Sens: 76.1

H-M2

Absolute FD
BAcc: 78.4
F1-S: 76.9
Sens: 71.8

BAcc: 77.0
F1-S: 76.2
Sens: 73.6

BAcc: 76.4
F1-S: 78.4
Sens: 85.7

Real Part FD
BAcc: 74.8
F1-S: 73.6
Sens: 70.4

BAcc: 72.7
F1-S: 72.2
Sens: 71.1

BAcc: 75.5
F1-S: 76.7
Sens: 80.7

Imag. Part FD
BAcc: 75.9
F1-S: 74.6
Sens: 70.7

BAcc: 75.5
F1-S: 74.6
Sens: 71.8

BAcc: 76.8
F1-S: 76.7
Sens: 76.4

TD
BAcc: 78.2
F1-S: 77.2
Sens: 73.6

BAcc: 76.1
F1-S: 75.8
Sens: 75.0

BAcc: 81.1
F1-S: 78.8
Sens: 70.4
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The H-M1 models presented the lowest accuracy values for independent signals,
but, unlike in H-M models, this is a balanced dataset with a chance level of 50%, so
balanced accuracy is equal to accuracy. The model with the highest accuracy, using SVM
and TD signals, resulted in a balanced accuracy, F1-score and sensitivity of 75.5% (95%
CI = [72.0, 79.0]%), 75.7% (95% CI = [71.5, 79.4]%) and 76.1% (95% CI = [71.0, 81.0]%) for
independent signals, respectively. The accuracy when grouping the signals ranged from
75.0% to 90.0%, depending on the model. For the best model, a balanced accuracy, F1-score,
and sensitivity of 90.0% (95% CI = [75.0, 100]%), 90.9% (95% CI = [75, 100]%), and 100%
(95% CI = [100, 100]%), respectively, were obtained, resulting in two false positive axillary
regions. The predominant false positive among the models with the highest accuracy was
one case where one ALN was larger than the other and the ALNs were positioned 25 mm
apart. The predominant common false negative consisted of one case where the healthy
ALN had a longer longest axis when compared to the longest axis of the metastasised ALN,
and the ALNs were also placed 25 mm apart.

As anticipated, the H-M2 models, where the axillary regions exclusively contained
one type of ALNs, yielded the highest accuracy results. Specifically, kNN and SVM
yielded the most favourable performance metrics. The accuracy ranged from 85.0% to
100% when grouping the signals, achieving 100% when classifying the absolute part of
FD signals and the TD signals. When there were misclassifications, up to two axillary
regions were misclassified, either as false positives or false negatives depending on the
model. No pattern was identified among the cases that were classified incorrectly. The
highest performance model (using TD signals and SVM) yielded a balanced accuracy,
F1-score and sensitivity of 81.1% (95% CI = [77.9, 84.1]%), 78.8% (95% CI = [74.6, 82.6]%) and
70.4% (95% CI = [64.9, 75.6]%) for independent signals and correctly classified all models
achieving 100% (95% CI = [100, 100]%) for all metrics when grouping the signals.

3.3. Testing and Global Analysis

Table 5 shows the performance results of the best models when grouping the signals
and using the testing set. The combination of types of signals, FEM and classifiers and
their hyperparameters are also shown. The accuracy values are slightly worse than the
ones obtained with the validation set especially in scenario C. These were obtained for
a smaller dataset, which can explain the larger CIs in general. One must note the ALNs
considered for the simulations of the testing set were created exclusively for this set, and
the hyperparameters were not optimised considering these, which avoids data leakage. In
all cases, specificity is more affected than sensitivity.

The results for scenario C, specifically for case H-M1, are not satisfactory. Specificity
is always 0, and remaining metrics are very low, with very large CIs. However, this was
the most difficult classification task, comparing healthy axillary regions with those with
only ALN, which were not always in the same position. Also, as a limiting factor, 7 axillary
regions were tested. The selected models of scenario C have misclassified cases in common.
The three axillary regions misclassified in H-M (one false positive and two false negatives)
were also misclassified in H-M1. In H-M1 two more false positives were observed. In H-M2,
the only false positive was also misclassified in both H-M and H-M1. This specific case was
an axillary region with a healthy ALN with a large longest axis L = 20 mm, but its L/S
was lower than 1.7. No other patterns are observed in the remaining misclassified cases.
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Table 5. Classification performance of best models using the testing set, measured by balanced
accuracy (BAcc), F1-Score (F1-S), sensitivity (Sens) and specificity (Spec) (%), and corresponding
confidence intervals (CI), for both independent and grouped signals.

