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ABSTRACT: This work explores the data-driven approaches for breast tumor detection and analysis of different breast tissues by using
microwave sensing technique. Microwave sensing offers a promising trade-off in tissue penetration depth and is prominent dielectric
disparity between healthy and tumorous tissues at microwave frequencies. Tumor cells exhibit unique properties, such as increased
water content and different ionic compositions, which create distinct dielectric traits compared to healthy tissue. This frequently shows
variations in loss characteristics compared to normal tissue and can exploit those differences for detection. The key parameter used
is specific absorption rate for the determination of tumor location. The differential absorption between healthy and tumor tissues is
potentially aided in identifying the presence of lesion. The five sets of reflection characteristics are recorded with the system comprising
UWRB antenna with breast phantom by using VNA with a gap of 4-5 days. Further, the dimensionality reduction technique is applied to
extract the features using PCA and tSNE. In order to enhance the detection accuracy, dimensionality reduction techniques are used in
tandem with the supervised machine learning approach. Among the four supervised algorithms, including SVM, KNN, RF, and MLP,
the random forest was found to be the most optimal for the data with an auc score of 99.97%.

1. INTRODUCTION

reast cancer, a global disease affecting mortality rates in

females, is caused by gene changes, physical genetic ex-
pression, and phenotypic features. It develops in breast cells,
leading to uncontrolled growth and potential fatality if not de-
tected early. As per global statistics, breast cancer remains
the second most prevalent cancer deaths, with declining sur-
vival rates requiring prompt identification for effective treat-
ment and extended postinterventional survival. According to
the National Cancer Institute and the Centers for Disease Con-
trol and Prevention, the rate of breast cancer has consistently
increased, rising by 1% annually, mainly due to localized-
stage and hormone receptor-positive disease. Early detection
through screening and advances in treatment are the drivers of
this progress. X-rays and mammograms are commonly used
for diagnosing cancer; however, they have several limitations,
primarily the risk of false positives and the challenges they
pose for patients. There is a high chance of receiving false
alarms and callbacks, resulting in expensive follow-up proce-
dures such as biopsies. Imaging breasts with denser tissue can
be particularly challenging, and not all lesions are detectable.
Furthermore, patients may endure both physical and emotional
discomfort during mammography, and exposure to ionizing
radiation can lead to health issues. While MRI is effective
for screening women with implants, it is quite costly; ultra-
sound is employed to monitor tumor growth and distinguish
between different types of tumors [1-3]. Noninvasive methods
for cancer diagnosis, including microwaves, are crucial. Mi-
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crowave sensing represents a more cost-effective approach for
identifying breast tumors compared to nuclear medicine and
MRI, as it can eliminate the need for compressions and ion-
izing radiation. This technology enhances detection by iden-
tifying small lesions and anticipating the electrical properties
of tissues, thereby reducing false positives and facilitating safe
and comfortable diagnostic monitoring. The advancement of
wireless communication and ultra-wideband (UWB) standards
has necessitated high-gain broadband antennas, especially mi-
crostrip antennas, which are perfect for biomedical applications
owing to their dimensions, affordability, and electrical charac-
teristics. Research indicates that utilizing microwaves for de-
tecting breast tumors, especially in the span of UWB, presents
a favorable trade-off between the clarity of the images and the
depth at which tissues can be penetrated. This method relies
on the considerable variations in dielectric characteristics be-
tween healthy and cancerous breast tissues when they are ex-
amined at microwave frequencies [4]. The Federal Communi-
cation Commission (FCC) has granted the permission for emis-
sion measurement procedures in the 3.1-10.6 GHz broad fre-
quency band, offering potential benefits for medical and com-
munication applications [5]. A phantom is a vital scientific tool
used in bio-medical research to mimic human body organs for
accurate analysis and evaluation, providing reliable, quantifi-
able data for comparison in real-world settings. The phantoms
were fabricated to be portable, facilitates rapid and precise com-
parisons between computer calculations for treatment planning
and calculations performed manually. The research in phantom
creation demonstrated that with varying compositions of the
materials utilized, a significant diversity in dielectric properties
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FIGURE 1. System overview.

