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Summary

Hyperthermia (HT) has emerged as a promising adjuvant cancer therapy, lever-
aging controlled heating of tumor tissues to 40-44◦C to enhance the efficacy of
radiotherapy and chemotherapy. Despite its clinical potential, widespread adop-
tion of HT is hindered by challenges in precise energy delivery, patient-specific
optimization and real-time treatment monitoring.

This thesis presents a comprehensive investigation into the treatment planning
methods, experimental validation, and real-time temperature monitoring in mi-
crowave hyperthermia.

The first contribution concerns the development of reproducible tissue-mimicking
phantoms and consequently the development of an experimental testbed to repli-
cate head and neck (H&N) hyperthermia treatments. This was complemented by
a digital twin implemented in COMSOL Multiphysics to enable validation and
complement experimental measurements. Next, we introduced a joint SAR-based
optimization strategy integrating array matching, aimed at improving antenna per-
formance, ensuring efficient tumor targeting, and reducing reflection coefficients
while maintaining electronic stability. The influence of blood flow on heat focusing
was then analyzed, highlighting the importance of accounting for major vessels in
treatment planning.

Building on these foundations, the third and main contribution is a novel real-
time 3D temperature reconstruction method, which integrates sparse invasive ther-
mometry with pre-computed libraries of patient-specific simulations. Validated in
fully anthropomorphic phantoms (Duke and Ella from the Sim4Life virtual pop-
ulation), and the developed experimental setup, this approach enables minimally
invasive, low-cost, and robust temperature monitoring method. Finally, a deter-
ministic Alternating Projections Algorithm (APA) for SAR-based optimization was
proposed as an alternative to metaheuristic methods, achieving comparable thermal
performance with improved hotspot suppression and reduced power requirements.

Overall, this work provides methodological and computational advances to en-
hance the safety, accuracy, and clinical feasibility of microwave hyperthermia, con-
tributing toward its broader adoption as an effective adjunct in cancer therapy.
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Chapter 1

Overview

The research work reported in this thesis has been focused on the design and im-
plementation of simulation-guided Hyperthermia treatments (HT). This overview
outlines the general framework of the research; HT refers to the process of temper-
ature increment of certain tissues to a range of 40-44°C, often used as a comple-
mentary treatment in cancer therapy demonstrating significant radio-, chemo- and
immuno-sensitizing effects [1].

Chapter 2 provides an introduction to hyperthermia cancer therapy, present-
ing an overview of thermal therapies, the current state of hyperthermia, and the
governing physics behind HT treatments. The section also discusses hyperthermia
treatment planning (HTP), temperature monitoring techniques (both invasive and
non-invasive), and the challenges and future directions in the field.

Chapter 3 details an experimental testbed designed to replicate an HT treat-
ment in the head and neck (H&N) region, together with its digital twin devel-
oped in COMSOL Multiphysics. In addition, it describes the fabrication of tissue-
mimicking phantoms and the characterization of their dielectric and thermal prop-
erties for experimental validation.

Chapter 4 focuses on Specific Absorption Rate (SAR)-based optimization, a
key component in improving HT treatment efficiency. It reviews state-of-the-art
techniques, introduces a joint optimization approach, and presents examples of
applications, including experimental validation against real-world testbeds.

Chapter 5 investigates the effect of blood flow in major vessels on tempera-
ture distribution during H&N HT treatments, providing insights into their role in
achieving precise thermal control.

Chapter 6 introduces a real-time 3D temperature reconstruction method, which
integrates computational models with sparse thermometry data, providing accurate
temperature estimates across the entire region of interest during treatment. Val-
idated both in a fully anthropomorphic in-silico scenario, and in an experimental
controlled setting, this approach demonstrates strong potential as a low-cost and
minimally invasive monitoring strategy for clinical HT treatments.
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Chapter 7 presents a deterministic framework for SAR-based optimization in mi-
crowave hyperthermia, introducing the Alternating Projections Algorithm (APA)
as an efficient alternative to conventional meta-heuristic methods and demonstrat-
ing its ability to enhance tumor targeting while reducing hotspots in healthy tissue.

Finally, in Chapter 8, a summary of the main achievements of this research
work is given, along with possible future developments and improvements.
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Chapter 2

Hyperthermia cancer therapy

Over the past two decades, there has been a growing interest in hyperther-
mia (HT) due to its promising role in cancer treatment. Several clinical trials
have demonstrated that when hyperthermia is combined with radiotherapy or
chemotherapy, it can achieve comparable clinical outcomes while requiring lower
doses of radiation or chemotherapeutic drugs (or improved clinical outcomes using
the same radio- or chemo-dose) [1]. This dose reduction is particularly benefi-
cial, as it helps minimize toxicity and side effects, which are major concerns in
conventional cancer therapies [2, 3]. More recently, hyperthermia has also been
investigated in combination with immunotherapy [4] and gene therapy [5], where
it has been reported to enhance or activate therapeutic efficacy. Moreover, clinical
evidence shows that HT used in combination with conventional cancer treatments
significantly enhances tumor response and improves patient survival rates [6, 7, 8,
9]. In addition, microwave hyperthermia employs non-ionizing radiation, ensuring
that additional radiation-induced toxicity is not introduced. This makes it an at-
tractive approach for improving cancer treatment efficacy while maintaining patient
safety.

2.1 Thermal therapies: overview
Thermal therapies have been utilized in medicine for centuries, with historical

examples in Indian, Roman and Greek civilization highlighting the therapeutic
benefits of heat [1]. The primary goal of these treatments is to achieve optimal
clinical outcomes while preserving healthy tissues.

The ability to regulate and maintain temperatures—both above and below phys-
iological levels—has led to diverse medical applications, including cryoablation for
tumor destruction, rheumatic disease treatment, hyperthermia for oncology, and
thermal surgery.
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Different thermal therapies vary in terms of target temperature, treatment du-
ration, and biological effects:

• Thermal Ablation: Involves heating tissues above 60◦C for 5–15 minutes,
leading to protein denaturation and membrane rupture. This method effec-
tively destroys cancerous tissue, which is later cleared by macrophages [10,
11]. A similar outcome can be achieved through cryoablation, which operates
at approximately −75◦C [12].

• Diathermy: Commonly used in physiotherapy, this technique applies mod-
erate heat up to 41◦C for 5 to 20 minutes across multiple sessions, promoting
muscle relaxation and pain relief [13].

• Hyperthermia: Utilizes temperatures between 40–44◦C for prolonged pe-
riods (around 60 minutes). Unlike thermal ablation, hyperthermia does not
induce direct tissue destruction but instead enhances the effectiveness of ra-
diotherapy, chemotherapy and immunotherapies over multiple treatment ses-
sions.

It is important to note that these classifications are not rigid, as treatment tem-
peratures and durations may vary across studies and clinical protocols. However,
the 40–44°C range for hyperthermia is widely accepted in the medical community,
particularly following guidelines established by the European Society for Hyper-
thermic Oncology (ESHO) [14].

2.2 Hyperthermia: state of the art
Microwave hyperthermia utilizes electromagnetic waves in the 300 MHz–3 GHz

frequency range to induce localized heating within biological tissues. Compared to
radiofrequency (RF) and ultrasound hyperthermia, microwave (MW) offer better
penetration depth and more precise energy deposition [15].

The heating process is governed by the Specific Absorption Rate (SAR), which
quantifies the rate of electromagnetic energy absorption in tissues. The efficacy of
microwave hyperthermia depends on various factors, including tissue dielectric and
thermal properties, applicator design, and treatment optimization.

Microwave hyperthermia systems employ different applicator configurations:

• Whole-body hyperthermia: Uses high frequencies (200–375 MHz) and in-
volves raising systemic temperatures to 38.5–40.5◦C for more than 3 hours or
40.5–42◦C for 1–2 hours.

• Superficial hyperthermia: Operates at 400–1000 MHz for localized heating of
tumors near the skin surface.
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Figure 2.1: The different types of Electromagnetic-Based Hyperthermia Tech-
niques [15].

• Deep hyperthermia: Uses frequencies below 100 MHz (regional), 100–300
MHz (loco-regional), or 300–1000 MHz (local) for targeted heating of deep-
seated tumors, often via phased-array antenna systems.

To improve radiation coupling and control of the heating spots, microwave hy-
perthermia systems commonly include a waterbolus. This device serves a dual role:
enhancing electromagnetic coupling between the applicator and the patient’s body
while simultaneously protecting superficial tissues from overheating. By reducing
the electromagnetic impedance mismatch between the antennas and the biological
tissues—since the relative permittivity of water is much closer to that of tissues

(a) (b)

Figure 2.2: Clinical integration of the HYPERcollar hyperthermia applicator in
two patients with tumors located in the (a) oropharynx and (b) nasopharynx/nasal
cavity [16]. The waterbolus, visible between the applicator and patient’s neck/head,
improves electromagnetic coupling and provides surface cooling.

5



Hyperthermia cancer therapy

than to that of air—the water bolus lowers reflection losses and improves the effi-
ciency of power delivery to deeper tumor regions [17]. Incorporating a waterbolus
into phased-array applicator design leads to improved focusing performance and
more predictable field distributions across heterogeneous tissues [18]. Furthermore,
by circulating water at controlled temperatures (typically 20–30 ◦C), the bolus
provides effective surface cooling, preventing skin damage and enabling the safe
application of higher power levels. Overall, the waterbolus is an essential com-
ponent for achieving both efficient energy transfer and patient safety in clinical
hyperthermia treatments (see Fig. 2.2).

2.3 Governing Physics
In order to clarify the physical principles underlying microwave hyperthermia,

we briefly recall the standard mechanisms of electromagnetic (EM) energy deposi-
tion in biological tissues [19, 20].

The interaction of microwave fields with biological tissue is typically investigated
using a macroscopic model including two key parameters: the relative permittivity
εr (unitless) and the effective electrical conductivity σ (units of S/m) [21]. The
relative permittivity describes the ability to polarize a material subjected to an
applied EM field [15]. The effective electrical conductivity embodies all electrical
losses in the material due to the currents driven by the EM field, as formalized
in well-known macroscopic tissue models (e.g., Cole–Cole, Gabriel-Gabriel mod-
els) [22, 23, 24, 25]. Both εr and σ are strongly frequency- and tissue-dependent,
with comprehensive datasets available in the IT’IS database [26]. The dielectric
properties of tumor tissue differ from those of normal tissue, reflecting changes in
tissue composition and structure [27, 28, 29].

It is worth noting that the dielectric properties typically used in numerical
hyperthermia studies—usually taken from the IT’IS database [26]— are measured
ex-vivo and may differ from the actual in-vivo values due to physiological variability,
temperature dependence, and patient-specific factors. For this reason, several tech-
niques have been proposed to retrieve in-vivo permittivity and conductivity distri-
butions directly from electromagnetic measurements, thereby reducing reliance on
tabulated ex-vivo data. Examples include quantitative electrical-property imaging
from amplitude-only data [30] and segmented contrast-source inversion approaches
for effective property mapping [31]. Although these methods lie beyond the scope
of this thesis, they represent complementary strategies that could enhance future
patient-specific hyperthermia treatment planning.
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2.3.1 Maxwell’s Equations
Maxwell’s equations describe the fundamental behavior of electromagnetic fields

and govern the interaction between electromagnetic waves and biological tissues.
In vacuum, they are expressed as [32]:

∇ · E(r, t) = ρ

ε0
, (2.1)

∇ · H(r, t) = 0, (2.2)

−∇ × E(r, t) = µ0
∂H(r, t)

∂t
, (2.3)

∇ × H(r, t) = ε0
∂E(r, t)

∂t
+ J (r, t). (2.4)

where ε0 and µ0 denote the permittivity and permeability of free space, respec-
tively; ρ is the charge density (C/m3); and E (V/m), H (A/m), and J (A/m2) are
the time-harmonic electric field, magnetic field, and current density at position r
and time t.

In biological tissues, which behave as lossy dielectric media, the power dissipa-
tion per unit volume due to time-harmonic fields is represented by [33]:

dpdiss

dV
= E(r, t) · J (r, t), (2.5)

To simplify the analysis, we express time-harmonic fields in their complex phasor
form as E(r, t) = ℜ{E(r)ejωt} and J (r, t) = ℜ{J(r)ejωt}, where ω = 2πf is the
angular frequency of operation. Substituting these expressions into (2.5) and taking
the time average over one period T = 1/f , the average power dissipated per unit
volume becomes: ⟨︄

dpdiss

dV

⟩︄
T

= 1
2ℜ{E(r) · J∗(r)}. (2.6)

By introducing the macroscopic constitutive relation J = σ E (with effective
conductivity σ), the expression in (2.6) simplifies to [21]:⟨︄

dpdiss

dV

⟩︄
T

= 1
2σ(r) |E(r)|2 , (2.7)

The quantity in (2.7) is the volumetric heat source (W/m3) generated by EM
absorption and we denote it with QEM :

QEM(r) = 1
2σ(r)|E(r)|2. (2.8)
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The convention adopted in Equation (2.8) assumes complex peak phasors; when
RMS fields are used, the prefactor 1/2 is omitted.

A metric widely adopted in MW hyperthermia [21] is the specific absorption
rate (SAR) (units of W/kg) which quantifies the rate at which the EM energy is
absorbed per unit mass of tissue [34]), defined as:

SAR(r) = QEM(r)
ρ(r) , (2.9)

so that:
SAR(r) = 1

2
σ(r)
ρ(r) |E(r)|2, (2.10)

where ρ (kg/m3) is the tissue mass density, at position vector r.

2.3.2 Bioheat Equation
As common in hyperthermia literature, the rise in tissue temperature caused

by the absorption of EM energy can be described using Pennes’ bioheat equation
(PBHE) [35]. The time-dependent form of the equation is given by:

ρCp
∂T

∂t
= ∇ · (k∇T ) − ρbCp,bωρ(T − Ta) + Qmet + QEM , (2.11)

where, k (W/m/◦C) is the tissue thermal conductivity, ρb = 1060 kg/m3 and Cp,b =
3890 J/kg/◦C are the volume density and specific heat capacity of blood, Ta = 37◦C
is the arterial blood temperature, and ω (ml/min/kg) is the tissue volumetric blood
perfusion rate. Moreover, QEM is the EM heat source related to SAR (Equation
(2.9)) and Qmet is the metabolic heat generation term. Qmet can be neglected in
local hyperthermia because, within the limited heated volume, it contributes orders
of magnitude less power than QEM , whereas in whole-body hyperthermia it must be
retained since it contributes to a significant fraction of the total heat and influences
the global energy balance. Throughout this thesis, Qmet is neglected, and the term
bioheat equation refers to Eq. 2.11 in its general form, while the steady-state bioheat
equation implies that the time-dependent term (∂T

∂t
) is neglected. Conversely, when

referring to the absence of a bioheat contribution, we mean that the last term in
Eq. 2.11 (i.e., ρbCp,bωρ(T − Ta)) is omitted. In this case, the equation is referred
to as the heat equation.

While PBHE is widely adopted for treatment planning due to its simplicity, more
detailed models (e.g., discrete vasculature models [36]) provide improved accuracy
but remain computationally demanding.

In summary, tissue heating under MW exposure arises from fundamental elec-
trodynamic principles: effective conductivity captures both conduction and dielec-
tric losses in a macroscopic sense. The SAR metric provides the standard bridge
(coupling) between EM fields and thermal response, and—combined with bioheat
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modeling—constitutes the accepted theoretical foundation for clinical hyperther-
mia.

2.4 Hyperthermia Treatment Planning and Op-
timization

Although clinical results show promise, achieving the desired optimal thermal
dose of 43◦C for an hour-long HT treatment is often hindered by hotspots in normal
tissues, which prevent the further increase of total power, impacting the ability to
reach the targeted thermal dose. Thus, maintaining precise temperature control
during HT treatment becomes evident, underscoring the importance of hyperther-
mia treatment planning (HTP). As outlined in clinical Quality Assurance Guide-
lines, the HTP workflow encompasses several critical steps [37, 38] (see Figure 2.3
for an overview):

1. Acquisition of CT or MRI images with the patient in the treatment position.

2. Creation of a full 3D patient model through manual, semi-automatic, or au-
tomatic segmentation of different tissue types.

3. The segmented patient model and a 3D model of the applicator are virtu-
ally inserted into an electromagnetic simulation software based on the Finite
Element (FEM) or Finite-Difference Time-Domain (FDTD) methods.

4. Tissue-specific electromagnetic and thermal parameters are assigned to the
individual tissues.

5. The phase and amplitudes of the antennas in the applicator are optimized
(through SAR- or Temperature-based optimization) to focus the heat in the
tumor target volume, while avoiding overheating of surrounding healthy tis-
sues.