Scenarios Model Independent Signals Grouped Signals

A Absolute FD + RAW + kNN
(k = 2, distance = cityblock)

BAcc: 77.9 (95% CI = [71.1, 84.4])
F1-S: 75.2 (95% CI = [66.1, 83.1])
Sens: 67.1 (95% CI = [56.2, 78.1])
Spec: 88.6 (95% CI = [80.8, 95.6])

BAcc: 95.0 (95% CI = [83.3, 100])
F1-S: 95.2 (95% CI = [83.3, 100])
Sens: 100 (95% CI = [100, 100])

Spec: 90.0 (95% CI = [66.7, 100])

B Imag. FD + 20 PC + kNN
(k = 2, distance = cityblock)

BAcc: 62.5 (95% CI = [58.5, 66.4])
F1-S: 63.9 (95% CI = [59.2, 68.3])
Sens: 66.4 (95% CI = [60.7, 71.8])
Spec: 58.6 (95% CI = [52.8, 64.3])

BAcc: 90.0 (95% CI = [75.0, 100])
F1-S: 90.9 (95% CI = [75.0, 100])
Sens: 100 (95% CI = [100, 100])

Spec: 80.0 (95% CI = [50.0, 100])

C

H-M TD + 19 PC + kNN
(k = 1, distance = cityblock)

BAcc: 54.3 (95% CI = [47.8, 60.5])
F1-S: 65.7 (95% CI = [59.7, 71.2])
Sens: 59.7 (95% CI = [52.7, 66.5])
Spec: 48.8 (95% CI = [38.2, 59.5])

BAcc: 69.0 (95% CI = [30.0, 100])
F1-S: 76.9 (95% CI = [44.4, 100])
Sens: 71.4 (95% CI = [33.3, 100])

Spec: 66.7 (95% CI = [0, 100])

H-M1 TD + 14 PC + SVM
(kernel = RBF, γ = 2−1, C = 29)

BAcc: 43.5 (95% CI = [36.6, 50.3])
F1-S: 52.6 (95% CI = [44.3, 60.1])
Sens: 53.6 (95% CI = [44.2, 62.6])
Spec: 33.3 (95% CI = [23.5, 43.5])

BAcc: 25.0 (95% CI = [0, 50.0])
F1-S: 44.4 (95% CI = [0, 72.7])
Sens: 50.0 (95% CI = [0, 100])

Spec: 0.0 (95% CI = [0, 0])

H-M2
TD + 19 PC + SVM

(kernel = polynomial,
γ = 2−1, C = 2−6)

BAcc: 66.1 (95% CI = [58.7, 73.1])
F1-S: 57.8 (95% CI = [59.3, 75.4])
Sens: 71.4 (95% CI = [61.4, 80.9])
Spec: 60.7 (95% CI = [50.0, 71.0])

BAcc: 83.3 (95% CI = [50.0, 100])
F1-S: 85.7 (95% CI = [40.0, 100])
Sens: 100 (95% CI = [100, 100])
Spec: 66.7 (95% CI = [0, 100])

4. Discussion
The differences of the magnitude distribution of signals of scenario A (shown in

Figure 6) are not substantial. Nevertheless, the responses recorded at each antenna position
vary in terms of maximum magnitude and the dispersion of among magnitude values.
These variations are primarily attributed to differences in the distances between the antenna
position and the ALNs. This variability represents a real-case scenario where axillary
regions present different shapes and ALNs are in different locations within the axillary
region [52].