can be achieved. The realistic 3D homogeneous and heteroge-
neous breast phantoms were fabricated using different materi-
als [6-9]. The principle of microwave sensing to detect tumor
depends on dielectric properties of the tissue. The dielectric
traits of the tumorous region and different breast layers have
significant contrasts. In order to consider these properties, the
dispersion effect must be taken into account from their return
losses which affect the absorption, transmission, and reflection
of microwaves [10-12]. When breast tissues are exposed to
electromagnetic waves, specific absorption rate (SAR) serves
as a metric to quantify the amount of electromagnetic energy
absorbed by tissues. SAR values were used to detect both the
presence and tumor location, with lower values in the healthy
than in its tumorous counterpart [13—18]. Dimensionality re-
duction and data visualization techniques were reported in [ 19—
21]. Several machine learning (ML) methods were employed
to improve the detection accuracy of breast tumor on Wiscon-
sin Breast Cancer Database (WBCD). These algorithms were
built on imbalanced dataset [22-26]. The detection accuracy
with balanced dataset recorded by using UWB antenna was re-
ported in [27-31]. The datasets were created by making the use
of breast phantom. A solitary metasurface (MTS) Vivaldi an-
tenna and artificial neural network (ANN) model possesses the
lowest mean square error (MSE); however, it has a complicated
structure and considerable large dimensions [32].

The intended objective of the proposed work is to design a
system that could potentially be able to detect tumors through
examination in real-time or close to real-time by utilizing breast
phantom. Here, the different breast layers are analyzed by us-
ing UWB antenna reported in [33]. Further, an attempt is made
to improve breast tumor detection accuracy by applying dimen-
sionality reduction techniques on top of the supervised ML al-
gorithms. The proposed work is organized in five sections. The
system overview is described in Section 2, sensor designing in
Section 3, and analysis of the breast model with its dielectric
properties and SAR in Section 4. Section 5 demonstrates data
analysis, dimensionality reduction techniques, and classifica-
tion algorithms. The proposed system is compared with the lit-
erature in Section 6 and concluded in Section 7.

52

2. SYSTEM INTEGRATION

The entire proposed system incorporates four modules as illus-
trated in Fig. 1. In recent years, there has been a substantial
surge in research related to microwave sensing, with systems
requiring multiple radiating elements and complex setups, and a
single antenna element that reduces size, complexity, and cost,
and eliminates the need for mechanical motors. A UWB an-
tenna sensor that has a high gain and steady radiation pattern
can play a vital role in improving system sensing capability.
Here, an octagon-shaped UWB antenna is employed as a sens-
ing device for recording and inspecting the loss characteristics
over the frequency span of 3.1-10.6 GHz. Breast replica is use-
ful to analyze different breast tissues. Here, breast phantom is
created to replicate the real breast characteristics. Breast tissues
are examined using UWB antenna. The dielectric characteris-
tics of the tissue serve as a framework for the microwave sens-
ing method used to identify breast lesion. Microwave sensing
of biological tissue renders its electrical characteristics, deter-
mining the levels of energy that are reflected and transmitted.
Dielectric characteristics are used to realize the spatial distri-
bution of absorbed power. The amount of power absorbed and
the dielectric characteristics of both malignant and healthy cells
as a function of microwave frequency are conceivable to iden-
tify presence of the tumor. A fascinating way to significantly
reduce the time spent on simulations involves trial and error
simulations by parameter optimization to meet expected design
requirements is to use machine learning approach. Here, unsu-
pervised and supervised techniques are used to enhance detec-
tion accuracy.