6. Closed-tip thermometry catheters are placed interstitially, intraluminally, and/or
on the skin.

7. A CT scan is performed to accurately document the locations of the catheter
tracks.

8. In the hyperthermia treatment room, the patient is positioned according to
the planned alignment with the microwave applicator.

9. Optical thermometry fibers are inserted into the interstitial and intraluminal
catheters.
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10. Additional thermometry probes are placed on the skin and at the inflow and
outflow of the waterbolus.

11. The waterbolus is filled with demineralized water, which is circulated at a
temperature in the range of 20–30◦C.

12. The optimized phase and amplitudes are applied to the hyperthermia system
unit during the treatment session.

13. Power is stopped if temperature probes indicate the tolerance limit has been
reached or if the patient experiences pain.

14. If the procedure is halted due to a suspected hotspot, further evaluation
and adjustment (possibly reoptimizing the antenna) are performed before
continuing.

Figure 2.3: Hyperthermia Treatment Planning Stages [39].

2.5 Temperature Monitoring in HT
As mentioned in the previous section, during hyperthermia treatments, temper-

ature monitoring is crucial for ensuring treatment efficacy and minimizing thermal
damage to surrounding healthy tissues. Several thermometric techniques have been
investigated, but most are still under research and not yet established in routine
clinical practice. These approaches can be broadly classified into non-invasive and
invasive methods, each with specific advantages and limitations.

2.5.1 Non-Invasive Thermometry Methods
Non-invasive thermometry techniques measure temperature indirectly by an-

alyzing tissue properties affected by heat. The most well-known approaches are
based on Magnetic Resonance (MR), Computed Tomography (CT), Ultrasound
(US), and Infrared (IR) imaging [40]. Although promising, these methods are not
yet mature enough to be considered standard in clinical hyperthermia treatments.
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MR thermometry, for example, is an evolving field but suffers from several
limitations: it currently provides only relative temperature changes rather than
absolute values, is hampered by field heterogeneity, subject to inaccuracies in the
presence of (e.g., respiratory) motion, and has difficulties measuring in fatty tissues.
Widespread application of MR thermometry is also limited by the high cost of
operating MRI scanners, their scarce availability, and the challenges involved in
applying thermal therapies inside an MRI system. CT thermometry having the
same limitation of MR thermometry is additionally limited by ionizing radiation
exposure, making it unsuitable for long-duration HT sessions. IR imaging, on
the other hand, is restricted to superficial temperature assessment and is mainly
used for laboratory studies rather than in vivo applications. US thermometry,
which estimates temperature changes based on variations in acoustic properties,
offers real-time monitoring and thus potential guidance for HT treatments, but
its effectiveness is limited by poor penetration depth and sensitivity to motion
artifacts.

2.5.2 Invasive Thermometry Methods
On the other hand, invasive methods, which are significantly more cost-effective

than imaging systems, require direct sensor insertion into the target tissue. The
most commonly used sensors include [40, 41]:

• Thermistors: Low-cost resistive temperature sensors with high sensitivity in
the clinical temperature range and typical accuracies of approximately 0.1–
0.2◦C. However, thermistors provide only point measurements and may be
affected by self-heating and electromagnetic interference in microwave hyper-
thermia [42].

• Thermocouples: Inexpensive and fast-responding (<1◦C accuracy, response
time <1s). However, they provide only point measurements and are suscep-
tible to electromagnetic interference, which may lead to errors in microwave
hyperthermia. With proper material selection and coatings, thermocouples
can also be made biocompatible for medical use.

• Fiber Optic Sensors (FOSs): Unlike thermocouples, FOSs are immune to
electromagnetic interference and have low thermal conductivity. Two main
types are commonly used in hyperthermia applications:

– Fiber Bragg Grating sensors (FBGs): Measure temperature varia-
tions through changes in reflected light wavelength [43].

– Fluoroptic sensors: Use fluorescence decay time to determine temper-
ature, offering high precision (∼0.3◦C) [44].
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– Gallium arsenide (GaAs) bandgap sensors: Measure temperature
through shifts in the optical absorption edge and provide high accuracy
and stability in microwave hyperthermia [45].

While non-invasive methods are appealing due to their ability to measure tem-
perature without physical contact, their clinical implementation remains limited by
cost, accessibility, and accuracy. In contrast, invasive techniques, particularly FOS
probes encased in closed-tip catheters, provide highly accurate and localized mea-
surements, making them the preferred choice for real-time temperature monitoring
in clinical hyperthermia treatments. However, the accurate thermometry infor-
mation is strictly limited to a scarce number of point and the insertion locations,
and their use must be reduced to the bare minimum to avoid severe treatment-
related morbidities. Furthermore, encasing temperature sensors within closed-tip
catheters introduces a thermal response delay and a measurement offset due to the
catheter material and geometry. These effects can be characterized and compen-
sated through calibration procedures, although the presence of the catheter may
slightly perturb the local temperature distribution in surrounding tissue. In par-
ticular, under uniform temperature conditions, the catheter does not distort the
temperature distribution, whereas any induced error becomes more relevant in the
presence of thermal gradients [46, 47].

Ultimately, the choice of thermometry method depends on factors such as the
treatment modality, available equipment, and the clinical setting.

2.6 Challenges and Future Directions
Despite significant advancements, microwave hyperthermia still faces several

challenges that limit its widespread clinical adoption. These challenges can be
broadly categorized into technological, physiological, and clinical aspects.

• Temperature Monitoring: Accurate real-time thermometry remains a
challenge. While MR thermometry offers high-resolution temperature map-
ping, its high cost, complexity (dedicated radiologist and technical person),
logistics, motion sensitivity, and limited availability hinder routine clinical
use. Invasive thermometry, such as fiber optic sensors, provides localized
temperature measurements but lacks comprehensive spatial coverage.

• Energy Deposition and Control: Achieving precise and homogeneous
heating in deep-seated tumors requires advanced applicator designs and real-
time feedback mechanisms. The interaction of microwaves with heterogeneous
tissue structures, variations in perfusion, and patient-specific anatomical dif-
ferences complicate treatment planning.
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• Treatment Optimization: Personalized HTP is crucial to maximize ther-
apeutic efficacy. Current HTP methods rely on electromagnetic and thermal
simulations, but these require further refinement to accurately predict tem-
perature distributions in real time.

Future research should address the current lack of methods capable of providing
reliable, real-time temperature maps across the entire treated region—a limitation
that affects not only hyperthermia but all thermal therapies. Invasive thermal
probes remain the clinical standard due to their high accuracy, yet they only pro-
vide information at a very limited number of points and locations and their use
must be minimized to reduce patient discomfort and treatment-related morbidi-
ties. On the other hand, simulations can deliver the required spatial information
but cannot be fully relied on for temperature monitoring. Their large uncertainties
in tissues’ dielectric and thermal properties, which vary between patients and even
during treatment. Alternative non-invasive techniques, such as MR thermometry,
are still confined to the research stage and rely on expensive, complex equipment
not easily applicable to HT routine clinical workflows. These limitations clearly
underline the need for novel approaches that can deliver accurate and spatially
resolved temperature map in real time, thereby enabling safer and more effective
clinical hyperthermia treatments.
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Chapter 3

Experimental Setup and
Numerical Modeling for
Microwave Hyperthermia

3.1 Introduction
To validate new methods for hyperthermia application under controlled and re-

producible conditions, a realistic physical benchmark model and its corresponding
numerical counterpart are therefore required. This chapter presents the develop-
ment and validation of a tissue-mimicking phantom for microwave hyperthermia in
the Head and Neck (H&N) region and its integration into an experimental testbed.
It then describes the implementation of a corresponding digital twin in COMSOL
Multiphysics [48], providing a simulation environment to complement and validate
the experimental setup. The overall objective is to establish a controlled research
framework that enables precise heating localization and supports treatment opti-
mization.

The chapter is organized as follows:

• Section 3.2 describes the tissue-mimicking H&N phantom, including mate-
rial composition, preparation process, and dielectric/thermal property char-
acterization.

• Section 3.3 details the experimental setup and its digital twin, describing
the phantom implementation in a physical experimental testbed and its cor-
responding simulative counterpart in COMSOL Multiphysics.
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Figure 3.1: Preparation of the semi-solid agar mixture using an electric hotplate
and a temperature probe.

3.2 Tissue-Mimicking Phantom Development
This section highlights the key findings presented in the IEEE International

Symposium on Antennas and Propagation and ITNC-USNC-URSI Radio Science
Meeting [49].

The development of new medical devices and techniques requires performing
tests with physical anatomically realistic tissue mimicking materials (TMMs), with-
out risk to animals or humans [50]. To this purpose, a plethora of different phantom
recipes has been developed for distinct medical applications, to mimic the dielec-
tric properties of tissues in the frequency range of interest according to the values
reported in specific databases [26, 51].

One of the medical context requiring the use of phantoms for applicator design
and testing is microwave hyperthermia. This work is focused on the development
of an easily reproducible, inexpensive, semi-solid phantom, used to estimate in a
physical scenario the thermal dose delivered to a tumor target by means of a hyper-
thermia antenna array applicator surrounding the phantom. The recipe reported
in [52] was slightly modified to create an agar-based phantom with repeatable den-
sity, thermal and dielectric properties similar to those of human muscle tissue at 434
MHz, for reliable temperature measurements with fiber optic sensors. This choice
is motivated by the fact that the neck is predominantly composed of muscle and
soft tissues; therefore, when patient-specific imaging and detailed tissue composi-
tion are unavailable, assuming muscle-like properties for the healthy background is
a practical and reasonable approximation.
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Figure 3.2: a: Neck phantom container with the agar-based phantom; b: target
sphere representing the tumor; c: view of the complete neck phantom with the
tumor target inside.

3.2.1 Preparation method
The ingredients and the proportions by weight used to create the semi-solid

TMM employed in our experiments are: demineralized water (εr = 79.53, σ = 0.05
S/m) (58.44%), agar-agar powder (5%), sugar (35%), salt (NaCl) (1.4%) and some
drops of disinfectant solution (0.16%) (we used Amuchina 100%®). After heating
the water to 90◦C (see Figure 3.1), the pot is removed from the heat source and
the agar-agar powder is mixed in. Then, while stirring continuously, the pot is
repositioned on the heating source, and the sugar and salt are added. When the
mixture becomes smooth and without lumps, it is removed from heat and the disin-
fectant drops are introduced to the mixture. After pouring it into the neck-shaped
container (Figure 3.2a), the phantom solidifies quickly. The reported proportions
have been determined after several refinements with the aim of reproducing the
dielectric parameters reported in [53].

To simulate the presence of a tumor target with a different electrical conductivity
(see Figs. 3.2b,c) (strongly increased to stress the difference with respect to the
surrounding medium), it was simply necessary to increase the quantity of salt from
1.4% to 2.83%. A few drops of red food coloring were then added for visualization
purpose, without altering the dielectric properties of the mixture.

3.2.2 Characterization
Tables 3.1 and 3.2 report the estimations of the relative permittivity (εr) and

the electrical conductivity (σ) measured during different experimental sessions in
which the finalized phantom recipe was prepared to perform hyperthermia experi-
ments. In each session, the measurement of the parameters was repeated N times;

17



Experimental Setup and Numerical Modeling for Microwave Hyperthermia

Table 3.1: Dielectric properties of the main phantom at f = 434 MHz evaluated
with the Method 1 during different experimental sessions

Session ϵ̄r (-) SDOMϵr σ̄ (S/m) SDOMσ (S/m)
Feb (N = 11) 58.04 0.64 0.86 0.02
Jun (N = 13) 59.81 1.08 1.10 0.05
Jul (N = 6) 57.70 0.85 0.99 0.04

Weighted average 58.16 ± 1.29 0.95 ± 0.05 S/m

Table 3.2: Dielectric properties of the main phantom at f = 434 MHz evaluated
with the Method 2 during different sessions

Session ϵ̄r (-) SDOMϵr σ̄ (S/m) SDOMσ (S/m)
Jun (N = 2) 59.84 3.25 0.86 0.11
Jul (N = 8) 58.88 1.20 0.88 0.03

Aug (N = 10) 57.41 0.57 0.87 0.02
Weighted average 57.99 ± 1.49 0.87 ± 0.05 S/m

Table 3.3: Dielectric and thermal properties of the implemented phantoms

Material ϵr (-) σ (S/m) ρ (kg/m3) k (W/m◦C) Cp (kJ/kg◦C)
Literature 59[53] 0.89[53] 1090 ± 23[26] 0.49 ± 0.01[26] 3.42 ± 0.21[26]

Neck phantom 58.09 ± 0.98 0.91 ± 0.04 1138.27 ± 3.56 0.50 ± 0.01 3.20 ± 0.07
Tumor target 58.73 ± 0.06 1.568 ± 0.004 - - -

the best estimate was evaluated as the average value and the error as standard
deviation of the mean (SDOM). The measurements reported in Table 3.1 were car-
ried out using a Keysight ® open-ended coaxial probe, and analyzing the resulting
reflection coefficients using the Marsland–Evans simplified solution (Eq. (5) in [54])
under the three calibration configurations (short circuit, open in air, and probe in
water) (Method 1). Table 3.2 reports instead the measurements performed using
a commercial dielectric probe (Method 2) [55]. The dielectric properties of the
phantom evaluated with the two methods are then computed as weighted averages.
A further weighted average is performed between the two methods to provide the
final estimations reported in Table 3.3.

Table 3.3 also reports an estimation of the volume density of the agar neck
phantom, performed using three equal square samples with known mass and vol-
ume. Finally, the thermal conductivity (k) and the heat capacity (Cp) reported in
Table 3.3 were each estimated using two independent methods: one implemented
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at the Department of Applied Science and Technology (DISAT), Politecnico di
Torino [56], and the other at the Department of Energy (DENERG), Politecnico
di Torino, using the heat flux meter apparatus Lasercomp FOX600 [57]. The final
values were obtained as weighted averages of the two corresponding estimates.

For the tumor target phantom, we only estimated the dielectric properties using
the Method 2 [55] (see Table 3.3). Unlike the neck phantom, in this case measure-
ments were performed within a single session, so the estimated error is relatively
smaller. The computed error for the tumor dielectric properties, evaluated using 4
repeated measurements from the same experimental session, are reported in Table
3.3. A dedicated experimental characterization of the tumor target thermal prop-
erties (and density) was not performed in this study; this represents a limitation
since recipe variations (e.g., added salt) may also affect these parameters, and will
be addressed in future phantom iterations.

3.2.3 Results and discussion
As reported in Tables 3.1 and 3.2, the dielectric parameters measured during

the different experimental sessions show an excellent agreement, highlighting the
strong reproducibility of the considered phantom. Furthermore, as shown in Table
3.3, the estimated values show a satisfactory alignment with the literature values
we aimed to reproduce.

The thermal characterization, implemented with two different methods, provide
thermal parameters very close to those of the muscle tissue (see Table 3.3); this is
important in biomedical applications as microwave hyperthermia, where thermal
parameters play a crucial role.

Finally, the considered recipe proved to be highly versatile, allowing to change
the dielectric properties of the resulting phantom by simply varying the propor-
tions of salt and sugar. It should be noted, however, that these dielectric proper-
ties are frequency-dependent; therefore, matching the targeted dielectric properties
reported in the IT’IS database at the operating frequency of 434 MHz does not
necessarily guarantee matching at other hyperthermia frequencies (e.g., 915 MHz)
with the same phantom.

3.3 Experimental Setup and its Digital Twin
This part presents an expanded discussion of the published work presented in

COMSOL conference [58].
Following the principles of Hyperthermia Treatment Planning (HTP), an ex-

perimental mock-up was developed that replicates a typical hyperthermia applica-
tor designed for treating deep-seated and sub-superficial tumors in the head and
neck (H&N) region [18, 59]. This section details the experimental testbed and its
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in-silico counterpart, the so-called digital twin, implemented in COMSOL Multi-
physics. The validation of the developed digital twin is detailed in the next chapter
(See section 4.3).

(a) (b)

Figure 3.3: (a) Experimental prototype reproducing an HT applicator for deep-
seated and sub-superficial tumors in the H&N region. (b) Digital twin of the
implemented mock-up developed using COMSOL Multiphysics.

3.3.1 Experimental Testbed
The experimental mock-up reproducing our HT setup is composed of four main

elements: a tissue-mimicking phantom representing the human neck, a circular
array of eight patch antennas as HP applicator, the electronic control system for
antenna feeding, and temperature monitoring system. This experimental mock-
up is demonstrated in Figure 3.3 along with its in-silico counterpart, developed
in COMSOL Multiphysics, which enables detailed electromagnetic and thermal
simulations for HTP.