When considering one single ALN classification, the performance results vary among
the four signal types. However, the differences are not substantial. The best accuracy
values are comparable between both scenarios A and B. The same ALN was misclassified
in scenarios A and B: the ALN with the largest L (L = 20 mm) and the lowest L/S within
those with the largest L, which may explain the classifiers’ inability to correctly classify
it. These findings suggest that the discriminative power of the microwave signals and,
consequently, the classification performance, are not substantially affected by the com-
plexity of scenario B. Nevertheless, these performance outcomes could be influenced by
the inclusion of signals from the same axillary region plane in both training and testing
sets. This implies information related to reflections at the air-dielectric interface may have
been present in the training set and, consequently, the variability of the reflections did
not affect the overall classification. As an alternative, classifiers could be used to train
signals acquired in three planes and then be validated using data from the remaining plane.
Using this approach (data shown in Table A5 of Appendix B.2), the results showed that
the accuracy of “independent signals” decreases, but the accuracy of “grouped signals”
remains almost unchanged for the best classifier, which means the majority of signals per
ALN are still well classified. This reflects the challenges associated with examining an
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irregular shape such as the axillary region. However, in a clinical scenario, the “grouped
signals” would be used, as only a single classification per case is required. Additionally,
the variability of the considered ALN models may be limited, as the dataset was generated
through transformations of only 28 parent ALNs created using the mathematical formu-
lation presented in Section 2.1.1. When cross-validation is conducted, ensuring that all
ALNs derived from the same parent model are placed in the same subset (training or vali-
dation), the accuracy decreases (Table A6 in Appendix B.2). Nevertheless, the performance
obtained with grouped signals remains comparable, suggesting that the impact on the final
classification results is minimal.

In both scenarios A and B, kNN was sufficient to obtain a good performance. These
results are comparable to the tests reported in [25], with a breast MWI system, where
kNN provided promising results. In contrast, in the present study, the number of PCA
components was also optimised, while in [25] a fixed number of PCA components obtained
with the Kaiser–Guttman test was used. For scenario C, where more information is present
in the signals, more complex classifiers, such as SVM, are needed to achieve better per-
formance. The findings also indicate that considering more than one ALN in the axillary
region introduces multiple factors that can affect the classification of axillary regions as
healthy and metastasised.

Table 6 shows a comparison of our study with state-of-the-art classification approaches
to microwave data. It includes a variety of different tasks, types of data and protocols.
Although metrics are not directly comparable, an overview of types of algorithms and
achieved performances under different conditions is provided. In breast MWI, classifiers
such as LDA, kNN, and SVM have been used to classify the presence of tumours and
tumour type, using mostly PCA as a feature extraction method. Accuracy values up to 85%
for tumour detection have been obtained for increasing levels of complexity in experimental
scenarios [19,20]. Tumour classification (benign versus malignant) with experimental re-
sults [25] maintained similar accuracy levels (up to 92%) to simulation studies [22]. Tumour
classification with clinical MWI data, surprisingly, achieved 88.5% accuracy considering
features extracted directly from the microwave images [36] and 78% accuracy considering
the real part of the recorded microwave signals of 113 patients as features [38]. Our study
is the first one applied to the axillary region while evaluating different anatomical char-
acteristics and presenting a limited field of view for the antennas (resulting in a reduced
number of collected signals). Among the presented studies using simulation data, our
study is the only one considering the real representation and behaviour of the antenna in
the electromagnetic simulator, representing a more realistic scenario. This implies a higher
computational cost and, thus, a more limited number of cases were evaluated.

The main limitations of our study are related to the modelling of ALNs and the axillary
region. Specifically, a limited number of lymph nodes were considered (80 augmented
models), and although scenarios of increased anatomical complexity were simulated, only
up to two ALNs were simulated per axillary region, which does not fully reflect clinical
reality. Additionally, ALN shapes were not derived from MRI data or other patient exams
but instead based on descriptions reported in the literature [35]. Despite the reported
differences in size and shape between healthy and metastasised ALNs—which was the
assumption of our study—in practice these characteristics may overlap despite different
pathology results [35]. Overlapping may arise either due to alterations in the hilum or the
presence of micro-metastases, which remain challenging to identify using current imaging
techniques. The limited number of ALN models has an impact on the performance of
the classifiers tested in this study. These simplifications are consistent with the feasibility-
oriented scope of this study, which aimed to investigate the classification of ALNs. Further
evaluation under more realistic conditions is required in future studies.

https://doi.org/10.3390/s26144466

https://doi.org/10.3390/s26144466


Sensors 2026, 26, 4466 18 of 25

Table 6. Comparison with state-of-the-art classification approaches. Class type 0 vs. 1 represents a
classification between no target and one target, 1 vs. 1 represents a classification between one benign
and one malignant target, 0 vs. 1/2 represents a classification between no target and 1 or 2 targets.