3. ANTENNA DESIGN

3.1. Antenna Geometry and Design Details

The simple octagonal shape microstrip patch antenna is de-
signed using FR-4 epoxy, which has dielectric properties such
as a substrate that is 1.59 mm thick, ¢, of 4.4, and tané of
0.02. The electromagnetic waves generated through radiating
element fringe off patch into the substrate. These waves radiate
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into the air after being reflected from the ground surface. Ra-
diation arises because of this fringing field that exists between
the patch and the ground. The dimensions of the structure are
calculated by considering operating frequency of 6.85 GHz and
wavelength 0f 43.796 mm/s and designed to operate in the spec-
trum of UWB covering the span of 3.1-10.6 GHz. Over the
lower band, the antenna resonates in the fundamental mode;
over the upper band, it resonates in the higher order modes. The
antenna resonates at four frequencies which are 3.45, 6.675, 8.2,
and 10.67 GHz. When generated electromagnetic waves are in-
phase, constructive interference is created which results in gain
enhancement. The observed peak gain values of simulated and
measured structures are 6.734 and 6.635 dB at the frequencies
8.2 GHz and 7.9 GHz, respectively [33]. The antenna structure
is fabricated by using a double sided copper flame retardant
epoxy glass composite dielectric substrate and tested, and re-
sults are validated with the help of model N9916A of vector
network analyzer (VNA). The fabricated prototype is depicted
in Fig. 2, and the optimized results from simulator as well as
measured results from VNA of reflection characteristics and
gain variations are in Fig. 3 and Fig. 4, respectively.
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FIGURE 2. Prototype of UWB antenna.
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FIGURE 3. Return loss of prototype [33].

4. ANALYSIS OF BREAST MODEL

The impetus of the breast phantom is to replicate all aspects
of realistic breast with their appropriate traits. Ultra-precise
breast phantoms are essential resources for experimental and
computational investigations. Here, by examining the anatomy
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FIGURE 4. Gain variations verses frequency of proposed UWB an-
tenna [33].

of the breast, a phantom that mimics the realistic breast dielec-
tric properties is created. A female breast is composed of dif-
ferent layers: epidermal, adipose, glandular, and tumor tissues
that are embedded within. The virtue of identifying lesions in
the breast using microwave sensing hinges on dielectric charac-
teristics of the tissue. Breast tissue has diverse contrast levels
between healthy and cancerous tissues. The electromagnetic
waves emitted from an antenna sensor propagate through dif-
ferent layers of the breast and interact with them. These tis-
sues appear to be lossy dispersive materials when being ex-
posed to electromagnetic waves, which influences the resulting
signal through absorption, transmission, and reflections. De-
bye model is employed to elucidate the alterations in dielectric
traits of breast cells as a function of frequencies. Single pole
Debye dispersion model is expressed as,

€s — €00
&r (W) = €0 + 1122 (1)
_ 2
or(w) = o Ex)wTEO L @)

14+ w2r?

where €, — Complex permittivity, ¢ — Free space permittiv-
ity, €5 — Static dielectic constant, €., — Dielectric constant
at infinity, o, — Static conductivity, 7 — Pole relaxation con-
stant, w — Angular frequency.

4.1. Evaluation Framework

The entire system encompassing antenna radiator and breast
model is designed using Ansys High Frequency Structure Sim-
ulator (HFSS) software. The breast phantom is of two types:
homogeneous and heterogeneous ones. The heterogencous
phantom is composed of skin, fatty, glandular, and tumor lay-
ers. The outermost skin layer is quite thin, while the fatty and
glandular layers account for 50% of the overall thickness. The
breast model of different sizes is modelled by using varying
thickness as listed in Table 1. The complex permittivity and di-
electric constant range 26.2—40 and 0.347-0.636 for skin, 4.25—
5.42 and 0.158-0.264 for fat, 36.1-54.3 and 0.28-0.596 for
gland, 50—70 and 3—4 for tumor, respectively. Each layer of the
breast model is composed by referring the dielectric properties
listed in Table 2. The modeled system framework is presented
in Fig. 5, which includes the antenna as a sensor and a breast
model without and with tumor.
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FIGURE 5. Breast phantom modelling in HFSS. (a) Breast model without tumor. (b) Breast model with tumor.

(b)

FIGURE 6. Fabrication of breast phantom. (a) Breast phantom without tumor. (b) Breast phantom with tumor.

TABLE 1. Design dimension details of different breast tissues.