Prototype Design

The experimental prototype consists of a Poly(methyl methacrylate) (PMMA)
octagonal frame (circumradius = 20 cm, height = 12 cm) designed to hold the
antenna array. This frame is positioned on a square base (side = 45 cm, thickness
= 5 mm). The frame also hosts a hollow PMMA cylinder (outer diameter = 12.4
cm, inner diameter = 11.8 cm, height = 12 cm) which is placed at the center of the
octagonal container and is used to model the neck of the patient.

Inside the cylinder reproducing the neck, a solid PMMA cylinder (diameter =
45 mm) and a hollow cylinder (outer diameter = 20 mm, inner diameter = 16 mm)
are positioned to reproduce the presence of the spine and the trachea. In order
to recreate the muscle tissues in the neck, a properly developed in-house muscle
phantom which has been detailed in section 3.2, is used to fill the central cylinder
(See Figure 3.1).
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The space between the walls of the octagonal container and the central phantom
is filled with demineralized water, which forms the so-called waterbolus [18] and
acts as the coupling medium in which the patch antennas are immersed. Finally,
thin copper foils cover the outside walls of the octagonal PMMA container; this
metallization was introduced for practical/compatibility reasons and was included
in all simulations.

The dielectric and thermal properties of the materials used in this mock-up are
detailed in Table 3.4 (refer to section 3.2.2 for characterization details).

(a) (b)
Figure 3.4: (a) Perspective and side view of the designed antenna with the optimized
parameters. (b) Top view of the hyperthermia mock-up simulated in COMSOL.

Antenna Array

The patch antenna forming the array was the result of an optimization and
refinement procedure involving both the antenna as a single element and as part of
the array. To provide a robust support for the antenna, both the ground and the
patch have been printed on layers of I-Tera MT40 (εr = 3.45, tanδ = 0.0031) with
thickness 0.508 mm and 0.254 mm, respectively. With reference to Figure 3.4a, the

Table 3.4: Dielectric and thermal properties of the materials used in the mock-up
at f = 434 MHz and room at temperature.

Material ρ (kg/m3) εr (−) σ (S/m) k (W/m◦C) Cp (kJ/kg◦C)
PMMA 1410 2.33* 10−4* 0.39 1.4
Water 997 79.53* 0.047* 0.6 4.18
Muscle phantom 1138.27 ± 3.56* 58.09 ± 0.98* 0.91 ± 0.04* 0.50 ± 0.01* 3.20 ± 0.07*

* Experimentally measured
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length (Lp) and the width (Wp) of the patch, together with the distance of the patch
from the ground (hp) and the distance of the coaxial feed to the edge of the patch
(xf ), have been optimized in CST Microwave Studio [60] using a simplified layout,
where the antenna is immersed in a water domain and the phantom is replaced by
two finite dielectric layers reproducing the PMMA wall of the neck container and
the agar-based phantom [17]. The distance of the patch antenna from the PMMA
layer was fixed to 8 cm, which is approximately twice the minimum distance at
which the reflection coefficient becomes stable.

The resulting optimized parameters were found to be: Lp = 33.85 mm, Wp =
7.13 mm, hp = 9 mm, and xf = 5.66 mm. The antenna parameters optimized in
this simplified layout have been refined by considering the antenna as part of the
array in the in-silico counterpart of the prototype realized in the COMSOL (see
Figure 3.4b). This refinement only resulted in increasing the distance between the
antenna ground and the patch element hp to 10.5 mm. When considering the entire
mock-up, other parameters have been refined to avoid undesired reflections, such as
the distance between the antenna ground and the PMMA wall, fixed at 13.5 mm.

Figure 3.5: Comparison of simulated reflection coefficients for a single antenna
optimized in a simplified layered scenario versus its performance as part of an 8-
element array, alongside experimental measurements.

Figure 3.5 compares the curves of the reflection coefficient evaluated for the
single antenna optimized in the simplified layered scenario, the antenna being part
of the prototype model, and the antenna experimentally realized in the complete
hyperthermia mock-up. A good agreement is observed among the different curves,
and a bandwidth (-15 dB) of 20 MHz is achieved around the central frequency (434
MHz).
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Electronic Setup

(a) (b)

Figure 3.6: (a) Overview of the complete experimental apparatus. (b) Insets show-
ing the position of the tumor target and the FBG arrays before (top) and after
(bottom) the introduction of the agar mixture reproducing the muscle tissue.

In order to effectively administer a thermal dose, the heat applied to the target
region must be delivered continuously and with minimal losses [61]. To achieve this,
the feeding coefficients of the antennas need to be properly optimized (this will be
fully discussed in Section 4.2), then accurately delivered to the array and kept
constant throughout the entire heating session, ensuring stable and efficient energy
deposition in the target region. During the heating sessions of this project, this is
achieved using a closed-loop electronic control system that supplies the appropriate
power to each antenna while simultaneously feeding them with a constant amplitude
and phase. Figure 3.6a shows the experimental prototype with part of the electronic
components. The first element of the electronic chain is a signal generator (HP-
Agilent/Keysight 8648A) operating at 434 MHz, whose output is connected to a
1:8 power splitter to feed the antennas of the array. The phase and the amplitude
delivered to each antenna are voltage-controlled by means of a phase shifter (PS)
and a voltage gain amplifier (VGA), respectively. A closed-loop electronic control
system was implemented to correctly set the PS and VGA input voltages via a
microcontroller unit (MCU) and a 16-bit DAC board. A dedicated power amplifier
(PA) collects the low-power signal exiting each PS, amplifying it before feeding
the antenna. The block diagram of the feeding network shown in Fig. 3.7. The
sensing topology was selected to acquire both forward and reflected signals at a low-
power directional-coupler monitoring port, which is required to compute the active
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Figure 3.7: Block diagram of the antenna array feeding network. Only 4 of the 8
channels are depicted for clarity.

reflection coefficients while keeping the microcontroller isolated from high-power
RF levels. Measuring reflected power at the circulator port could reduce cross-
coupling under large mismatch, but would require additional protection to avoid
exposing the microcontroller to high-power back-reflections. In addition, high-
reflection operating conditions are discouraged by the optimization itself through
the active-reflection penalty term introduced in the cost function (see eq. (4.6)).

To mitigate the temperature increase in the waterbolus due to the electromag-
netic heating, the demineralized was circulated and passed through an external
water-cooling radiator by means of two pipes and a pump (see the in- and outflow
directions of the pipes in Figure 3.6a).

During the experimental session, a target sphere with radius rt = 15 mm was
introduced in the neck container before pouring the agar mixture reproducing the
neck phantom (see Figure 3.6b).

Temperature Measuring Systems

To measure the temperature in the realized mock-up in different locations and in
real time, a system of Fiber Optic Sensors (FOS) has been considered. In particular,
we used arrays of Fiber Bragg Grating (FBG) sensors inserted in thin glass catheters
(OD = 1.5 mm, ID = 1 mm) and then placed into the neck phantom to measure
the temperature along the vertical axis as shown in Fig. 3.8. Table 3.5 reports the
coordinates in the xy plane of the arrays numbered in Fig. 3.8a and the positions
along the z-axis of the corresponding FBG sensors (Fig. 3.8b).

The Array 1 is inserted in the center of the tumor target sphere, while the
Array 4 is placed in the hollow cavity of the cylinder reproducing the trachea.
The sampling time-interval is 3s for the arrays 1,3, and about 12s for the arrays
2,6. To correctly position the catheters along the vertical axis, a support placed at
the bottom of the neck and a cap with small hollow cylinders were purposely 3D
printed. The circular holes in the cap shown in Fig. 3.8a serve to pour the agar
uniformly inside the neck cylinder once the tumor target and the catheters have
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Table 3.5: Coordinates of the FBG sensors along the different arrays

Array x (mm) y (mm) z (mm)
1 -30 -15 z1

2 0 -15 z2

3 30 -15 z3

4 0 -37 z2

z1 = (30, 20, 15, 10, 5, 0, −5, −10, −20)
z2 = (40, 30, 20, 15, 10, 5, 0, −5, −10, −15, −20, −30, −40)
z3 = (30, 20, 10, 0, −10)

been positioned. Temperature data were acquired and processed using the Micron
Optics HYPERION si255, which is an industrial sensing interrogator that allows
for rapid, full-spectrum data acquisition and visualization (see Fig. 3.6a).

(a) (b)

Figure 3.8: (a) Positions of the arrays of FBGs on the xy plane. (b) z-coordinates
of the FBGs along the arrays (the Array 1 passing through the tumor target is
depicted as an example).
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3.3.2 COMSOL Model
As previously mentioned, the digital twin of the constructed HT mock-up, il-

lustrated in Figure 3.3b, was implemented in the simulation software COMSOL
Multiphysics, starting with the proper design of the geometry. Later, the experi-
mentally measured dielectric and thermal properties of the fabricated phantom [49]
were integrated into the RF simulation domain. LiveLink for MATLAB was then
used to optimize the antenna array coefficients, focusing power deposition (specific
absorption rate, SAR) on a target sphere representing the tumor while minimizing
the risk of hotspots in surrounding healthy tissue. The BioHeat Transfer (BT) Mod-
ule was then used to generate the temperature distribution. This section details
additional specifications regarding the simulation of the implemented HT mock-up
in COMSOL Multiphysics.

Geometry and Material properties

The geometry of the simulated prototype was established in accordance to the
dimensions of the physical model described in section 3.3.1. Similarly, the material
properties of each component are defined in reference to their physical counterpart
(See Table 3.4).

(a) (b)

Figure 3.9: (a) The top view layout of the HT mock-up (b) Digital twin of the
implemented mock-up developed in COMSOL Multiphysics environment.

Physics and Boundary Conditions

In COMSOL Multiphysics, defining boundary conditions is essential for accu-
rately modeling interactions between different materials and capturing physical
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phenomena at specific surfaces and edges. These conditions help approximate real-
world system behavior within a constrained computational domain.

(a) (b)

Figure 3.10: PEC Boundary Condition.

For the electromagnetic simulation, the antennas and the external walls of the
octagonal frame are assigned as Perfect Electric Conductors (PEC), representing
them as idealized lossless metallic surfaces. As depicted in Figure 3.10, the PEC
boundary condition ensures that all incident electromagnetic waves are reflected
by enforcing a zero tangential electric field along the designated surfaces. This as-
sumption provides a reasonable approximation for modeling the copper components
of the antennas and the thin copper layers lining the outer walls of the prototype.

(a) (b) (c)

Figure 3.11: Heat Flux Boundary Conditions

The bioheat transfer simulation needs to be completed by the boundary condi-
tions, which describe the thermal interaction of the system with the surrounding
environment [27]. The initial temperature in the neck phantom was fixed according
to the average temperature read by the FBG sensors at the beginning of the heating
session. To describe the interaction of the neck phantom with the air and the water
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of the waterbolus, the convective heat flux boundary condition was used, defined
as:

n̂ · (k∇T ) = h (Text − T ) , (3.1)
where n̂ is the unit vector normal to the boundary, h (W/(m2◦C)) is the heat
transfer coefficient, and Text is the external reference temperature. The boundary
condition (3.1) was applied at the following interfaces (See Figure 3.11): phantom
lateral walls–waterbolus (hwb), phantom upper boundary–air (htn), phantom lower
boundary–air (hbn). A heat flux boundary condition was applied at the interface
between the bottom of the phantom and the air since during the heating session
the prototype was lifted from the bench with proper supports to avoid thermal
insulation. The internal air was included in the computational domain hence no
boundary conditions were applied on the hollow cylinder representing trachea. The
temperatures (Text in (3.1)) of the surrounding air and the waterbolus were set to
their corresponding values measured during the heating session. Then, the best
values of the heat transfer coefficients have been obtained by varying these param-
eters in COMSOL in order to minimize the average absolute difference between
measured and simulated temperatures, assuming that all measurement points are
known at all times.

Mesh Construction

(a) (b)

Figure 3.12: (a) Finite Element mesh of simulated prototype in COMSOL, (b)
Spherical Perfectly Matched Layers (PML) considered in EM simulation. Note
that only half of the sphere is shown here for visualization purposes.
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COMSOL Multiphysics employs the finite element method (FEM) to numer-
ically solve complex physical equations, which are often represented by partial
differential equations (PDEs) that lack analytical solutions [62]. The software ap-
proximates these equations over discrete points within the computational domain,
and the mesh defines the resolution of these approximations.

The accuracy of numerical solutions depends on mesh density—a finer mesh
enhances solution precision but also increases computational complexity. Conse-
quently, a balance between accuracy and computational efficiency must be main-
tained. For this study, as shown in Figure 3.12a, a tetrahedral mesh is applied, with
localized refinement near geometric edges to enhance accuracy where needed.

Additionally, as shown in Figure 3.12b, a Perfectly Matched Layer (PML) was
incorporated to simulate an open-boundary domain, enabling accurate electromag-
netic wave propagation and energy absorption without spurious reflections or non-
physical artifacts.
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Chapter 4

SAR-based Optimization

This chapter reports the main contents and results of the published article [63].
As already mentioned, in microwave hyperthermia, the electromagnetic fields

are externally generated and coupled into the patient body via antenna applicators
in order to increase the temperature of tumor cells. As a result, the primary goal is
to shape the power deposition (specific absorption rate, SAR), with focusing in the
tumor region and minimizing the risk of hotspots in the surrounding healthy tissues.
For non-superficial tumors, phased array antennas are used to achieve this focusing.
Finding patient-specific optimal antenna feeding coefficients represents an essential
step to ensure an effective and safe administration of the heating. In this Chapter,
we present a way to optimize the array power transfer effectiveness (impedance
matching) that does not deteriorate the spatial power deposition performance. A
global optimization approach is adopted, using a cost function properly tailored to
incorporate the active reflection coefficients of the array and the Hotspot-to-Target
SAR Quotient (HTQ) – the latter being the standard in hyperthermia applications.
The effectiveness of the technique has been demonstrated in a scenario relevant to
the treatment of tumors in the neck region. The results show that our method
significantly improves antenna matching without compromising the HTQ, achieving
values within the recommended limits. The performance of the proposed approach
has also been experimentally tested with full heating in the setup described in
Section 3.3.

4.1 Introduction
Building on the established clinical role of HT as an adjuvant to radiother-

apy and chemotherapy, and on the treatment planning framework introduced in
Chapters 2 and 3, this chapter focuses on the joint optimization of antenna system
matching and specific absorption rate (SAR). The physical principle of hyperther-
mia relies on the absorption of microwave radiation by biological tissues, which
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induces molecular motion and localized heating [20, 64]. The localized heating im-
proves the penetration of chemotherapy drugs into the tumor cells, and increases
the sensitivity to radiation, making HT a potent sensitizer for chemotherapy and
radiotherapy.

For the treatment of sub-superficial and deep-seated tumors, phased-array an-
tenna applicators are commonly employed [15, 65]. These are typically combined
with a waterbolus, which prevents skin overheating while improving electromag-
netic coupling into the body [66].

As described in Sec. 2.4, hyperthermia treatment planning (HTP) is a key step
in clinical practice, recommended by current guidelines [67] to determine the set of
optimal steering parameters (amplitude and phase) for each antenna in the applica-
tor array [68]. Patient-specific numerical simulations are employed in state-of-the-
art clinical approaches [39], involving electromagnetic simulations of the segmented
model of the patient’s region of interest (ROI) obtained from CT or MRI scans [38],
as well as the geometry of the applicator. Central to all optimization techniques
described in the literature is the optimization of the antenna feedings to maxi-
mize power deposition within the tumor region while minimizing the occurrence of
hotspots on the surrounding healthy tissues.

4.1.1 State-of-the-Art
The actual medium in which the array operates is patient-specific, and hence

different in all applications. Hence, the antennas are usually designed to operate
in an average situation, which typically corresponds to the coupling medium alone
in the entire region of interest (e.g. waterbolus [18] for deep-seated tumors); the
antenna geometry and array layout are designed to have low reflection (Sii) at each
port and low inter-element coupling (Sij) in that reference situation.

Current optimization techniques employed in clinical settings are either
temperature-based [37] or SAR-based [69, 70, 71]. The temperature-based ap-
proach aims at directly optimizing temperature distribution within the tumor and
in the surrounding tissues, yet the outcome can be affected by the uncertainty
characterizing thermal parameters [72, 73]. Conversely, SAR-based optimization
techniques exploit SAR as a surrogate metric, which correlates strongly with tem-
perature increase and exhibits lower computational complexity while yielding fa-
vorable treatment outcomes [74]. Both SAR- and temperature-based methods are
currently in use in the clinical setting while both require real-time adjustments dur-
ing treatment [69, 75]; with SAR-based optimization being favored for its efficiency,
which will be the focus of this study.
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4.1.2 Innovation
State-of-the-art array coefficient synthesis approaches optimize SAR (or tem-

perature) distribution, but do not consider the array impedance mismatching due
to operating in a situation (patient) that differs from the array design environment.