Paper

Anatomical/Setup
Representation

Classification Parameters

Body
Part

No. of
Models

View Input Type
Class
Type

Train/Validation
/Test

Best
Algorithm

Acc./Sens.
/Spec.

[17] Breast - 360◦ Sim. signals 0 vs. 1 2160/620/- PCA + kNN 96.8%

[18] Breast 15 360◦ Exp. signals 0 vs. 1 43,200/4800/7200 PCA + SVM 73/67/76%

[19] Breast 79 360◦ Exp. images 0 vs. 1 1008/-/249 CNN 75/82/70%

[20] Breast 10 360◦ Exp. signals 0 vs. 1 192/96/- PCA + LDA 85%/-/-

[25] Breast 26 360◦ Exp. signals 1 vs. 1 3456/288/- PCA + kNN 96/92/92%

[36] Breast 24 360◦ Exp. images 1 vs. 1 21/3/- QDA 89/77/100%

[38] Breast 113 360◦ Exp. signals 1 vs. 1 117,159/29,289/- Adaboost 78/79/77%

[26] Brain 200 360◦ Sim. images 1 vs. 1 600/600/- SVM 88/91/87%

[29] Brain 300 360◦ Sim. images 0 vs. 1 vs. 2 6000/60/48 CNN 98/98/99%

Ours Axilla 80 90◦ Sim. signals 1 vs. 1 1652/28/560 PCA + kNN 90/100/80%

Ours Axilla 40 90◦ Sim. signals 0 vs. 1/2 812/28/280 PCA + SVM 70/86/33%

The reliability of ML models in a real clinical setting relies on the representativeness
of the training data. Thus, to translate this approach to real-world applications, our
methodology would need to be applied to more complex scenarios, experimental data and,
ultimately, patient data. When the complexity of the scenarios increases, by increasing
the number of ALNs or inserting other anatomical structures such as skin or muscle, the
classification performance is expected to be more affected. In particular, the dielectric
response of surrounding tissues may mask ALNs’ response. The number of ALNs per
axillary region can reach approximately 30 [53], which means it is unlikely that all of them
can be individually detected by microwave-based systems. However, since level I ALNs
are typically the first to be metastasised by breast cancer and are the shallowest [54], they
are more likely to be within the detectable range of such systems.

In this context, the proposed approach in this paper is essential to find the proper type
of signals and classification strategies that allow extracting more relevant information from
the ALNs. The tests should be conducted step-by-step so the effects on classification can be
explained. One should note that the considered methodology in this study was based on
the worst-case scenario where there is no dielectric contrast between healthy and metas-
tasised ALNs. Although there are indications that a dielectric contrast exists [16], further
investigation is needed to quantify such contrast. Nevertheless, in a clinical scenario, it is
expected that the existence of dielectric contrast improves the classification performance.

The quality of the implemented methodologies was ensured by following the best
practices of ML to avoid over-fitting, using proper metrics to evaluate our models when
using unbalanced datasets, and analysing the misclassifications and relating them to
probable clinical observations. ML approaches focusing on microwave images instead
of signals, such as those proposed by [26,29,36], could also be explored. However, false
positive and skin artefact removal performance in imaging results would possibly greatly
affect the performance of these ML models due to the limited angular view. Thus, the
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ultimate goal is to use the classification information to support clinicians in interpreting
imaging results. Accordingly, further evaluation of the integration between classification
and imaging outcomes should be performed. In a clinical context, an imaging result would
be supplemented with the probability estimate of metastasised ALNs within the examined
axillary region.

5. Conclusions
A feasibility study of classification to distinguish healthy from metastasised ALNs

was performed using microwave simulated signals. For the first time, this study evaluated
how classification algorithms using microwave signals perform under a limited angular
view and with the particular shapes of ALNs.

Eighty ALN models were evaluated across increasingly complex scenarios using
different signal types, FEMs and classifiers. Accuracy reached 95% when considering single
ALNs, but accuracy dropped to 83.3% when considering multiple ALNs inside an axillary
region. This suggests classifying ALNs and axillary regions is more challenging than
classifying breast tumours due to the presence of multiple ALNs within a heterogeneous
medium. Overall, these results indicate classifiers were able to differentiate healthy from
metastasised ALNs, showing comparable performance to breast tumour classification and
highlighting the potential of microwave data for axillary assessment. This type of approach
provides more objective information to MWI results, supporting interpretation for clinicians
and increasing the potential of axillary MWI’s adoption in clinical practice to improve
breast cancer staging.