. Breast Thickness (mm)
Sr. No. | Breast Tissue Type

40 | 50 | 60 | 70 | 80
1 Skin 21 2|2 2 2
2 Fatty 18 | 23 | 28 | 33 | 38
3 Glandular 20 | 25 | 30 | 35 | 40
4 Tumor 4,5,6,7

4.2. Fabrication Process

The various procedures are investigated to fabricate the replica
of breast tissues [6-9]. The heterogeneous breast phantom
of size 80 mm with dimensions mentioned in Table 1 is con-
structed by using the chemical constituents specified in Ta-
ble 3. The appropriate combination of chemical materials is
used to acquire high permittivity of phantom by using distilled
water and low conductivity by propylene glycol and safflower
oil. These constituents moreover provide notable mechanical
strengths and are simple to synthesize. Even though varying
concentrations of these materials are employed to create breast
phantom layers, the selected materials make fabrication process
easy.
Fabrication Procedure:

1. At the temperature of 80°C, in double boiler heat the mix-
ture of propylene glycol with distilled water.

TABLE 2. Electromagnetic parameters of various breast tissues [9].

Sr. No. | Breast Tissue Type er os (S/'m) | T (ps)
1 Skin 35 1.10 7.37
2 Fatty 5 0.262 7.00
3 Glandular 45 0.46 7.00
4 Tumor 64.9 4 7.00

2. Incorporate agar-agar gelatin powder into the mixture, stir
until it liquefies and changes the color. The phantom shape
is well-preserved through this incorporation. Notably, this
mixture exhibits dielectric properties closely resembling
those of realistic breast tissues.

3. Mix liquid detergent and formalin with safflower oil, then
combine it with the heated solution. Formalin ensures the
stabilization of the phantom.

4. Get the mixture out of the boiler, then mix xanthan gum
until it cools off. The combination of liquid detergent, for-
malin, and xanthan gum acts as a surfactant and thickener.

5. Place the solution in an ice bath and stir it gently.

6. Once the mixture cools to 25°C, pour it into a mold and
refrigerated.

The fabricated breast tissues, phantoms without and with tumor
are presented in Fig. 6.
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TABLE 3. Material and composition for breast phantom fabrication.

Sr. No. Material Skin | Fat | Gland | Tumor
1 Distilled Water (ml) 100 50 100 120
2 Propylene Glycol (ml) 7 2 7 7
3 Agar-Agar Gelatin Powder (g) 6 7 5 10
4 Safflower Oil (ml) 14 40 21 9
5 Liquid Detergent (ml) 0.5 0.5 0.5 0.5
6 Formalin (ml) 0.3 0.3 0.3 0.3
7 Xanthan Gum (g) 2.5 2 2 2

4.3. Analysis of Breast Layers

The principle of microwave sensing to detect lesion in the breast
relies on dielectric characteristics of the tissue. The effective
distinction between tumorous and healthy tissue is made possi-
ble by their contrasting characteristics. The system model in-
corporating antenna sensor and breast model is validated by us-
ing a model N9916A of VNA. Ultrasound gel is utilized which
serves as the surface matching material to reduce the losses oc-
curring between the sensor and breast model. The five sets of
reflection characteristics are recorded in a span of four to five
days. The average value of these five sets of recorded samples
is taken into account for the subsequent analysis. Fig. 7 presents
reflection characteristics as a function of frequency variations
of prototype of the breast model without and with tumor. Ac-
cording to analysis, there are prominent deviations in the reflec-
tion properties; tumorous tissue exhibited a higher return loss
than healthy tissue as depicted in Fig. 7. This change in reflec-
tion characteristics is because the lesion in the breast absorbs
more electromagnetic energy. Thus, malignant tissues manifest
themselves as scattering materials with significant losses for
microwave propagation, which leads to the phenomenon that
the return loss from the tumor layer is remarkably higher. Fur-
ther, the dielectric properties are extracted by using Equations
(1) and (2) from the analyzed data. The reflection and dielectric
characteristics of different breast layers are shown in Fig. 8.
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FIGURE 7. Reflection characteristics of breast model without and with
tumor.
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Specific absorption rate (SAR) essentially serves as a metric
to quantify the amount of energy or heat that can be produced in
a specific volume of human tissue as a result of energy absorp-
tion from an electromagnetic field that a device emits. For a
given mass density p, as per the Institute of Electrical and Elec-
tronics Engineers (IEEE), the Specific Absorption Rate (SAR)
is defined as the time derivative of the incremental energy (dW)
absorbed by an incremental mass (dm) contained in a volume
element (dV'). Specific absorption power density (SAPD) is a
unit of non-ionizing radiation, inversely proportional to elec-
tromagnetic wave frequency and square of electric field vector
causing bio effects. SAR is given by:

d (dW d [ dW
SAR = (m) =@ (pdv) ®)
2
SAR = 0?' 4)

where SAR — Specific Absorption Rate (W/kg), o — conduc-
tivity (S/m), p — the mass density (kg/m®).