The objective of this paper is to optimize the array antenna matching in the
presence of a given patient medium, without affecting the SAR deposition profile
performance. To the best of the authors’ knowledge this has not been addressed
yet in the existing literature.

The presented approach significantly improves antenna matching without com-
promising the Hotspot-to-Target SAR Quotient (HTQ). The proposed technique is
demonstrated in an environment representative of HT in the neck region; the ap-
proach is first validated on an “in-silico” (simulative) model of the setup, followed
by an experimental validation using a physical phantom.

The proposed method has general applicability to sub-superficial and deep-
seated tumors located in all regions of the human body that (intrinsically) require
the use of phased array applicators for energy focusing. In our present application,
we will focus on deep-seated tumors in the H&N region; the underlying microwave
HT system has been demonstrated in other studies for several other anatomical
districts [18, 59, 14].

4.2 Joint Optimization Approach
The primary objective of SAR-based optimization is to maximize power de-

position within the tumor region while minimizing the risk of overheating in the
surrounding healthy tissues; we recall the definition of the specific absorption rate
(SAR):

SAR(r) = σ(r)
2ρ(r) |E(r)|2 (4.1)

where: σ (S/m) is the electrical conductivity, ρ (kg/m3) is the tissue mass density,
and E (V/m) represents the total electric field (using the peak value convention),
all evaluated at position vector r. The total electric field can be expressed as a
superposition of the electric fields generated by each antenna of the N−element
array acting as standalone and the unknown excitation coefficients, i.e.:

E(r) =
N∑︂

n=1
ν̃n en(r), (4.2)

where en(r) is the field generated by the nth antenna when fed by unitary excita-
tion, while ν̃n is the nth antenna excitation coefficient – considering both amplitude
and phase – as part of the array, which can be conveniently expressed as:

ν̃n = ν0ξneiφn , (4.3)
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where φn ∈ [0,2π) represents the phase, ξn ∈ [0,1] denotes the normalized amplitude
coefficient ,and ν0 =

√
2R0P0/∥ξ∥2 is a constant amplitude coefficient, being R0 =

50 Ω the reference impedance of each antenna, P0 the total power delivered to the
array, and ∥·∥2 the Euclidean norm. Note that the fields en(r) in (4.2) are obtained
in the actual situation, i.e., considering the actual scenario (patient and applicator),
and are the extension of the embedded pattern concept [76].

The standard cost function to be minimized in SAR-based optimization is the
Hotspot-to-Target SAR Quotient (HTQ) [69], defined as:

HTQ = ⟨SAR V1⟩
⟨SAR target⟩

, (4.4)

where ⟨SAR V1⟩ is the average SAR in V1, being V1 the 1% of the healthy volume
with the highest SAR [66, 77], and ⟨SAR target⟩ is the average SAR in the target
region. While the goal of the standard SAR-based optimization is to minimize the
HTQ, reaching a value of HTQ ≤ 1 is considered acceptable in clinical settings [78].

Antenna array matching is described by the active reflection coefficients Γa
n at

the antenna ports [76, 79]:

Γa
n = Snn +

∑︂
m /=n

Snm
ν̃m

ν̃n

, (4.5)

where S is the scattering matrix, and ν̃1, ..., ν̃N are the considered excitation coef-
ficients. Throughout this paper, the magnitude of the reflection coefficient will be
expressed in dB as common in the related literature, i.e. 20 log |Γ| is intended when
reporting the value in dB.

In this article we propose an optimization method that includes active reflection
coefficients bounding into the cost function. It is apparent that array matching
imposes additional constraints to the optimization; hence, SAR performance is
expected to be affected, with respect to the case in which no such constraints are
enforced. Hence, it is recognized that absolute minimization of active reflection
coefficients is not the best strategy: it is instead more expedient to require that the
active reflection coefficients are lower than a given threshold (typically acceptable
threshold is Γth = −10 dB). To achieve this joint optimization, we define the cost
function F as:

F = α HTQ + (1 − α)
N∑︂

n=1
fn, fn =

⎧⎨⎩0 if |Γa
n| ≤ Γth

1/N if |Γa
n| > Γth

(4.6)

here, α is a weighting factor and Γth is a threshold value.
For the optimization, we employed a particle swarm optimization (PSO) algo-

rithm [80, 81]. We found that α = 0.5 was the best choice, consistent with the fact
that after a few iterations the HTQ is on the order of 1.
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4.3 Application and Validation
The optimization method introduced in Sec. 4.2 was validated using the experi-

mental testbed and its digital twin in COMSOL Multiphysics, previously described
in Chapter 3. For completeness, only a brief recall of the setup is provided here,
while full details on phantom preparation, material characterization, and prototype
design can be found in Sections 3.2–3.3.

The testbed considered for the verification of the proposed procedure is a mock-
up reproducing a typical HT applicator used for treating deep-seated and sub-
superficial tumors in the head and neck (H&N) region [18, 59]. The in-silico model
of this mock-up, illustrated in Fig. 3.3b, was implemented in COMSOL Multi-
physics [48]. The dielectric and thermal properties of the materials used in this
mock-up are detailed in Table 3.4.

The HT applicator (see Fig. 3.4b) consists of a circular array of 8 patch anten-
nas immersed in water, and arranged in an octagonal PMMA container.A PMMA
hollow cylinder simulates the neck of the patient using a phantom that mimics the
dielectric properties of human muscle [26]; it contains one solid and one hollow
PMMA cylinder, that simulate the spine and the trachea, respectively. The space
between the container walls and the central phantom is filled with demineralized
water, which serves as the substrate for the patch antennas and forms the so-called
waterbolus [18]. The phantom used in this study is a semi-solid agar-based phan-
tom, properly developed to reproduce the dielectric properties of muscle tissue (see
Section 3.2 and Table 3.4) [52, 49].

The patch antennas forming the array were designed to be matched at the
operating frequency f = 434 MHz [17] (See Fig. 3.5); this frequency lies within a
commonly used ISM band, and it has been demonstrated to provide a good balance
between tissue penetration and energy absorption, and size of the applicators, thus
making it well-suited for deep-seated tumors HT [82, 83]. The optimized dimensions
of the antenna is detailed in section 3.3.1.

To quantify the ability of the designed setup to couple the electromagnetic
energy into the phantom, the effective field size (EFS), defined as the area enclosed
by the 50% SAR curve at 1 cm depth within the tissue [84], and the penetration
depth, defined as the depth at which the SAR becomes 1/e2 of its surface value
[85], are simulated for the antenna 7 (see Fig. 3.4b) and reported in Fig. 4.1.
Specifically, Fig. 4.1a reports the simulated normalized SAR isolines at 1 cm depth
within the tissue, when only the antenna 7 is fed (see the SAR map in Fig. 4.1b),
while Fig. 4.1c shows the normalized SAR evaluated in the same configuration as
a function of the depth inside the phantom along the central x-axis (0mm-depth
means the surface of the phantom). The estimated values for the EFS and the
penetration depth are 21.49 cm2 and 37.32 mm, respectively.

The considered target region is a sphere with radius rt = 15 mm located cen-
trally within the neck phantom at spatial coordinates (xt, yt, zt) = (−30, −15,0)
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(a) (b) (c)

Figure 4.1: (a) Simulated normalized SAR contours at a depth of 1 cm within the
phantom along the x axis. The 0.5 isoline encloses the region used to estimate the
effective field size (EFS). (b) Normalized SAR map visualized on a plane at 1 cm
depth within the phantom. (c) Normalized SAR values versus the depth inside the
phantom, evaluated along the x-axis for constant y = z = 0 mm. All results refer
to the case when only antenna 7 is fed (see Fig. 3.4b for details on the numbering
used).

mm, being (0,0,0) the coordinates of the center of the neck cylinder. In the per-
formed optimizations, we decided to consider all phases as relative to the antenna 1
(see Figure 3.4b for details on the numbering used), which means φ1 = 0◦; relative
amplitude coefficients (ξn) were constrained to vary within 0.5 and 1; and the active
reflection coefficient threshold (Γth) in (4.6) was set to −10 dB.

The resulting optimized antenna coefficients extracted for both cost functions
used in this study, i.e., HTQ and F , are reported in Table 4.1. Additionally, Table
4.1 presents the magnitude of the simulated active reflection coefficients

(︂⃓⃓⃓
Γa

n,sim

⃓⃓⃓)︂
corresponding to each set of feeding coefficients.

The magnitude of the simulated active reflection coefficients listed in Table 4.1
highlights the mismatch issues associated with using the standard cost function
(HTQ). Notably, except for the 6th antenna, all array elements exhibit active
reflection coefficients higher than the specified threshold of Γth = −10 dB. In con-
trast, the magnitude of the simulated active reflection coefficients obtained using
the proposed cost function (F), as listed in the last column of Table 4.1, all fall
below the −10 dB threshold since this criterion was directly incorporated into the
proposed cost function (F).

The optimization properties presented in Table 4.2 indicate that the final HTQ
values for both optimization methods meet the typical threshold considered ac-
ceptable for clinical treatment—they are both less than 1. Moreover, there is no
significant difference in computational demand between the two optimization meth-
ods.
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Table 4.1: Antenna feeding coefficients (ξn, φn) and corresponding magnitude of
the simulated active reflection coefficients

(︂⃓⃓⃓
Γa

n,sim

⃓⃓⃓)︂
Standard optimization approach Proposed optimization approach

n ξn(-) φn (◦)
⃓⃓⃓
Γa

n,sim

⃓⃓⃓
(dB) ξn (-) φn (◦)

⃓⃓⃓
Γa

n,sim

⃓⃓⃓
(dB)

1 0.69 0 -9.85 0.73 0 -12.76
2 0.50 73.41 -5.13 0.59 87.46 -13.38
3 0.50 76.24 -4.69 0.64 147.32 -10.00
4 0.50 0.00 -7.62 0.66 151.63 -10.00
5 0.50 47.04 -4.47 0.50 111.66 -10.00
6 0.79 1.89 -12.57 0.72 11.86 -15.73
7 1.00 -44.49 -9.69 0.99 -24.50 -12.32
8 1.00 -50.22 -9.53 1.00 -27.97 -12.00

Table 4.2: Comparison of the considered optimization approaches and their prop-
erties

Standard (HTQ) Proposed (F)

Population size 100 100
Num. iterations 214 368
Total time (s) 139 203
HTQ (final) 0.906 0.959

Figure 4.2a illustrates the convergence behavior of the PSO algorithm while
minimizing the standard cost function (HTQ) across multiple iterations. The sub-
sequent plots in Fig. 4.2 depict the final normalized SAR distribution obtained in
COMSOL Multiphysics using the optimized antenna coefficients presented in Ta-
ble 4.1. These plots are displayed on three canonical planes passing through the
target sphere at its centroid.

Similarly, Fig. 4.3a depicts the optimization process for minimizing the proposed
cost function (F) and standard HTQ over PSO algorithm iterations. Using the op-
timized antenna coefficients obtained with the proposed approach (see Table 4.1),
subsequent plots of Fig. 4.3 illustrate the final normalized SAR distribution gener-
ated in COMSOL Multiphysics, displayed on the three canonical planes intersecting
the target sphere at its centroid.
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(a) (b)

(c) (d)

Figure 4.2: (a) Standard cost function (HTQ) evolution. Normalized SAR distribu-
tion obtained in COMSOL Multiphysics using the feeding coefficients corresponding
to the minimization of the standard cost function (HTQ), displayed on the (b) xy
plane , (c) xz plane , and (d) yz plane. The dash circle indicates the profile of the
considered target spherical region.

It is worth noting that introducing the active reflection coefficient penalty term
in the cost function (see eq. (4.6)) does not necessarily translate into a higher
SAR concentration in the target region. This behavior is expected, as the penalty
promotes stable power coupling and reduces backward power toward the RF am-
plifiers; however, part of the additional transmitted power can be dissipated in the
lossy waterbolus rather than contributing to the target heating. Nevertheless, the
resulting SAR distribution still satisfies the clinically accepted quality criteria: as
shown in Fig. 4.3 and in the last row of Table 4.2, the computed HTQ remains
below 1, ensuring that therapeutic energy is still appropriately concentrated within
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(a) (b)

(c) (d)

Figure 4.3: (a) Proposed cost function (F) evolution alongside the corresponding
HTQ. Normalized SAR distribution obtained in COMSOL Multiphysics using the
feeding coefficients corresponding to the minimization of the proposed cost function
(F), displayed on the (b) xy plane , (c) xz plane , and (d) yz plane . The dash
circle indicates the profile of the considered target spherical region.

the target. Future work will investigate tuning α and Γth in the expression of the
cost function (eq. (4.6)) and/or adding a term penalizing power dissipation in the
waterbolus to further improve energy transfer to the neck/target region.
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Figure 4.4: Setup of the experimental mock-up reproducing the HT applicator.
Components are labeled as follows: a) RF signal coming from Power Amplifier
(PA) – Variable Gain Amplifier (VGA) – Phase Shifter (PS) chain, b) Circulator,
c) Dummy Load, d) Directional Coupler, e) Patch Antenna, f) Neck Phantom, g)
Waterbolus with circulating water.

To apply the optimized feeding coefficients to the physical prototype, the experi-
mental mock-up introduced in Sec. 3.3.1 was used. This mock-up, which reproduces
a typical HT applicator, integrates the phantom, antenna array, waterbolus, and
the complete electronic chain for signal distribution and control. A schematic of the
setup with the labeled components is shown in Fig. 4.4. For details on the design
and operation of the feeding network, including phase and amplitude control and
cooling system, the reader is referred to Section 3.3.1.

During the experimental session, a real target sphere with radius rt = 15 mm
was introduced in the neck container before pouring the agar mixture reproducing
the neck phantom (see details on section 3.2.1 and Figs. 3.2b,c), trying to place it
in the same position as the target sphere considered in the COMSOL model when
the SAR-based optimization was performed.

To monitor temperature variations across the implemented mock-up in real
time and without interfering with the electromagnetic field, a system of Fiber Op-
tic Sensors (FOSs) based on an array of Fiber Bragg Gratings (FBGs) has been
implemented as detailed in Section 3.3.1. The use of optical fibers makes the sensors
intrinsically free from artifacts induced by the interaction with microwaves, such
as self-heating effects. Moreover, their small size does not appreciably alter the
temperature distribution. Among all the various types of fiber optic temperature
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Table 4.3: Antenna phases optimized using the proposed cost function (F) and
comparison of the simulated and measured magnitude of the active reflection coef-
ficients

n 1 2 3 4 5 6 7 8

φn (°) 0 79.83 156.72 -156.06 -142.04 0 -43.86 -43.11

⃓⃓⃓
Γa

n,sim

⃓⃓⃓
(dB) -18.42 -10.60 -11.90 -12.44 -10.81 -16.53 -16.23 -20.02

⃓⃓⃓
Γa

n,exp

⃓⃓⃓
(dB) -15.99 -7.58 -10.11 -15.59 -18.24 -11.34 -23.89 -25.57

sensors, FBG-based devices stand out for the unique combination of properties,
such as a well consolidated and reproducible fabrication, fast response, and robust-
ness to noise [40]. Moreover, they are the only type that can be easily multiplexed
along the same fiber to form several sensing points, obtaining a dense array of tem-
perature sensors having good accuracy and reasonable cost. FBGs have already
been proved to be well-suited for real-time temperature monitoring during medical
thermal treatments [43]. However, FBGs – like other FOSs – are also sensitive
to mechanical deformations. Therefore, to mitigate this cross-sensitivity, the fiber
containing the FBGs has been enclosed in a small glass capillary sealed with epoxy.
The final embodiment of the multipoint sensor is a small glass cylinder about 10 cm
long, with an external diameter of 2 mm, embedding 13 sensing points with variable
spacing from 5 mm to 10 mm to provide the best spatial resolution where the maxi-
mum thermal gradient is expected. The small dimensions of each multipoint sensor
(volume of about 0.3 cm3) has negligible perturbation effects both on the electro-
magnetic field and on the temperature distributions [43]. Each multipoint sensor
has been calibrated against a traceable thermometer in the temperature range from
15◦C to 45◦C. After the calibration, the deviation from the fitting model was found
to be below 0.1◦C [86].

The SAR-based optimization process for the implemented mock-up was con-
ducted using the proposed method (see Section 4.2). To maximize the delivered
power with the available PAs (max 10 W each), staying within the safe operating
areas of the electronic devices composing the chain, only the phase coefficients of
the array (φn) were taken into account during the optimization process. A feedback
control system was used to lock the optimized phases and the constant amplitudes
provided to the antennas to the desired values for the entire heating session (130
minutes), with a maximum error lower than 0.3° for the phase and lower than 0.04
dBm for the amplitude. As a results, each antenna in the array delivered approx-
imately 7.5 W for a total output power of 60 W for the entire array applicator.
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Figure 4.5: Temperatures recorded by the FOS arrays at (a) the beginning , and
at (b) the end of the heating session.