In future work, the performance of classifiers should be evaluated considering more
complex anthropomorphic phantoms of the axillary region, considering skin and muscle
tissues and multiple ALNs. Applying this methodology to experimental signals, consider-
ing real clinical conditions, is also important to improve the robustness of the methodology
and models. Additionally, a large dataset of signals (hundreds of different cases) would
be crucial to ensure the robustness of an ML model with increased sensitivity compared
to standard imaging modalities. The methodology proposed in this study could be scaled
to these more complex scenarios; thus, this paper strongly points towards valuable future
directions. Ultimately, imaging results and classification performance should be jointly
assessed to identify the situations in which they complement one another.
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Abbreviations
The following abbreviations are used in this manuscript:

ALN Axillary Lymph Node
CST Computer Simulation Technology
CV Cross-Validation
DT Decision Trees
FD Frequency Domain
FEM Feature Extraction Method
ICH Intracerebral Haemorrhage Stroke
IS Ischaemic Stroke
kNN k-Nearest Neighbours
LDA Linear Discriminant Analysis
LOO Leave-One-Out
ML Machine Learning
MRI Magnetic Resonance Imaging
MWI Microwave Imaging
NB Näive Bayes
PCA Principal Component Analysis
PML Perfectly Matched Layer
RFO Random Forests
QDA Quadratic Discriminant Analysis
SLNB Sentinel Lymph Node Biopsy
SVM Support Vector Machines
TD Time Domain

Appendix A. Classifier Hyperparameters

Table A1. Grid-search hyperparameters for each classifier.

Classifier Hyperparameter Name Hyperparameter Values

LDA
Amount of regularisation (γ) 10 linearly-spaced values:

0, . . . , 1

Linear coefficient threshold (δ)
10 logarithmically-spaced values:

10−2, . . . , 102
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Table A1. Cont.

Classifier Hyperparameter Name Hyperparameter Values

QDA Amount of regularisation (γ) 10 linearly-spaced values:
0, . . . , 1

kNN
Number of neighbours (k) 1, 2, . . . , 10

Type of distance (d) cityblock, chebyshev,
euclidean, hamming

NB Data distribution normal (Gaussian), multinomial,
kernel density estimate

DT
Pruning criterion error, impurity

Split criterion
(if impurity is chosen) Gini, twoing rule, cross entropy

RFO
Number of trees 12 linearly-spaced values:

25, . . . , 300

Pruning criterion (same as DT)

Split criterion (same as DT)

SVM

Kernel linear, polynomial (order 3), RBF

kernel scale parameter (σ)
7 logarithmically-spaced values:

2−16, . . . , 216

box constraint (C)
7 logarithmically-spaced values:

2−16, . . . , 216

Appendix B. Performance Results
Appendix B.1. Performance Results of All Tested Classifiers in the Training/Validation Set

Table A2. Classification performance, measured by balanced accuracy (%), for independent signals
in scenario A, after classifier hyperparameter optimisation. The PCA rows correspond to the optimal
results obtained using 1 to 20 principal components. N/A means the classifier was not able to
converge, which can occur when there are highly correlated features or features with zero variance.
The best metrics for each type of signals are highlighted in bold.

Type of Signals FEM LDA QDA kNN NB DT RFO SVM

Absolute FD

RAW 71.2 50.0 95.7 69.1 88.3 92.4 84.5

F25 N/A N/A 90.7 71.9 83.3 88.3 82.4

PCA 74.8 73.6 95.5 74.3 85.5 91.7 86.2

Real Part FD

RAW 65.2 52.9 94.5 70.5 84.8 92.6 86.7

F25 78.8 61.9 92.4 74.1 83.1 89.3 84.0

PCA 72.9 75.2 95.2 75.2 86.9 91.4 85.2

Imaginary Part FD

RAW 64.8 46.9 95.2 68.8 85.0 93.1 85.2

F25 75.0 57.1 94.0 74.0 89.1 89.5 83.8

PCA 68.1 75.5 95.2 75.2 87.1 92.9 86.2

TD

RAW 62.6 55.5 92.9 74.5 85.0 87.4 84.3

F25 N/A N/A 92.1 70.0 81.2 87.4 84.3

PCA 71.9 73.8 94.5 74.3 88.8 92.1 85.0
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Table A3. Classification performance, measured by balanced accuracy (%), for independent signals
in scenario B, after classifier hyperparameter optimisation. The PCA rows correspond to the optimal
results obtained using 1 to 20 principal components. N/A means the classifier was not able to
converge, which can occur when there are highly correlated features or features with zero variance.
The best metrics for each type of signals are highlighted in bold.