The limits of controlled and uncontrolled environments for
SAR over whole-body SAR of tissue 1 g and 10 g are listed in
Table 4.

TABLE 4. Specific absorption rate.

Environment SAR
Whole-Body | 1g | 10g
Controlled 0.4 8 20
Uncontrolled 0.08 1.6 4

This section illustrates the importance of using SAR value
coordinates to locating a breast tumor. SAR is the most impor-
tant key aspect that should be considered as it is a measure of
safety for patients. The incident microwaves get more absorbed
by the tumorous tissues than normal tissues. The absorption of
EM waves is measured as SAR and can be a useful tool for
the identification of the presence of malignant tissues and lo-
cation of the tumor within the tissues. The mere fact that the
two breasts of a female are identical to each other eases iden-
tifying the existence of a tumor. Here, a breast model is ana-
lyzed using Ansys HFSS software to examine the SAR study. A
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FIGURE 8. Dielectric properties of different breast tissue types. (a) Relative permittivity. (b) Conductivity.
TABLE 5. Specific absorption rate (W/Kg) for varying sizes of simulated breast models.
Breast Size
(mm)
40 50 60 70 80
Frequency
(GHz)
Without | With | Without | With Without | With Without | With | Without | With
Tumor | Tumor | Tumor | Tumor | Tumor | Tumor | Tumor | Tumor | Tumor | Tumor
3 1.574 8.072 1.685 9.768 1.795 12.652 1.807 19.888 1.908 28.987
4 0.176 2.305 1.385 3.381 0.250 1.899 1.639 13.737 1.324 11.55
5 0.135 1.140 1.561 5.403 0.066 0.488 0.216 2.549 0.222 0.384
6 0.021 0.185 0.090 0.425 0.0076 0.034 0.023 0.222 0.039 0.084
7 0.0084 0.074 0.027 0.196 0.0031 0.0103 0.013 0.073 0.020 0.041
8 0.0092 0.092 0.027 0.135 0.0022 0.0051 0.0077 0.035 0.012 0.021
9 0.011 0.123 0.018 0.095 0.0018 0.0033 0.0049 0.021 0.006 0.0089
10 0.012 0.119 0.017 0.062 0.0013 0.0021 0.0046 0.018 0.002 0.0037

breast model varying in size from 40 mm to 80 mm is employed
to examine SAR values. The two phantoms without and with
tumor of size 5 mm are utilized to measure the SAR values.
Table 5 summarizes the disparities between the two scenarios.
The SAR value becomes higher with tumor since the lesion ab-
sorbs even more electromagnetic energy than healthy tissues.
Furthermore, the SAR values are examined by varying tumor
size from 7 to 4 mm. It is noted that the SAR values increase
in tandem with the growth of the tumorous cells. The posi-
tion of the lesion is determined by the (x, y, z) coordinates of
maximal SAR values. Table 6 displays the true position of the
embedded tumor and the location of the lesion as estimated by
inspecting at the maximal SAR values for different tumor sizes.
Fig. 9(a) shows the simulated SAR value of the healthy breast.
As depicted in Figs. 9(b)-(f), a 5 mm tumor is embedded in the
mammary gland at different positions, the top, bottom, left, and
center, for analyzing the SAR values by simulation.
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5. DATA ANALYSIS AND CLASSIFICATION ALGO-
RITHMS

An Al-derived method for intelligent decision-making in auto-
mated systems is machine learning. A descriptive learning ap-
proach called unsupervised learning and predictive approach as
supervised learning are its two primary categories. A classifi-
cation method is a systematic approach to construct a classifier
from an input data set, based on a learning target function that
maps each feature set to a predefined label of the class, partic-
ularly effective for predicting or characterizing binary or nom-
inal datasets. Unsupervised learning is perfect for exploratory
data analysis, cross-selling strategies, segmentation and recog-
nition since it leverages machine learning techniques to analyze
and cluster unlabeled information and reveal underlying links
or patterns without the need of human intervention. There are
two techniques for reducing dimensionality: feature selection,
which entails retaining just the most pertinent features from the
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FIGURE 9. Simulated SAR field of tumor of size 5 mm for varying position. (a) No tumor, (b) Top (0, 16, 33), (c) Left (—16, 0, 33), (d) Center (0,
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TABLE 6. Identification of tumor position for different tumor dimensions.