However, for the sake of simplifying the electronic chain, only phase coefficients of
the array were taken into account during the optimization process.

The optimized phases along with the simulated and experimentally measured
magnitude of the active reflection coefficients are reported in Table 4.3. A notewor-
thy level of agreement is observed between the simulated and experimental values,
affirming the reliability of the model implemented in COMSOL in accurately re-
producing the behavior of the realized prototype. Using the proposed approach,
we achieved almost all active reflection coefficients below the −10 dB threshold, as
shown in Table 4.3. The simulated SAR profile corresponding to the optimized
antenna phases (Table 4.3) for a total input power P0 = 60 W provides an average
SAR of 33 W/kg in the tumor target region and of 10 W/kg in the surrounding
healthy tissues.

The temperature measurements recorded at the start and at the end of the
130-minutes heating session are illustrated in Figure 4.5a and Figure 4.5b, re-
spectively. We observe that the duration of the heating session is longer than
commonly encountered in the clinic as it was necessary to achieve meaningful tem-
perature elevation within the tumor target region with the powers available in our
laboratory setup. The maximum available power output was limited to 10 W per
antenna, which is significantly lower than the power levels used in clinical hyper-
thermia setups that typically operate at higher outputs and last 60–75 minutes [87].
Additionally, our experimental conditions required starting at room temperature,
unlike clinical treatments that begin at basal body temperature. It is important
to emphasize that these experimental constraints do not compromise the validity
of the proposed method or its ability to achieve precise energy deposition. This is
demonstrated by the measurements depicted in Figure 4.5b, which confirm accu-
rate radiation focusing on the tumor target region, as indicated by the observed
temperature changes of the array 1 (array passing tumor, see 3.8a). A detailed
overview of the temperature increases in the array 1 is provided in Figure 4.6,
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Figure 4.6: Temperature values read by the array of FBG sensors passing through
the tumor target (array 1) as function of time and of the z-coordinate.

where the measured temperature profiles are reported over time and along the
z-coordinate.

To simulate the heating session, a heat transfer study was introduced in the in-
silico counterpart of the realized mock-up implemented in COMSOL Multiphysics
and described in Section 3.3.2. The used heat transfer model follows the Pennes’
Bioheat Equation (Eq. 2.11) and thermal boundary conditions (Eq. 3.1) were ap-
plied to account for the interactions of the neck phantom with the surrounding
environment [27]. The convective heat flux boundary condition was used at the
following interfaces: phantom upper boundary–air, phantom lower boundary–air,
phantom lateral walls–waterbolus. Initial temperatures and external reference tem-
peratures were set according to the measurements performed during the heating
session.

As evidence of the agreement between the mock-up and its in-silico counterpart,
the measured and simulated temperatures are shown as a function of time at the
tumor center (z = zt = 0 mm) in Figure 4.7. This figure also effectively demon-
strates the success of our method in achieving a favorable temperature increment
in the tumor region during the heating session.
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Figure 4.7: Measured temperatures and simulated values as function of time at the
z coordinate corresponding to the tumor center (z = zt = 0 mm).

4.4 Conclusions
In this study, we introduced and demonstrated a novel approach to optimization

for patient-specific hyperthermia planning, in which array impedance matching is
guaranteed. Our proposed optimization approach has demonstrated improvements
in antenna performance during HT treatments, without altering the required spa-
tial power deposition recommended performance. The method ensures that almost
all active reflection coefficients remain below the -10 dB threshold, which is im-
portant for optimizing power coupling and maintaining electronic stability. By
incorporating active reflection coefficient constraints, we achieved satisfactory SAR
focusing on the tumor target while ensuring that the electronic system remains fully
operational thanks to controlled mismacthing. The results show that our method
significantly improves antenna matching without compromising the HTQ, achieving
values within the recommended limits. Furthermore, the proposed approach is not

44



4.4 – Conclusions

confined to SAR-based optimizations; it can also be adapted for temperature-based
methods.
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Chapter 5

Heat Focusing and Blood Flow
Considerations

This chapter reports the results submitted at EuCAP 2025 [88]. It investigates
how blood flow in major vessels affects temperature distribution during hyperther-
mia treatments in the head and neck (H&N) region. To do this, we used an in-silico
model and a physical phantom of the neck region where a silicon tube with flowing
water was introduced to simulate the presence of the two jugular veins and two
carotid arteries. The results show that temperature variations of more than 5°C
can affect temperature simulations when the effect of blood flow is not considered.
The achieved results were confirmed by temperature measurements performed using
the physical phantom and a full-operating mock-up reproducing an hyperthermia
treatment in the neck region.

5.1 Introduction
Tissue mimicking materials (TMMs) are essential in medical research, provid-

ing a platform to test new devices and techniques without risks to humans or ani-
mals [50]. These materials, typically incorporated into phantoms, replicate human
tissue properties and are invaluable in clinical simulations for imaging, therapy,
and device performance validation. Microwave hyperthermia (HT) is among the
medical applications requiring phantoms for design and testing.

However, one of the primary challenges in optimizing HT is accurately modeling
heat transfer in biological tissues, where the effect of blood plays a critical role in
temperature regulation. Despite significant advances in TMMs, the absence of
physical phantoms for hyperthermia reproducing the effects of the blood system
has limited experimental validation [50].

This gap limits the ability to experimentally validate and optimize microwave
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hyperthermia treatments, leaving researchers to rely heavily on computational mod-
els to simulate blood flow and its thermal effects.

The present study introduces a head and neck (H&N) phantom that incorpo-
rates major vessels, i.e., the jugular veins and the carotid arteries. This allows
for the assessment of vascular dynamics’ impact on temperature focusing during
microwave hyperthermia. While blood vessels have almost no effects on SAR fo-
cusing, their presence causes changes in the temperature maps due to the cooling
effect of the flowing blood. Vessels introduce in fact thermal boundary conditions
which can determine deviations of the temperature distribution compared to the
corresponding specific absorption rate (SAR) map [89].

5.2 Methodology
The experimental testbed and its digital twin employed in this study are based

on the setup described in Chapter 3. In this chapter, additional modifications were
introduced to account for the thermal influence of blood flow and to analyze its
impact on temperature distribution.

To replicate the influence of blood flow in the experimental setup, four silicone
tubes were embedded in the neck phantom to represent the major vessels, i.e., the
right and left jugular veins and the right and left carotid arteries, as shown in
Fig. 5.1. The zoomed-in view in Fig. 5.1b, taken prior to pouring the agar-based

Figure 5.1: (a) Experimental setup of the HT mock-up. (b) Zoomed view of the
central section showing the neck phantom prior to pouring the agar mixture, with
embedded silicone tubes simulating the major blood vessels and the red sphere
representing the tumor target.
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Figure 5.2: (a) Digital twin of the experimental setup implemented in COMSOL
Multiphysics. (b) Cross-sectional view in the xy plane showing the four silicone
tubes simulating blood vessels (blue: jugular veins; red: carotid arteries). (c) 3D
visualization of the neck phantom highlighting vessel arrangement and blood flow
directions.

mixture mimicking muscle tissue, highlights the presence of these tubes together
with the red tumor target (refer to Section 3.2 for details of the phantom preparation
and characterization).

The same modifications were introduced into the digital twin of the mock-up, as
highlighted in Fig. 5.2b, which displays the xy cross-sectional plane with the four
silicone tubes simulating the jugular veins (in blue) and carotid arteries (in red).
The 3D visualization of the vessel arrangement and blood flow directions is shown
in Fig. 5.2c. The center coordinates and diameters of the vessel-mimicking tubes
and the tumor target are summarized in Table 5.1.

Table 5.1: Center coordinates and diameters of key elements within the neck phan-
tom

Element x (mm) y (mm) d (mm)
Right Jugular vein -45 0 4
Left Jugular vein +45 0 4

Right carotid artery -40 -15 4
Left carotid artery +40 -15 4

Tumor target -20 -18 30
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The thermal influence of the water circulating inside the vessel-mimicking tubes
in the corresponding digital twin was reproduced using a convective heat flux
boundary condition (as defined in (3.1)) applied on the outer surface of each tube.
During the heating sessions, the circulating water was maintained at an approxi-
mately constant temperature of 25.6 °C, which was therefore used as the external
temperature in the convective boundary condition. The convective exchange asso-
ciated with the flowing water was captured through the heat transfer coefficient.
This value was optimized in COMSOL by minimizing the discrepancy between all
measured and simulated temperatures over the entire heating session, leading to a
final value of h = 10 W/(m2 ◦C). In this way, the induced cooling effect of water
flow is incorporated into the model while preserving computational efficiency and
accurately reproducing the experimentally observed temperature behaviour.

5.3 Results and Discussion
To evaluate the effect of blood vessels on temperature distribution during mi-

crowave hyperthermia, two heating sessions were conducted using the optimized
antenna feedings obtained from the SAR-based optimization (see Section 4.3, Ta-
ble 4.3). The first session was performed using the phantom without any vessels
considered, while the second included the embedded silicone tubes simulating the
jugular veins and carotid arteries.

5.3.1 Heating Session Without Vessels
The first heating session was carried out using the phantom without any vessel-

mimicking elements. The heating session results are already presented in this thesis
in Section 4.3, with the configuration described in Section 3.3. However, the ex-
periment was repeated here to enable a direct and consistent comparison with the
vascular case reported in the following section.

In this experiment, three arrays of Fiber Bragg Grating (FBG) sensors were
used to monitor the temperature evolution along the vertical (z) direction. Fig-
ure 5.3 shows the location of the FBG arrays on the xy plane and the temperature
values recorded at the beginning (top row) and at the end (bottom row) of the

Table 5.2: Coordinates of FBG sensors used during the heating session without
vessels.

Array x (mm) y (mm) z (mm)
1 -30 -15 (30, 20, 15, 10, 5, 0, -5, -10, -20)
2 0 -15 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
3 30 -15 (30, 20, 10, 0, -10)
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Figure 5.3: Heating session results for the phantom without vessels: Temperature
read by the arrays of FBG sensors at the beginning (upper row) and at the end
(lower row) of the heating session; the position of the different arrays on the xy plane
is indicated in the upper row (right picture) and reported in Table 5.2, together
with the z-coordinates of the corresponding FBG sensors.

heating session. The coordinates of all FBG sensors used in this configuration are
summarized in Table 5.2. The maximum temperature recorded at the tumor center
at the end of heating was approximately 51.4°C, indicating effective power focusing
within the target region.

The comparison between experimental measurements and numerical simulations
(Fig. 5.4) confirms a strong correspondence between the two. The top panels report
temperature evolution over time at the tumor center (z = zt = 0 mm), while the
bottom panels show the temperature distribution along the z-axis after 120 minutes
of heating.
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Figure 5.4: Heating session without vessels: comparison between experimental and
simulated temperature results. Top: temperature evolution over time at the tumor
center (z = zt = 0 mm). Bottom: temperature distribution along the z-axis at the
end of the heating session (t = 120 min).

5.3.2 Heating Session With Vessels
In the second heating session, four silicone tubes were embedded within the

phantom to replicate the major blood vessels (jugular veins and carotid arteries),
enabling the thermal assessment due to blood flow. The FBG array layout was
slightly adjusted to avoid interference with the silicone tubes while maintaining
similar measurement locations w.r.t heating session without vessels.

Figure 5.5 shows the temperature distribution measured at the beginning (top
row) and end (bottom row) of the heating session, while Table 5.3 lists the exact
coordinates of the FBG sensors used in this configuration. The comparison between
experimental measurements and simulation results is reported in Fig. 5.6.

The introduction of the vessel-mimicking tubes caused a clear decrease in tem-
perature within the tumor region, with the maximum value dropping to approx-
imately 42.4°C—over 5°C lower than the case without vessels. This substantial
cooling effect is primarily due to convective heat transfer from the circulating fluid

Table 5.3: Coordinates of FBG sensors used during the heating session with vessel-
mimicking tubes.

Array x (mm) y (mm) z (mm)
1 -20 -18 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
2 0 -18 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
3 20 -18 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
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Figure 5.5: Heating session results for the phantom incorporating vessels: Temper-
ature read by the arrays of FBG sensors at the beginning (upper row) and at the
end (lower row) of the heating session; the position of the different arrays on the
xy plane is indicated in the upper row (right picture) and reported in Table 5.3,
together with the z-coordinates of the corresponding FBG sensors.

inside the tubes, most notably in regions near the carotid arteries, where thermal
gradients were strongest.

A direct comparison between the two sessions (Figs. 5.4 and 5.6) clearly demon-
strates the impact of vascular cooling on the resulting temperature distribution.
Despite identical feeding conditions and total applied power, the inclusion of vessel-
mimicking tubes led to a significant reduction in steady-state temperature within
the target region, particularly along the paths adjacent to the carotid arteries.

These results confirm that neglecting major vessels in hyperthermia simulations
can lead to an overestimation of achievable therapeutic temperatures in deep-seated
tissues. The presented experimental validation thus provides an important frame-
work for understanding and quantifying vascular cooling effects, improving the
accuracy of treatment planning models, and guiding the design of next-generation
perfused phantoms for hyperthermia research.
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Figure 5.6: Heating session with vessels: comparison between experimental and
simulated temperature results. Top: temperature evolution over time at the tumor
center (z = zt = 0 mm). Bottom: temperature distribution along the z-axis at the
end of the heating session (t = 160 min).

5.4 Conclusion
This study underscores the importance of incorporating a vascular model within

the phantom for microwave hyperthermia treatment for deep-seated tumors in the
head and neck region. The results demonstrate how the presence of blood flow
affects temperature maps starting from a certain SAR distribution. This shows
how this effect should be included in simulations and physical phantoms to achieve
more realistic temperature predictions.

Both simulations and experimental measurements demonstrate that tempera-
ture variations of more than 5°C can occur when blood flow is ignored, underscoring
the importance of including vascular dynamics in hyperthermia treatment planning.
Future work should focus on refining the physical phantom and to further investi-
gate variable vessel geometries, to reproduce a more detailed discrete vasculature,
and to design a more realistic anatomical model.
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Chapter 6

Real-time 3D Temperature
Reconstruction

This chapter reports the results published in Nature Communications [47]. The
author’s primary contribution focused on developing the method and its application
within the in-silico testbed. However, for completeness and consistency with the
published article, the application of the proposed method on experimental testbed
is also reported in this chapter.

The current limitations oncological microwave hyperthermia mostly come from
the inability to reliably predict, and hence control, temperature inside the patient
during treatment, especially for deep-seated tumors. Simulations are employed in
treatment planning, but due to related uncertainties invasive thermometry is nec-
essary, usually via catheters. Being invasive, their use must be minimized and
provides very limited spatial information. Here, we demonstrate an approach to
obtain 3D temperature information in real time from few measurement points via
massive use of high-performance simulations carried out prior to treatment. The
proposed technique is tested both in a fully anthropomorphic in-silico scenario,
and in an experimental controlled setting. The obtained results demonstrate the
potential of the proposed method as a low-cost real-time temperature monitor-
ing technique in cancer hyperthermia. Use with intra-luminal, minimally-invasive
catheters is supported by the positive outcome experimentally obtained using data
points directly acquired in the trachea-mimicking phantom structure.

6.1 Introduction
Cancer is one of the major causes of death in the world, and numbers are ex-

pected to significantly increase in the coming years also due to the population aging.
In this scenario, research into techniques which allow to increase the effectiveness
of current treatments and improve the quality of life (QoL) of cancer patients is of
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primary importance and urgency.
As already mentioned in Chapter 2, thermal therapies currently play a signif-

icant role in cancer treatment, particularly when combined with other treatment
methods. Depending on the temperature reached, the treatment duration, and the
method of heat administration, heat therapies can be distinguished into microwave
hyperthermia, ablation (RF, microwave, ultrasound), and laser therapy. While the
aim of ablation is to shrink or destroy tumor cells with temperatures above 60 ◦C,
administered for a duration usually less than 10 minutes [11], microwave hyper-
thermia (HT) consists in heating the tumor temperature to 42-44 ◦C for 60-90 min,
which results in increased sensitivity of cancer cells to radiation and drugs. HT has
been clinically demonstrated as a means for improving the treatment efficacy of
radiotherapy and chemotherapy, without increasing their long-term side effects [90,
91, 1, 92, 93], proving particularly useful in the treatment of recurrent cancers [94,
95, 6].