Type of Signals FEM LDA QDA kNN NB DT RFO SVM

Absolute FD

RAW 58.3 50.2 95.5 50.2 82.9 91.5 91.0

F25 N/A N/A 88.5 45.3 81.0 87.9 81.0

PCA 56.3 57.2 96.0 61.4 85.4 92.7 91.6

Real Part FD

RAW 61.8 49.6 95.3 49.6 82.6 91.1 90.0

F25 44.6 44.6 82.6 49.9 83.2 88.7 77.3

PCA 61.1 56.8 96.4 63.8 83.8 91.8 92.5

Imag. Part FD

RAW 60.4 50.0 95.5 50.0 83.7 92.3 90.5

F25 49.6 50.1 93.0 50.0 84.3 89.3 86.3

PCA 61.5 59.2 96.7 60.2 85.7 93.0 95.0

TD

RAW 55.6 50.5 95.0 50.5 85.7 87.5 90.5

F25 N/A N/A 90.3 51.8 82.7 86.8 84.9

PCA 45.2 60.7 95.6 64.7 85.1 92.1 91.9

Table A4. Classification performance, measured by balanced accuracy (%), for independent signals in
scenario C, after classifier hyperparameter optimisation when using PCA-X as FEM. The best metrics
for each type of signals are highlighted in bold.

Comparison Type of Signals LDA QDA kNN NB DT RFO SVM

H-M

Absolute FD 55.6 66.7 74.6 66.8 69.4 79.3 81.8

Real Part FD 66.7 66.7 72.1 66.7 68.3 77.1 79.2

Imag. Part FD 68.2 66.7 72.1 66.7 67.6 75.9 78.7

TD 66.7 66.7 78.1 66.7 71.1 81.3 84.0

H-M1

Absolute FD 51.6 58.6 69.8 58.9 63.8 69.3 73.0

Real Part FD 56.6 58.9 65.0 56.3 61.3 68.0 70.2

Imag. Part FD 50.4 57.1 65.0 58.8 62.0 68.4 72.0

TD 34.1 56.4 69.8 59.5 63.9 70.9 75.5

H-M2

Absolute FD 52.7 57.3 78.4 55.0 66.6 77.0 76.4

Real Part FD 49.5 54.1 74.8 52.7 66.4 72.7 75.5

Imag. Part FD 50.7 55.2 75.9 54.1 68.2 75.5 76.8

TD 31.1 55.4 78.2 58.2 69.1 76.1 81.1
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Appendix B.2. Performance Results When Considering Other Methodology for Scenario B

Table A5. Classification performance, measured by balanced accuracy (%), for both independent and
grouped signals in scenario B, after classifier hyperparameter optimisation and when considering
three planes in training and the remaining one in validation set. The absolute part of FD signals
were the used type of signals. The PCA rows correspond to the optimal results obtained using 1 to
20 principal components.

Type of Classification FEM
All Planes Plane in Separate

kNN DT kNN DT

Independent signals

RAW 95.5 82.9 71.6 52.6

F25 88.5 81.0 63.4 50.7

PCA 96.0 85.4 78.3 55.5

Grouped signals

RAW 98.3 95.0 100.0 61.7

F25 98.3 96.7 91.7 50.0

PCA 98.3 96.7 100.0 73.3

Table A6. Classification performance, measured by balanced accuracy (%), for both independent and
grouped signals in scenario A, after classifier hyperparameter optimisation and when considering
separating augmented ALNs in different training and validation sets. The absolute part of FD signals
were the used type of signals. The PCA rows correspond to the optimal results obtained using 1 to
20 principal components.

Type of Classification FEM
No Separation Separation

kNN DT kNN DT

Independent signals

RAW 95.7 88.3 91.7 87.1

F25 90.7 83.3 84.3 81.0

PCA 95.5 85.5 92.9 85.0

Grouped signals

RAW 98.3 96.7 96.7 95.0

F25 95.0 93.3 91.7 93.3

PCA 98.3 91.7 98.3 90.0
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