Embedded Tumor Embedded Tumor Location Embedded Tumor Embedded Tumor Location
Size (mm) (x,Y,z) co-ordinates (mm) Size (mm) (x,y,z) co-ordinates (mm)
Embedded Atmax Embedded | At max average SAR
average SAR
0,0, 30 0, 0,29.59 0,0, 30 0,0, 30.59
7 2.5,0,30 2.44,0.31, 28.59 6 —5.2,0,30 —5.23, —2.1,29.59
2,2,30 2,2.03,30.59 4.5,4.5,30 4.6,4.5,30.79
2,—-2,30 1.98, —2, 28.59 0, —6, 30 0.9, —6, 29.59
0,0,32 0,0,31.59 0,0, 33 0,0,32.79
5 —5.5,6,32 —5.43,6.76,31.59 4 0,10, 33 0,9.8,32.79
5.8, —-5.8,32 4.8, —5.77,30.59 7,—7,33 6.17, —7.05,31.79
—5.5, —5.5,32 | —5.57, —4.91, 31.59 —-7,—7,33 —6, —5.94, 32.59

original dataset, and feature extraction, which looks at the inter-
dependencies of the original dataset by identifying a smaller set
of new features. The data visualization of dielectric traits of
different layers of the breast on recorded dataset is depicted in
Fig. 10. Data visualization before reducing dimensionality is
presented in Fig. 11.

5.1. Principal Component Analysis (PCA)

The most ancient yet highly adaptable statistical method in mul-
tivariate analysis is PCA that extracts significant information
from a dataset containing inter-correlated quantitative depen-
dent variables. The key objective of a PCA analysis is to ex-
tract crucial data from a dataset, reduce its size, streamline its
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description, and examine its structure. It creates principal com-
ponents, representing the table as a collection of new orthogo-
nal variables, and displays patterns of similarity between vari-
ables and observations as points in mapping. PCA is contingent
on the eigen-decomposition and singular value decomposition.
Principal Component Analysis can be probabilistically refor-
mulated by extracting the principal sub-space of observed data
using a generative latent variable model with maximum likeli-
hood solution. The PCA algorithm is summarized as follows:

1. Data Conditioning: Normalize each feature.

2. Construct covariance matrix: Prepare a square matrix to
illustrate the relationship between the features. The co-
variance matrix is expressed as:
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FIGURE 10. Data visualization of dielectric traits for different breast tissues.
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FIGURE 11. Data Visualization of dielectric traits of breast phantom
before dimensionality reduction.

Cov(A;, Aj) = Doher (Aik — 20 AN (Ajk — 30 Aj)

n—1

®)

where Cov(A;, A;) — signify the covariance between the
dataset’s attribute A; and A; across n observations, A; and A;
— arithmetic of variables A; and A;.

58

1. Compute the eigenvalues and eigenvectors concomitant to
the covariance matrix.

2. Order the eigenvectors from top to bottom by selecting the
most significant ones and disregarding the least ones.

Here, PCA is applied on the recorded dataset, and three princi-
ple components are extracted. The extracted features are shown
in Fig. 12. After applying transformation and fitting the model,
obtained PCA components are: [[1.00, 2.42¢-10, 0.0], [-2.42¢-
10, 1.00, 0.0], [0.0, 0.0, 1.00]]. The supervised machine learn-
ing techniques including support vector machine (SVM), mul-
tilayer perceptron (MLP), K-nearest neighbor (KNN), and ran-
dom forest (RF) are implemented to classify the presence of
breast tumor. Among them, random forest provides the best fit
with auc score of 0.9960.