The operational mechanism of hyperthermia consists in focusing the electro-
magnetic field generated by an antenna applicator on the tumor region, with mini-
mal heating of the surrounding healthy tissues; for deep-seated and sub-superficial
tumors, this is achieved using a phased array applicator [18, 96]. Hyperthermia
treatment planning (HTP) simulations are used to predict the distribution of spe-
cific absorption rate (SAR) and temperature in the treated region of interest (ROI)
and find the antenna feeding coefficients which allow to selectively heat the tumor
region [38, 69, 71, 37]. This can be obtained by optimizing the SAR distribu-
tion in the ROI, using properly defined SAR-based objective functions, or, directly,
the temperature; whether one approach is better than the other is still an open
question in the scientific community, and both SAR-based and temperature-based
optimization routines are nowadays used in the clinical practice leading to compara-
ble results [97]. Although being the basis of HTP, simulations cannot be completely
relied on for temperature monitoring, due to the high uncertainty of crucial tissue
properties (such as perfusion), and even of some model equations [98, 27, 73, 99].

Currently, the most accurate method of controlling the effective temperature
in clinical practice during HT treatments employs probes encased in closed-tip
catheters, which provide very limited spatial information [38, 100]. A technology
under development is based on measuring the temperature distribution by carrying
out thermal treatments inside an MRI environment [101, 102]. MR thermometry
is an evolving field, but at present only provides relative temperature change data,
is hampered by field heterogeneity, subject to inaccuracies in the presence of (e.g.,
respiratory) motion, and has difficulties measuring in fatty tissues. Widespread
application of MR thermometry is also limited by the high cost of operating MRI
scanners, their scarce availability, and the challenges involved in applying thermal
therapies inside an MRI system. Other limitations of MR thermometry which affect
more ablation than hyperthermia (due to the higher temperatures reached) are the
artifacts induced by local susceptibility changes, temperature-induced variations
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in tissue electrical conductivity, and gas bubble formation [103, 104]. Electrical
impedance tomography (EIT) has also been proposed [105, 106, 107, 108] for non-
invasive and cost-effective thermometry, but it relies on sophisticated simulations
that suffer from large uncertainties.

The current lack of a method that allows to provide a real-time temperature
map in all points of the treated region is therefore evident, and it is a problem
that concerns not only HT but all thermal therapies. The method proposed in this
article consists in creating a patient-specific set of temperature simulations in the
ROI, corresponding to different combinations of the constituent parameters (which
are known within large uncertainty ranges), and then match this set to the scarce
and limited data provided by a single closed-tip catheter to obtain a realistic 3D
temperature map of the patient in real time.

Computations are often not reliable per se since a large uncertainty may affect
how the parameters describing the underpinning physical system are known [99],
and measurements are often scarce and affected by unavoidable noise; hence com-
plementing information from computational science and from experimental mea-
surements has recently gained interest in the broad topic of “digital twin” [109,
110, 111, 112, 113, 114]. This article describes a coherent framework to seamlessly
integrate these two sources of information without resorting to the full machinery
of Bayesian inference that is often employed—thus avoiding the related computa-
tional burden in the online monitoring phase—and provide experimental validation
of its performance in the case of temperature monitoring during a hyperthermia
treatment using few temperature sensors. We used low-discrepancy sequences for
picking the combinations of the constituent parameters when populating the set
of patient-specific simulations. We remark that the interest here is in exploring
the space of different combinations as much as possible and not in deriving any
statistical measure, as it is done in instances of the Monte Carlo method [99].

Few attempts are reported in the literature aimed at enhancing the accuracy
of temperature simulations while minimizing invasive thermometry. The approach
proposed in this article leverages few measured samples to continuously adapt the
predicted temperature distribution to better match the measured data, providing
an updated estimate of the patient’s temperature in real time. This differs from
another method reported in the literature [27, 115], where tissue parameters are
estimated by fitting the simulated maps to temperature measurements and used
to predict the temperature evolution without any explicit real-time check that the
expected temperature matches the real one. Existing approaches that explore the
possibility to find a full 3D temperature map require optimization routines to run
in post-treatment, involving iterative thermal simulations and measured data [27,
116]; these techniques are indeed not intended to offer a real-time feedback on the
actual 3D temperature distribution, but rather to provide benefits in subsequent
treatments. The proposed method, conversely, shifts the computational burden to
the pre-treatment stage, creating a patient-specific library of temperature maps
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that can be used starting from the first application and allows to reconstruct the
temperature even in the case where crucial parameters, such as perfusion, vary
over time. Another line of research [117] blends a compact representation of the
time evolution of the temperature in the ROI (based on a library of simulations,
similarly to the method proposed here) with data from MR thermometry. At
a difference from the approach proposed in this article, however, that compact
representation does not consider the relevant issue of parameter uncertainty and
MR thermometry provides more data points than temperature probes in a single
closed-tip catheter, at the price of requiring a more complex equipment. As a
further difference, the method proposed here may use any code to populate the
simulations library, commercial or developed ad-hoc, without assuming a level of
access to the inner working of the software used to build the library of temperature
maps that is difficult to achieve without developing an in-house code [117].

Tests carried out both in a simulation scenario and in an experimental testbed,
specifically built to simulate a hyperthermia treatment in the H&N region are pre-
sented in this chapter to prove the feasibility of the proposed method. An estimate
of the true state of the system is provided using the limited information from a sin-
gle catheter, which can also be far from the tumor site and even external to the ROI,
i.e. inserted in the part of the phantom that simulates the trachea, so as to mimic
a non-invasive intraluminal catheter. The technique demonstrated represents an
efficient way of implementing a feasible, real-time, full-3D thermometry in a mini-
mally invasive way (if not even non-invasive in the case of intraluminal catheters).
Unlike MR thermometry, the proposed approach also represents a low-cost and
easy-to-deploy method, which could favor, in the future perspective, widespread
use in the clinic of thermal therapies, leading to a further step forward in the battle
against cancer.

6.2 Methodology
The standard HTP approach starts with the generation of a 3D segmented

model of the patient, obtained from CT and MRI scans (see Figure 6.1), which is
then imported in a multiphysics simulation environment together with the model of
the antenna applicator. Numerical solvers in HTP involve the solution of Maxwell’s
equations and the bioheat thermal equation, using a set of dielectric and thermal
parameters. The tissue properties assigned to relevant tissues and organs of the
segmented phantom are typically found in the literature, where they are reported
with considerable uncertainty [98, 27, 73, 99]. These parameters, here named sbase

(Figure 6.1), are indeed estimated as averages over different studies and measure-
ments, and their values can vary significantly [27] under HT treatments, being
temperature-dependent. The simulated temperature map at time t, indicated as
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Figure 6.1: Proposed method. Flow chart reporting the approach used nowadays
in the clinic to perform HT treatments (State-of-the-Art (SoA) approach) and the
proposed methodology.

F(r, t; sbase), where r belongs to the set of mesh points in the ROI, is not re-
liable per se, due to the inherently uncertainty affecting the model’s constituent
parameters. This makes interstitial thermometry advisable during treatment [100],
although it allows to control the effective temperature in a very limited number of
points—this means that a hotspot that the patient does not yet perceive as pain
could be present far from the temperature probes and be dangerous especially in
highly thermosensitive regions (e.g., spinal cord).

The technique proposed in this chapter has the goal to use few localized tem-
perature measurements to provide a reliable temperature map at any time and in
the whole ROI. As depicted in Figure 6.1, the core of the proposed procedure lies
in two fundamental steps:

1) the creation in a pre-treatment stage of a library of multiphysics simulations
reproducing the heating process in the ROI, obtained by purposely mutating
the constituent parameters sb, b = 1, . . . , B, within realistic variation ranges
according to a low-discrepancy sequence (Sobol sequences are used);
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2) the acquisition of few measurement points T̃ (qℓ, t), ℓ = 1, . . . , L, during treat-
ment. The challenge of providing real-time maps of the temperature in the
entire ROI during treatment is then addressed by selecting and combining
the elements of the ensemble of multiphysics simulations in the way that best
matches the scarce measurement data, leveraging the available data to reduce
the uncertainty that affects simulations. The reconstruction process entails
recovering the temperature map in the 3D space from a limited (noisy) set of
real-time temperature measurements acquired along the direction of a fiber-
optic thermometer. From a mathematical point of view, this corresponds to
solve a constrained least squares problem involving the set of multiphysics
simulations and the scarce available measurement points.

The feasibility of the proposed technique is here demonstrated in two different
scenarios. The first scenario is in a completely in-silico testbed detailed in sec-
tion 6.3, designed following the ESHO guidelines [14], realized in the simulation
software Sim4Life [118] using state-of-the-art anthropomorphic human body phan-
toms, where the effect of blood perfusion is included. The second scenario is an
experimental mock-up described throughout this thesis, and in particular detailed
in Chapter 3, which has the main purpose of demonstrating the validity of the
method in a system affected by real experimental errors. Now we follow up and
delve deeper in the details of the proposed method.

As outlined in Section 2.3, in HTP simulations, a set of constituent parame-
ters needs to be assigned to the different tissues forming the patient’s segmented
phantom within the ROI to solve Maxwell’s equations and the bioheat thermal
equation. This applies to any situation where the heating of human tissues due
to electromagnetic radiation needs to be studied. Concerning the electromagnetic
analysis, the essential parameters include the effective conductivity σ (S/m) and
the real relative permittivity εr (dimensionless). These parameters play a critical
role in governing the behavior of electromagnetic fields within the tissues and are
essential for accurately predicting the SAR distribution during HT simulations.

It’s important to note that the temperature T in (2.11) depends on both time
t and the position vector r, and tissue-specific parameters (σ, εr, µr, k, ρ, Cp, ω)
depend on the position vector r.

The thermal model needs to be completed by a proper boundary conditions
(B.C.), which describe the thermal interaction of the system with the surrounding
environment [89]. After properly defining the ROI, a convective heat flux boundary
condition as defined in (3.1), has been used to describe the thermal interaction
with the borders of domain.

The temperature distribution extracted following Pennes’ Bioheat Equation (2.11)
and with properly applied B.C. described in (3.1) is denoted with T (r, t) at the
spatial point r and time t.
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To describe the mathematical formulation of the proposed method, let us con-
sider L temperature values T̃ (qℓ, t) are available in the spatial points qℓ, ℓ =
1, . . . , L. These values mimic the temperature measurements from sensors along
the catheter and are inherently affected by measurement uncertainties.

Based on these data, our goal is to approximate the temperature distribution
T̂ (r, t) in the whole ROI as a finite superposition of B reconstruction functions ϕb,
i.e.:

T̂ (r, t) =
B∑︂

b=1
wb(t)ϕb(r, t), (6.1)

where wb(t) are the corresponding weights. The reconstruction functions ϕb(r, t)
used in (6.1) are temperature distributions obtained with multiphysics simulations
performed according to the clinical practice by reproducing the hyperthermia ap-
plicator and the patient’s ROI in a simulation environment [39], where a set of
constituent parameters is assigned to the model. Indicating with the N -tuple sb a
set of values assigned to N relevant parameters used in the simulation solver, the
reconstruction function ϕb in (6.1) can be expressed with the notation F(r, t; sb),
where r belongs to the set of mesh points in the simulated ROI.

The main goal of the proposed method is the possibility to obtain a real-time
3D reconstruction of the temperature distribution in the patient’s region of interest
(ROI) treated with a hyperthermia applicator, using few spatially-limited (noisy)
measurement points acquired along the direction of a fiber-optic thermometer.

To mitigate the ill-posed nature of this inverse problem, regularization tech-
niques are employed. The weights wb in (6.1) are determined by minimizing the
discrepancy between the data points T̃ (qℓ, t), ℓ = 1, . . . , L, and the approximation
given by (6.1) evaluated at the same spatial positions and at the same time, namely
T̂ (qℓ, t). Among the different regularization techniques tested [119, 120, 121], the
most robust method was found to be the linear least squares problem, given by:

min
w∈RB

L∑︂
ℓ=1

(︄
B∑︂

b=1
wb(t)F(qℓ, t; sb) − T̃ (qℓ, t)

)︄2

(6.2)

with the following additional constraints:

B∑︂
b=1

wb = 1 and wb ≥ 0 ∀b = 1, . . . , B. (6.3)

The constrained least squares (CLS) method expressed by Equations. 6.2 and
6.3 is the approach used in all the examples reported in this article to obtain
the reconstructed 3D temperature map 6.1 from a set of few noisy temperature
values. This CLS problem is solved using the Matlab routine lsqlin, that recasts
the problem as a quadratic one with linear constraints and uses an interior-point
method to solve it [122, 123].
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6.3 Realistic In-silico testbed
As outlined in HTP guidelines mentioned in Section 2.4, an in-silico testbed

was implemented using the simulation software Sim4Life V7.0.2 [118] to reproduce
realistic treatment conditions. The simulations were conducted using the fully
anthropomorphic Duke V3.0 and Ella cV3.1 phantoms from the Sim4Life virtual
population, representing a 34-year-old male and a 26-year-old female body, respec-
tively. These anatomically accurate models were reconstructed from high-resolution
MRI data and include 305 segmented tissues with specific dielectric and thermal
properties [124].

(a) (b)

Figure 6.2: Fully-anthropomorphic phantoms and target positions: (a) Fully-
anthropomorphic male phantom Duke V3.0 and different positions of the target
region displayed on the xy-plane; (b) Fully-anthropomorphic female phantom Ella
cV3.1 and different positions of the target region.

Table 6.1: coordinates of the tumor target centroid.

xc (mm) yc (mm) zc (mm)
Duke, T1 18.02 16.15 1574.9
Duke, T2 28.02 -23.85 1574.9
Duke, T3 -41.98 -23.85 1574.9
Ella, T1 3.02 16.15 1424.0
Ella, T2 3.02 -3.85 1424.0
Ella, T3 -41.98 -3.85 1424.0

The tumor considered in this study is an anatomically realistic, non-uniform
target with a shape resembling an irregular prolate spheroid. To investigate spatial
variability, three distinct tumor positions were defined across two different phan-
toms. Figure 6.2 illustrates the spatial distribution of these tumor targets within
the phantoms. The centroid coordinates of each tumor target position are reported
in Table 6.1. The overall dimensions of the tumor targets are reported in Fig 6.3a.
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(a) (b)

(c) (d)

Figure 6.3: (a) Fully anthropomorphic phantom Duke and tumor mass with irreg-
ular shape inserted in the neck of the phantom; the overall dimensions of the tumor
mass are reported in the inset. (b) Top view of the phased array applicator sur-
rounding the segmented phantom visualized on the xy plane; the reported number
are used to index the antennas of the array; the tumor target (T1) is highlighted
in green. (c) Employed patch antenna and optimized dimensions. (d) Optimized
reflection coefficient; a bandwidth (−10 dB) of about 30 MHz is achieved around
the central frequency (434 MHz) (dashed line).

Following the HTP workflow, the dielectric properties were assigned to the seg-
mented tissues according to their baseline values, i.e., the values reported in the
literature [26], at the operating frequency of 434 MHz.

Later, a common hyperthermia applicator used to treat deep-seated and sub-
superficial tumors in the H&N region [18, 59] was reproduced and optimized to
heat the target volume placed inside the realistic human phantoms in Sim4Life.
As illustrated in Figure 6.3b, the considered HT applicator is a uniform circular
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array with a diameter of 256.8 mm consisting of eight patch antennas immersed
in water, positioned around the neck of the phantom. The antennas are designed
to work in the so-called waterbolus, a doughnut-shaped bag filled with circulating
demineralized water at a constant temperature in the range of 20-25 ◦C , used in
the clinical practice to avoid overheating of the skin and favour radiation coupling
into the body [125, 66]. The geometrical parameters of the antennas have been
optimized to resonate properly at the operating frequency. The dimensions of
each antenna, as depicted in Fig. 6.3c, are: Lsub = 50 mm, Wsub = 40 mm,
Lp = 31.0 mm, Wp = 7.2 mm, hsub = 8.4 mm, and the distance of the feed to the
edge xf = 4.96 mm. The reflection coefficient of the optimized antenna element
(illustrated in Figure 6.3d), simulated as part of the entire array, shows a bandwidth
(−10 dB) of about 30 MHz around the operating frequency (434 MHz), proving to
be sufficient for the purposes of the presented simulation study.

First, the antenna feeding coefficients were found by applying an optimization
approach briefly reviewed in the section 6.4. The temperature map in the ROI
is then obtained after assigning the thermal parameters to the different tissues,
setting the thermal boundary conditions, and using the optimized SAR distribu-
tion as source term of the bioheat equation. In the in-silico testbed implemented
in Sim4Life, thermal boundary conditions were defined in accordance with values
reported in the literature [27, 126]. Specifically, a convective heat flux boundary
condition (Eq. (3.1)) was applied at the interface between the neck and the water-
bolus, with h = 82 W/(m2 · ◦C) and Text = 20 ◦C, and on the internal boundary
of the trachea, with h = 50 W/(m2 · ◦C) and Text = 30 ◦C. Moreover, the initial
temperature Tin in the tissues was set to 37 ◦C.