5.2. t-Distributed Stochastic Neighbor Embedding (tSNE)

An unsupervised nonlinear dimensionality reduction technique
for high-dimensional data representation and data exploration
is tSNE. The algorithm reduces dimensions in a nonlinear way,
helping to separate complex structures that cannot be repre-
sented by a straight line. tSNE applies a balanced cost function,
easier to compute gradients and student-t distribution to evalu-
ate the similitude between two points in the lower-dimensional
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FIGURE 12. Data visualization of dielectric traits after PCA dimension-
ality reduction technique.

space. tSNE begins by transforming high-dimensional Eu-
clidean distances into conditional probabilities to signify point
similarities. A common way to assess the correctness of con-
ditional probabilities is through Kullback-Leibler (KL) diver-
gence. The KL divergence is equivalent to the cross-entropy
with a control variable. The summation of Kullback-Leibler
divergences is reduced by SNE across all data points through
gradient descent. The cost function C' of tSNE is expressed as,

C = KL(PallelQ) = ZZ])” log (6)
i = exp(—||la; — 2;]|*/20%) ™
Y exp(—lzk — @i2/0?)
exp(—llyi — y;l°)
qij = (3
! Zk;él exp(—||yk =yl
6oC pz Qz y)
] J J J (9)
6yi (1+ IIywaII )

where P; — conditional probabilities for each data point in re-
lation to z;, (Q; — conditional probabilities for each data point
in relation to y;, 02 — variance.

The goal is to minimize a single KL divergence loss be-
tween high and low dimensional spaces. The similarity mea-
surement between pairs of instances in higher and lower di-
mensions’ spaces is found by tSNE method. The algorithm em-
ploys a probabilistic model to measure point similarities, using
a Gaussian distribution for higher dimensions and a student’s
t-distribution for lower dimensions. It then tries to maximize
two similarity metrics. The algorithm embeds data into lower
dimensions as follows:

1. tSNE simulates the process of choosing the points in both
upper and lower dimensions as a neighbour of another
point. It initially employs a Gaussian kernel to compute
pairwise similarities in high-dimensional space, assign-
ing lower selection probabilities to distant points than to
nearby ones.
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2. Subsequent to this, retaining pairwise similarities, the al-
gorithm tries to transfer high-dimensional data samples
into lower space.

3. Minimizing the divergence between the original high-
dimensional and lower-dimensional probability dis-
tributions is how it is accomplished. To reduce the
divergence, the technique employs gradient descent. The
lower-dimensional representation converges to an optimal
state.

0

-10

FIGURE 13. Data visualization of dielectric traits after tSNE dimen-
sionality reduction technique.

Through the process of optimization, related data points may
be grouped and sub-grouped in the low level space, which can
then be visualized to help comprehend the structure and re-
lationships found in the higher-dimensional data. The tSNE
model is applied on the recorded dataset with three dimension
of the embedded space. The Kullback-Leibler divergence ob-
tained after transforming the recorded dataset into embedded
space and fitting the model is: [—0.03478, 0.0323]. The re-
duced dimensionality of the dataset is presented in Fig. 13. Fur-
ther, the data obtained from tSNE model is processed by super-
vised learning models, KNN, SVM, RF, and MLP to predict
the existence of the breast tumor. The models are optimized by
hyper tuning the parameters to enhance the detection accuracy.
Table 7 briefs about the performance of these algorithms.

TABLE 7. Performance metric.

Sr. No Algorith F1 Score | AUC Scor
1 Support Vector Machine 0.9838 0.9917
2 Multilayer Perceptro 0.9138 0.9520
3 K-Nearest Neighbor 0.9636 0.9752
4 Random Fores 0.9876 0.9997

6. COMPARISON WITH LITERATURE

The proposed integrated octagon-shaped microstrip patch an-
tenna structure is intended for UWB frequency spectrum and
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TABLE 8. Analysis in relation to previous work.