6.4 SAR-based optimization
Following the standard HTP workflow, we begin by optimizing the antenna feed-

ing coefficients of the array applicator using a SAR-based optimization approach,
which is commonly employed in hyperthermia [69]. This process determines the op-
timal amplitude and phase settings that maximize power deposition in the tumor
while minimizing heating in surrounding healthy tissues. The same optimization
procedure described in Section 4.2 was applied here to the in-silico testbeds and
required 13.7 thousand iterations and 39 min to reach the convergence on an Intel
Core i7-7700 workstation, with 64 GB RAM.

The optimized sets of feeding coefficients are reported in Table 6.2 for two
phantoms (Duke and Ella) and 3 target positions (T1,T2 and T3).

The simulated SAR distribution corresponding to the optimized set of phases
and amplitude is shown in Fig. 6.4 for target position T1 and both phantoms Duke
(top row) and Ella (bottom row), with the input power P0 = 52 W and P0 = 63
W respectively. The total input power for each phantom has been set to achieve a
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sufficient of T50 parameter of 42 ◦C and a maximal healthy tissue temperature of
43 ◦C [127], using the baseline thermal tissue parameters [26].

Table 6.2: optimized antenna amplitudes and phases for different phantoms and
target positions.

n 1 2 3 4 5 6 7 8

Duke, T1 νn (-) 0.70 0.90 0.90 1.00 0.83 0.74 0.10 0.90
φn (°) -46.27 -31.21 0.01 51.10 84.70 86.33 77.15 26.90

Duke, T2 νn (-) 0.54 0.79 0.74 0.48 0.60 0.68 0.94 0.89
φn (°) 0.00 130.18 -143.44 -152.53 -163.35 151.14 43.99 0.00

Duke, T3 νn (-) 0.00 0.60 0.94 0.51 0.86 0.81 0.84 0.48
φn (°) 15.84 -75.03 -125.11 122.32 0.00 0.00 78.52 -131.00

Ella, T1 νn (-) 0.72 0.65 0.72 0.90 0.82 0.85 0.68 0.69
φn (°) 0.00 -15.81 0.00 59.95 110.50 115.63 88.24 53.69

Ella, T2 νn (-) 0.43 0.90 0.71 0.96 0.91 1.00 0.79 0.85
φn (°) 0.00 -35.39 0.00 38.46 71.82 63.63 0.00 -14.76

Ella, T3 νn (-) 0.30 0.63 0.56 0.49 0.54 0.88 0.28 1.00
φn (°) -151.42 -150.71 164.35 25.64 11.20 35.28 102.67 -175.59
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Figure 6.4: Optimized SAR distribution simulated in Sim4Life for both phantoms
Duke (top row) and Ella (bottom row), displayed on the three canonical planes
cutting the tumor sphere at its centroid. The green dot on the SAR distribution
displayed on the xy plane indicates the position T1 of the tumor’s centroid.

6.5 Validation of the method using the in-silico
testbed

Among the dielectric and thermal parameters assigned to the different tissues
of the phantom, perfusion is crucial for the calculation of the temperature profile,
being characterized by the largest uncertainty [73].

In the considered testbed, the proposed method described in Section 6.2 is
applied to mitigate the uncertainty introduced by thermal conductivity (k) and
perfusion (ω) of the most relevant tissues in the ROI (i.e., muscle, fat + subcuta-
neous adipose tissue (SAT), skin and tumor). To build the library of multiphysics
simulations the selected 8 parameters (two thermal parameters for each of the four
tissues) are changed by employing a Sobol sequence to explore the parameters space
within the ranges of variation reported in Table 6.3 (in accordance with what is
reported in the literature), while the other properties are assigned to the tissues ac-
cording to their baseline values [26]. Choosing rather wide ranges for the considered
parameters as reported in Table 6.3 allows the method to handle their uncertainty
even under thermal stress.

The goal of this process is to determine the temperature values at a given point r
based on a set of parameters s. Since the steady-state form of the bioheat equation
is employed in this case, we adopt the notation tST instead of t in the previously
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Table 6.3: Considered tissues’ properties, baseline values, and the extreme range
of the variation

k (W/m◦C) ω (ml/(min kg)))
Tissue Baseline min max Baseline min max
Muscle 0.49 0.40a 0.56 39.1b 19 442.8a

Fat(+SAT) 0.21 0.18 0.50a 33 20 255a

Skin 0.37 0.32 0.50 106 49 175
Tumor 0.51a 0.41c 1.5a 72.3b 36.15d 848a

The values without a specific reference are derived from the IT’IS database [26]. The values
marked as a: are derived from [27], the values marked as b: are derived from [53]. The lower
bounds of thermal conductivity (k) and perfusion (ω) for the tumor have been fixed
proportionally to the percentage of variation in the corresponding skin ranges, i.e., c: 80% of the
baseline value; d: 50% of the baseline value.

defined time-dependent expression F(r, t; sb), to explicitly indicate that a steady-
state solution is considered. Accordingly, the resulting steady-state temperature
map evaluated at a given spatial position r for a specific set of input parameters s
is denoted as F(r, tST ; s). To achieve this, we utilized two distinct Sobol’ sequences.
The first sequence, denoted as sb for b ∈ {1, . . . , B}, was used to generate B = 70
reconstruction functions (ϕb in Eq. 6.1). These functions serve as the basis for ap-
proximating the temperature distribution. Using a desktop computer with i7-7700
processor and 64 GB RAM, the computation of this set of maps took less than 5
hours, considering 3.771 MCells in the ROI. The second sequence, denoted as ξa

for a ∈ {1, . . . , A}, was employed to create the target maps—synthetic tempera-
ture distributions corresponding to parameter sets that are treated as “unknown”,
which we want to reconstruct in the entire ROI using few known temperature values
affected by noise. Figure 6.5 shows a comparison between the temperature map ob-
tained by using the baseline values of the parameters sbase, i.e., F(r, tST ; sbase), and
two target maps indicated as F(r, tST ; ξa), a = 1,2, clearly showing how parame-
ters variation can lead to significantly different temperature predictions in the ROI.
The objective is to reconstruct these target maps (as indicated with F(r, tST ; ξa))
across the entire ROI using a limited number of noisy temperature measurements.

To emulate realistic acquisition conditions, the proposed reconstruction method
assumes access only to temperature values at discrete limited spatial points qℓ, ℓ =
1, . . . , L, located along a catheter. These values are affected by measurement noise,
modeled according to a Gaussian distribution with mean µ and standard deviation
σ. The noisy temperature data used for reconstruction are thus given by:

T̃ (qℓ, tST ) = F(r, tST ; ξa) + fN (qℓ; µ, σ2), (6.4)
here, fN is a function generating an array of random errors, normally distributed
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Figure 6.5: Temperature maps variation. (a-c) Boxplots showing the distribution
of the considered sets of thermal parameters (k and ω) of the four most significant
tissues in the ROI (i.e., muscle (M), fat + SAT (F), skin (S) and tumor (T)). The
dots show the set of parameters corresponding to the baseline values (a), and two
target sets, ξ1 (b) and ξ2 (c). (d-f) Temperature maps obtained from steady-state
bioheat equation, displayed on the xy (upper row) and the yz (lower row) planes
passing through the tumor at its centroid, corresponding to: (d) the baseline set of
parameters sbase; (e) the target set ξ1; (f) the target set ξ2.

with mean µ and variance σ2. In this study, the noise parameters were fixed to
µ = 0.1◦C and σ = 0.2◦C, according to the characteristics of the experimental setup
and FBG sensing system described earlier in this thesis. This noise model accounts
for the uncertainties introduced by the acquisition process and sensor limitations.

To assess the robustness of the proposed method in the presence of noisy data,
we introduce the following goodness function g(χ):

g(χ) = Vol ({r ∈ ROI : ∆T ≤ χ})
Vol (ROI) , (6.5)
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where ∆T denotes the absolute temperature difference between the Target temper-
ature map and the reconstructed map T̂ (r, t) within ROI. The function g(χ) thus
represents the relative size of the region where the absolute difference ∆T is below
a certain threshold χ (◦C). It should be noted that g(χ) = 1, ∀χ, denotes perfect
reconstruction.

Considering Duke phantom and target in position T1, we performed the recon-
struction of the considered target maps using L acquisition points qℓ, ℓ = 1, . . . , L,
equally distributed along a direction (x or y) passing through the tumor’s centroid,
as depicted in Figure 6.6b. The reconstructed target maps are obtained with the
CLS method (Eqs. 6.2 and 6.3 of the section 6.2), using B = 70 reconstruction
functions and 2000 realizations of Gaussian noise (see Eq. 6.4). The target maps
considered in Figure 6.6 correspond to two examples of Sobol’s extraction of the
parameters ξa already visualized in Fig. 6.5. For each of the considered cases, the
normalized goodness function g(χ) is reported in Figure 6.6 when the reconstruc-
tion is performed without noise (blue-dot line), and for the different realizations of
the Gaussian noise (see the envelope). The curves corresponding to the median and
the 95th percentile of the functions g(χ) evaluated for the different noise realiza-
tions are also reported, together with the function g(χ) obtained by considering the
baseline temperature map (red-dot line). As can be observed, for all the considered
cases, the curves corresponding to the 95th percentile in Figure 6.6e indicates that
95% of the ROI has an error lower than 1◦C for 95% of the realizations.

When a large set of cases is included in the study, we denote as L(χ, ζ) the
likelihood that a specified fraction (ζ) of the ROI has an error below a certain
threshold χ, i.e.,L(χ, ζ) = P (g(χ) ≥ ζ), where g(χ) is the normalized goodness
function defined in (6.5). We finally indicate as χ95 the minimum χ such that
L(χ,0.95) = P (g(χ) ≥ 0.95), which represents the minimum error threshold χ such
that there is a 95% chance of having at least 95% of the ROI with an error lower
than χ (among the number of cases considered). Lower values of χ95 correspond to
a better reconstruction.

In the more general study reported in Figure 6.7, the reconstruction procedure
was implemented by performing 10 permutations of 256 elements of a Sobol’ se-
quence, such that 70 maps served as reconstruction functions, while the remaining
maps were treated as target maps. This was repeated for 3 tumor positions (See
Table 6.1), two phantoms (Duke and Ella), 100 noise realizations and 8 catheters
configurations (See Fig. 6.7a) arranged along the x− and y−axes starting from
zc − 20 mm to zc + 10 mm, being zc the z-coordinate of the tumor centroid. Table
6.4 reports the number of sensors along the considered catheters (i.e., the number
of acquisition points qℓ, ℓ = 1, . . . , L, used in the reconstruction) for two different
sensor spacings: 6 mm and 2 mm. The table also specifies the catheter orienta-
tion — x indicates catheters aligned along the x-axis at y = yc, while y indicates
catheters aligned along the y-axis at x = xc, where (xc, yc) are the tumor centroid
coordinates in the xy-plane — and their positions along the z-axis relative to the
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Figure 6.6: visualization of the reconstruction error for two target maps and dif-
ferent number of points along the catheter. (a) The phantom Duke employed to
simulate an HT treatment; the insets show the tumor target position T1 (high-
lighted in green). (b) Different configurations of the acquisition points qℓ in the
transversal (xy) plane passing through the tumor at its centroid (showed on the
baseline map); where the number of points considered are: L= 20 (case 1) and 7
(case 2). (c, d) Boxplots showing the distribution of the considered sets of thermal
parameters (k and ω) corresponding to key tissues in the ROI (M = muscle, F = fat
+ SAT, S = skin, T = tumor); superimposed blue dots represent the combinations
of parameters ξa of two target maps, a = 1 (c), a = 2 (d). (e) Normalized goodness
function g(χ) (see Equation 6.5): rows refer to the catheter cases (b), and columns
represent the target maps (c, d); the blue-dot line corresponds to the reconstruction
of the target map without noise, the blue-shadow region includes 2000 realizations
of the Gaussian error fN , with µ = ±0.1◦C and σ = 0.2◦C, with the blue dashed
line denoting the median and the dash-dotted line indicating the 95th percentile,
the red-dot line expresses the discrepancy between the target field and the baseline
map.
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tumor centroid z-coordinate (zc).
In the analysis reported in Figure 6.7d, we considered 40 target maps obtained

by varying the effective conductivity and the real relative permittivity of muscle, fat
(+SAT), skin and tumor according to a Sobol sequence within ±20% and ±10%
of their baseline values [99], respectively, and 8 target maps corresponding to a
displacement of the phantom of (−5, −2, +2, +5) mm along the vertical z-axis.

Table 6.4: Position and characteristics of the 8 catheters used for each tumor’s
position; zc is the z-coordinate of the tumor centroid.

Catheter Sensors Sensors Direction z (mm)
(6mm spacing) (2mm spacing)

1 7 20 y zc

2 8 23 x zc

3 7 20 y zc + 10
4 10 30 x zc + 10
5 7 20 y zc − 10
6 6 18 x zc − 10
7 7 20 y zc − 20
8 6 18 x zc − 20
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Figure 6.7: General validity and robustness of the proposed method. (a) Can-
didate catheter positions considered for the single catheter, e.g., the red one in
the picture, inserted in the ROI of the anthropomorphic phantoms and used for
the reconstruction. (b) Different positions of the tumor target regions in the two
phantoms Duke (top) and Ella (bottom). (c-d) L(χ,0.95) where the reconstruction
procedure is applied to a large number of cases, involving 1860 combinations of the
target and reconstruction maps, 100 noise realizations and the two phantoms with
different tumor’s positions (c), and to a set of target cases that exhibit variations in
the dielectric parameters, as well as in the phantom geometry (d). (e-f) L(χ,0.95)
obtained at different times by considering transient reconstruction functions, the
phantom Duke with the tumor in position T1, 100 noise realizations, 8 catheters
configurations and two target maps: (e) F(r, t; Model1) and (f) F(r, t; Model2).
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Figure 6.8: Piecewise linear temperature dependent perfusion model. (a) Perfusion
scaling factors used for muscle, fat (+SAT), and tumor [53, 128]. (b) Simulated
temperature evolution of the target map F(r, t; Model2) in the indicated probe
points for the phantom Duke with the tumor in position T1.

For the transient study presented in Figure 6.7e and Figure 6.7f, we consid-
ered 140 reconstruction functions (F(r, t; sb)) solving the transient Pennes’ bio-
heat equation with constant perfusion values, at 10 evenly spaced times between
6 min and 36 min after the power-on, the reconstruction was performed in 800
cases, obtained by considering 100 noise realizations and 8 catheters configura-
tions with a 6 mm spacing between the sensor points.(Figure 6.7a). Two different
transient target temperature maps, F(r, t; Model1) and F(r, t; Model2) were ex-
tracted from Sim4Life to demonstrate the robustness of the method when different
perfusion models are considered. The first target F(r, t; Model1) is derived from
optimized thermal parameters reported in the literature [27], employing a con-
stant perfusion model for each tissue type. The corresponding perfusion values are
ω = 442.8 ,255 ,848 (ml/(kg·min)), and thermal conductivities are k = 0.4 ,0.5 ,1.5
(W/m◦C) for muscle, fat (+SAT), and tumor tissues, respectively. The second
target, F(r, t; Model2), follows a piecewise linear temperature dependent perfusion
model [53, 128] for muscle, fat (+SAT), and tumor tissues, as shown in Figure 6.8a.

In this approach, the local perfusion at a given temperature is obtained by
multiplying the baseline perfusion at 37 ◦C (ω0 = 39.1 ,32.7 ,72.3 ml/(kg·min))
for muscle, fat (+SAT), and tumor tissues, respectively) with the temperature-
dependent scaling factor shown in Figure 6.8a. Figure 6.8b presents the tempera-
ture evolution of the target map F(r, t; Model2) at three distinct probe locations,
placed in the muscle, fat (+SAT), and tumor tissues (see the inset).
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Table 6.5: Median and inter-quartile range (IQR) of the standard estimators using
the proposed method and the SoA approach

Case study ∆T50 (◦C) ∆T90 (◦C)
Method Method SoA Method Method SoA
(2 mm) (6 mm) (2 mm) (6 mm)

Figure 6.7c
(8.9M cases)

Median 0.2 0.2 3.7 0.2 0.2 4.2
IQR 0.4 0.4 4.7 0.4 0.4 4.5

Figure 6.7d
(38.4k cases)

Median 0.2 0.2 3.2 0.2 0.2 3.6
IQR 0.2 0.3 0.5 0.3 0.3 0.5

6.6 Discussion of the in-silico results
In addition to the proposed metrics introduced in Section 6.5, it is important to

evaluate standard hyperthermia metrics commonly used in the literature to com-
prehensively assess the accuracy of the reconstruction results. In this section, we
introduce these standard metrics—alongside the previously presented ones—for a
more thorough discussion and comparison.