Performance
Ref. No. System Outline Dataset Algorithm Metric
(Accuracy/AUC)
WBC NB 95.99%
Breast Cancer Diagnosis WDBC NB 96.66%
[22] by Experimental WBC J48 95.13%
Comparison of Classifiers WDBC SMO 97.71%
WDBC IBK 95.95%
Clustering using K-Means
[23] and Dimensionality Reduction using WBC PCA, KNN, SVM 97.66%
PCA for Breast Cancer Prediction
PCA, KNN, XGBOOST 97.66%
10-fold cross validation using . .
[25] MLP, Transfer Learning, and SVM for Manuel Gomes (University PCA, MLP, SVM 86.94%
. Hospital Centre of Coimbra)
Breast Cancer Detection System
The medical CAD categorization
.system through k-fold cross-validation WBCD SLR 9737%
[26] using ANN, KNN, SVM, DT, RF, XGboost,
and Adaboost with S-LR classifier
for breast cancer disease prediction
Mammographic Mass S-LR 93.37%

UWB-RMSA for Breast Cancer Detection
[27] using microwave sensing UWB RMSA Prototype RF 94.4%
20.47 x 10.56 No. of sensors: 2

Vivaldi antenna with circular

. LDA 87.10%
[28] holographic for microwave imaging UWRB transceivers Prototype ’
56 x 56 No. of sensors: 2
QDA 89.29%
Multi-static Radar System operated in
ime- i i LDA 309
[29] Time Dorn.aln for Microwave Breast UWB Prototype 70.30%
Screening No. of sensors: 16
element arrays (2 switching matrix)
SVM 73.64%
Ultra wide-band transceivers for
. NN trai 4.429
[30] detection of breast tumor using UWRB transceivers antenna setup rainseg ? &
neural networks. No. of sensors: 2
NN traingdm 88.42%
Dual port wearable textile MIMO CPW-fed
i RF 859
31] UWB antenna and use. of machine UWB MIMO Prototype %
learning for the detection of breast
cancer. 60 x 70 No. of sensors: 1
SVM 99%
tSNE, SVM 99.17%
Integrated Octagonal Microstri.p Antenna tSNE, MLP 95.20%
PA for breast tumor detection UWB MI-OMSA Prototype {SNE, KNN 97.52%
40 x 40 No. of sensors: 1 {SNE, RF 99.97%
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to analyze the dielectric traits of different layers of the breast
model. Breast tumor detection accuracy is improved by im-
plementing machine learning algorithms. Thereby, the antenna
structure is compared with the UWB antennas used for the ap-
plication of breast tumor detection in the literature with respect
to the size of antenna, number of sensors, dataset, algorithms,
and detection accuracy with accuracy score. This comparison
is listed in Table 8.

7. CONCLUSION

This study has examined the performance of an ultra-wideband
antenna in breast phantom layers, focused on simulation and
evaluation of the interaction of electromagnetic waves with var-
ious tissue-like phantom layers, including skin, fatty, glandular,
and tumorous tissues, which serve as analogs to human breast
anatomy. A UWB antenna along with breast phantom is mod-
elled using high-frequency structure simulator software, fabri-
cated and tested using vector network analyzer model N9916A.
It is evident that aberrant cell absorbs more electromagnetic en-
ergy than healthiest one. It is because inherent electrical prop-
erties of breast tissues make them appear to be lossy dispersive
materials at microwave propagation, which raises the value of
reflection characteristics of tumor-layered phantoms relative to
those of healthy breast phantoms. SAR field is useful for exam-
ining the maximum absorbed energy in the breast tissues. The
tumor of varying sizes from 7 mm to 4 mm is embedded into
mammary gland layer of breast model, and location is identi-
fied at maximum average SAR value. The data is recorded by
testing antenna structure along with breast phantoms with and
without tumors, using ultrasound gel as a matching medium.
The exploratory data analysis is performed by using dimen-
sionality reduction techniques for feature extractions. PCA and
tSNE algorithms are used to select the principle components
from highly dimensional recorded data. The supervised algo-
rithms are applied to the extracted features and used to catego-
rized tissues as healthy or tumorous. The auc score is used as
performance metric to assess the model. The auc score obtained
by SVM, MLP, KNN, and RF with tSNE as dimensionality re-
duction technique is 99.17%, 95.20%, 97.52%, and 99.97%,
respectively. The highest auc score among the mentioned al-
gorithms is obtained by the combination of RF algorithm of
99.97% and hence proven to be the best fit on the recorded
dataset to improve the detection accuracy. The research sug-
gests that UWB antennas can improve early breast cancer de-
tection and enhance microwave sensing accuracy by integrat-
ing ML techniques, contributing to more effective breast cancer
screening techniques.
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