To this end, we consider the median of the absolute temperature difference
∆T between the target map and the reconstructed temperature map T̂ (r, t) in the
ROI, and the absolute difference of the T50 and T90 parameters [27, 14], i.e., the
temperature exceeded by 50% and 90% of points in the tumor region. Although
these median values are measures of inaccuracy, we will refer to them as accuracies
as common in the related literature [27].

As previously mentioned, the result reported in Figure 6.6 is concerning the
application of the proposed method to two target maps, for two different set of
the points used for the reconstruction and 2000 realizations of the Gaussian error
(µ = ±0.1◦C and σ = 0.2◦C). The curves displayed in Figure 6.6e clearly show that
the error obtained by reconstructing the target maps with the proposed method
is on average lower that 0.6◦C in 95% of the ROI, in each of the reported cases
(see the dashed blue lines), although the scarce points used in the reconstruction
are affected by noise. Figure 6.6e also shows that 95% of the ROI has an error
lower than 0.9◦C for 95% of the realizations. Moreover, for all the considered noise
realizations (blue shaded region), the achieved error is always significantly lower
than what would be obtained by simply using the baseline values (red-dot line).
The accuracy of the reconstructed temperature can be quantified by the median of
the difference ∆T evaluated over the noise realizations, which is always lower than
0.1◦C—while reaches about 0.9◦C when the baseline map is used. The T50 and
T90 parameters can instead be predicted with a median accuracy lower than 0.4◦C
and 0.3◦C, respectively, with the proposed method, and higher than 3◦C using the
baseline map.

To provide a more comprehensive demonstration of the proposed method, we

74



6.6 – Discussion of the in-silico results

applied the reconstruction procedure in a vast set of cases including 8 catheters
configurations (see Figure 6.7a), 1860 combinations of the target and reconstruction
maps, 100 noise realizations, reproduced for 3 different positions of the tumor target
in the phantom Duke and Ella (Figure 6.7b). In each case, the reconstruction was
performed using a single catheter, and a set of spatial points qℓ spaced 2 mm
and 6 mm apart. This results in 18 to 30 sensor points along each catheter in
the first case, and 6 to 10 points in the second case, depending on the position
considered. The χ95 parameter evaluated over this large set of cases is visualized in
Figure 6.7c: it is lower than 1.1◦C with the proposed method while can reach 4.9◦C
using the baseline map. The feasibility of the proposed approach within this large
set of cases can be quantified by the T50 and T90 estimators (Table 6.5): these
parameters can be predicted with a median accuracy of 0.2◦C with the proposed
method, reaching about 4◦C using the baseline map. Further increasing the spacing
between the sensors to approximately 1 cm, resulting in only 4 sensors along the
single catheter [16], the accuracy of the T50 and T90 parameters does not change
significantly (0.3◦C, IQR 0.5◦C).

To investigate the robustness of the proposed technique when some of the pa-
tient parameters are not included in the library of multiphysics simulations, we
applied our method to a set of target cases that exhibit variations in the dielectric
parameters compared to the baseline values, as well as in the phantom geometry.
We considered 8 catheters configurations (see Figure 6.7a), 100 noise realizations,
and 48 target maps including the unexpected variations (See Sec. 6.2), using the
Duke phantom with the tumor in the position T1 (Figure 6.7b). We introduced
variations of 10%-20% in the dielectric parameters, and geometric displacements in
the range ±5 mm. The computed χ95 parameter (0.9◦C, Figure 6.7d) and the stan-
dard estimators (Table 6.5) confirm the effectiveness of the reconstruction process.

While it cannot be formally excluded the existence of two sets of parameters
that correspond to two temperature distributions that are similar at the measur-
ing positions—and thus indistinguishable—and different at all the other locations,
this extensive numerical investigation shows that such problematic cases occur very
rarely, if they even occur at all, as the proposed method can reconstruct the tem-
perature distribution on a large portion of the ROI (95%) in almost all the tested
cases (95%) with an error lower that 1.0◦C.

The method’s capability to reconstruct temperature in real-time and manage
nonlinearities in key tissue parameters, such as perfusion, is demonstrated in Fig-
ures 6.7e and 6.7f, where transient thermal reconstruction functions are used to
reconstruct two target maps [53]: one with constant perfusion—as done so far—and
the other incorporating a piecewise linear temperature dependent perfusion for mus-
cle, fat and tumor. For both target maps, the reconstruction was performed in 800
cases, obtained by considering the phantom Duke with the tumor in position T1,
100 noise realizations and 8 catheters configurations with 6 mm spacing. The
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computed χ95 parameter is always lower than 1◦C for all the considered times (Fig-
ures 6.7e and 6.7f), while the T50 and T90 parameters show a median accuracy in
the range 0.1÷0.3◦C (IQR 0.2◦C) for both target maps.

6.7 Experimental Testbed
To experimentally validate the proposed technique, a fully functional mock-up

reproducing a hyperthermia treatment in the H&N region was developed. The
experimental setup and its digital twin, implemented in COMSOL Multiphysics,
have been comprehensively described in Chapter 3.

To enhance the realism of the reproduced phantom, as detailed in Chapter 5, a
system of pipes with flowing water was inserted in the neck phantom to reproduce
the cooling effect of blood flow in the major vessels, i.e., the jugular veins and
carotid arteries.

The dielectric and thermal properties of the material used in the model of the
prototype at 434 MHz were experimentally characterized in our laboratories [49],
and their measured values are reported in Table 3.4.

A SAR-based optimization approach (detailed in Chapter 4) was used to find the
set of antenna coefficients which maximize the deposited power (SAR) in a target
region while minimizing the presence of hotspot in surrounding healthy tissues (See
Table 4.3).

To measure the temperature at different locations within the realized mock-
up and in real time, a system of Fiber Optic Sensors (FOS) based on Fiber Bragg
Grating (FBG) sensors was employed (detailed in Sec. 3.3.1). The FBG arrays were
inserted along the vertical (z) axis, as illustrated in Fig. 3.8b. The positions of the
inserted arrays on the xy-plane are shown and numbered in the inset of Fig. 6.9.
Table 6.6 reports the xy-plane coordinates of the used arrays (numbered as in the
inset of Fig. 6.9) together with the positions along the z-axis of the corresponding
FBG sensors. The Array 2 was inserted in the center of the tumor target sphere,
while the Array 5 was positioned in the hollow cavity of the cylinder reproducing
the trachea.

Figure 6.9 reports the temperature measurements read by the arrays of FBG
sensors at the beginning (top row) and at the end (lower row) of the heating session,

Table 6.6: Coordinates of the FBG sensors along the different arrays.
Array x (mm) y (mm) z (mm)

1 33.94 33.94 (25, 20, 15, 10, 5, 0, -5, -10, -15, -20, -25, -30, -35, -40)
2 -20 -18 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
3 0 -18 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
4 20 -18 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
5 0 -37 (40, 30, 20, 15, 10, 5, 0, -5, -10, -15, -20, -30, -40)
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Figure 6.9: Temperature read by the arrays of FBG sensors at the beginning (upper
row) and at the end (lower row) of the heating session; the position of the different
arrays on the xy plane is indicated in the upper row (right picture) and reported
in Table 6.6, together with the z-coordinates of the corresponding FBG sensors.

where ton = 0 min and toff = 160 min respectively indicate the moments at which
the power supply (60 W) was turned on/off. As can be observed, at the initial time,
all sensors were almost at the same temperature, proving that the system was at
the thermal equilibrium with an average initial temperature Tin = 20 °C. At the
final time toff , the temperature on the Array 2 placed in the tumor sphere is at
its maximum approximately 10°C higher than on the Array 1, which is the most
distant from the target region. This confirms how the feeding coefficients obtained
by maximizing the SAR in the tumor sphere led to a selective and significant heating
of the target region.

As previously described in Sec. 3.3.2, to obtain an ideal simulation model (i.e.,
the “digital twin”) of the implemented prototype, a realistic boundary condition
analysis was performed in COMSOL. Convective heat flux boundary conditions, as
defined in Eq. (3.1), were applied at all relevant interfaces, including the phantom
upper boundary–air (htn), phantom lower boundary–air (hbn), and phantom lateral
walls–water bolus (hwb). The initial temperature in the simulated phantom was
fixed according to the average temperature measured by the FBG sensors at the
beginning of the heating session, namely Tin = 20 ◦C (see Fig. 6.9, time t = ton).
The external reference temperatures Text in Eq. (3.1) were set to 21 ◦C for the
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Figure 6.10: Measured temperatures and simulated values corresponding to the
COMSOL model that best reproduces the experimental mock-up in correspondence
of the different arrays’ positions (“Pos”) on the xy-plane, (a) as a function of time
at z = zt = 0 mm, and (b) as a function of the z-coordinate at t = toff = 160 min.

surrounding air and 19.8 ◦C for the waterbolus, as measured during the heating
session. Furthermore, an additional convective heat flux boundary condition was
applied at the outer surfaces of the silicone pipes reproducing the main vessels,
using a heat transfer coefficient of h = 10 W/(m2 ◦C) and a controlled external
temperature of 25.6 ◦C to account for the cooling effect induced by vessel-mimicking
pipes. The final heat transfer coefficients adopted in the ideal simulation model
were htn = 30 W/(m2 ◦C), hbn = 20 W/(m2 ◦C), hwb = 55 W/(m2 ◦C), and hpipes =
10 W/(m2 ◦C).

Fig. 6.10a shows the comparison between the ideal model estimations and the
experimental measurements as a function of time, at the target’s center z-coordinate
(z = zt = 0 mm), for 17 time samples equally distributed from ton = 0 min and
toff = 160 min. Fig. 6.10b reports the same comparison for all the points along each
array, at the end time t = toff = 160 min. As can be observed, a good agreement is
obtained, which allows on one hand to validate the implemented modeling approach,
and on the other hand to set a bound on the achievable accuracy when the COMSOL
model is used to reproduce the experiment in the best possible (ideal) scenario, i.e.
when all the available measurement points are known.

6.8 Validation of the Method Using the Experi-
mental Testbed

Following the procedure previously applied to the in-silico anthropomorphic
model, the information along a single array inserted in the phantom is used to
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Table 6.7: measured dielectric properties of the materials used in the prototype and
ideal estimates of the heat transfer coefficients with the corresponding variation
ranges.

εr (–) σ (S/m)

Material Measured Min Max Measured Min Max

Muscle phantom 58.69 46 70 0.95 0.6 1.1
Target phantom 52.16 46 70 1.30 0.6 1.8

h (W/(m2 · ◦C))

Region Ideal Min Max

Top neck (htn) 30 10 80
Bottom neck (hbn) 20 10 80
Water bolus (hwb) 55 10 80

reconstruct the temperature in all the available points, using a set of purposely
mutated replicas of the system; this set of reconstruction functions is generated in
COMSOL Multiphysics by solving the transient version of the heat equation.

In this scenario, the simulated temperature distribution is more affected by
uncertainties characterizing the dielectric properties of the phantoms used in the
prototype (i.e., the muscle-mimicking phantom forming the neck and the tumor tar-
get), and by the heat transfer coefficients introduced to describe the heat exchange
between the system and the external environment. The involved parameters and
the considered variation ranges are reported in Table 6.7 and are changed accord-
ing to a Sobol sequence to build the library of multiphysics simulations (as detailed
in Sec. 6.2). It is noteworthy that the presence of PMMA walls of non-negligible
thickness around the neck phantom makes it difficult to estimate the heat transfer
coefficients. Given this high level of uncertainty, most of the heat transfer coef-
ficients were included in the proposed reconstruction procedure and were allowed
to vary within wide ranges (10 ÷ 80 W/(m2 ◦C)), as reported in Table 6.7) for the
creation of the set of mutated replicas of the system.

Concerning the application of the proposed method to the experimental testbed,
the reconstruction functions in Eq. (6.1) are temperature maps F(r, t; sb), b ∈
{1, . . . , B}, provided by COMSOL Multiphysics using combinations of parameters
sb varied according to a Sobol sequence within the ranges reported in Table 6.7.
To mitigate errors in the positioning of the array system along the z-axis, the
reconstruction functions Fk(r + ∆zkẑ, t; sb), where ∆z is a vector of shifts, are
included in Eq. (2). In the described application of the proposed method, we
considered B = 200 Sobol sequence variations sb, b ∈ {1, . . . , B}, and a vector
of shifts ∆z = (−5, −2,0,2,5) mm, which resulted in having 1000 reconstruction
functions. Using the L acquisition points along one of the arrays to retrieve the
weights with the CLS method (Eqs. (6.2) and (6.3)), the other temperature values
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provided by the FBG sensors are used as benchmarks to establish the accuracy of
the reconstruction.

The goal of the proposed procedure is to use the experimental temperature
values provided by the FBG sensors at the time t in a set of points qℓ, ℓ = 1, . . . , L,
along one of the arrays (see Table 6.6) to obtain the temperature distribution in
the entire phantom and then use all the experimentally available points to validate
the reconstruction process.

The difference between the reconstructed map and the experimental measure-
ments is analyzed in terms of the normalized goodness function g(χ) defined in
Eq. (6.5). Figure 6.11 shows g(χ) evaluated when the temperature measurements
along the Arrays from 1 to 5 are used individually to perform the reconstruction at
the end time t = toff = 160 min (solid red-dot curves); Fig. 6.11 also reports the
normalized goodness function g(χ) obtained by computing the error between the
experiment and the ideal simulation model (dash-diamond green line), obtained in
COMSOL using the measured dielectric properties and the heat transfer coefficients
derived by directly fitting the model to all the available data (see Table 6.7). The
gray shaded region in Fig. 6.11 corresponds to the envelope of the functions g(χ)
obtained by considering the difference between each reconstruction function and
the experimental data. To estimate the effectiveness of the reconstruction (solid
red-dot lines in Fig. 6.11) it is necessary to consider the similarity with the green
curve, which provides the best possible representation of the experiment with the
implemented model. As can be observed, the curves corresponding to the recon-
struction (solid red-dot lines in Fig. 6.11) closely approximate the curve of the ideal
model for almost all the arrays used for the reconstruction, and the error remains
lower than what would occur on average by not applying the proposed method
(dashed black line in Fig. 6.11).

Figure 6.12 reports the reconstructed temperature profiles along all the avail-
able arrays, obtained by applying the constrained least squares (CLS) method to
the points of a) the Array 2 (Fig. 6.12 placed inside the tumor target, b) the Ar-
ray 4 (Fig. 6.12, and c) the Array 5 (Fig. 6.12, at the final time t = toff = 160
min. Figs. 6.12a-c also show the available experimental points provided by the
FBGs sensors and the temperature profiles corresponding to the ideal simulation
model (dash-dotted green curve). A good agreement is observed in all the reported
comparisons, even when the reconstruction is performed using the points of the
Array 5 (Fig. 6.12c) inserted into the trachea. Referring to the results shown in
Fig. 6.12a, the Array 2 exhibits the largest gradient, but its error is similar to that
of the other arrays, such as the Array 4, which experiences a milder temperature
distribution. Furthermore, the error between the experimental and simulated tem-
peratures does not consistently have the same sign, even when similar gradients are
present. Therefore, there is no clear evidence to suggest that measurement errors
are directly related to the gradient and, by extension, to the presence of capillaries.
As a consequence, in the presented study the capillary’s dimensions and material
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Figure 6.11: Reconstruction error indicating the fraction of points with an error
below the threshold χ. The temperature map is reconstructed using the experi-
mental data along each array (from 1 to 5, as indicated in the title of the different
frames) and the normalized goodness function g(χ), Eq. (6.5), is evaluated in all
the available points, at the end time t = toff = 160 min (solid red-dot lines).
The function g(χ) obtained by computing the error between the experiment and
the ideal simulation model (dash-diamond green line) is reported for comparison,
together with the envelope (gray shaded region) and the average (dashed black
line) of the functions g(χ) evaluated by considering the difference between each re-
construction function and the experimental data (note that g(χ) = 1, ∀χ, denotes
perfect reconstruction).

do not seem to have a significant impact on the observed discrepancies.
To analyze the quality of the reconstruction at different times, the following
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Figure 6.12: Reconstructed temperature profiles versus experimental values and
ideal profiles. Temperature profiles at t = toff = 160 min along all the available
arrays at the different positions (“Pos”) on the xy-plane, reconstructed by applying
the CLS method using the experimental points along (a) the Array 2 , (b) the Array
4 and (c) the Array 5, where the last one is inserted in the phantom’s region mim-
icking the human trachea. For direct comparison, the measured temperatures are
also reported (black-dot line), together with the temperature profiles corresponding
to the ideal simulation model (dash-dotted green line), which is the model obtained
in COMSOL by directly measuring the dielectric properties of the materials used
in the experiment and using heat transfer coefficients derived by fitting the model
to all the available experimental data.

error metric (ℓ2-norm) was computed:

h(t) = 1√
M

(︄
M∑︂

m=1

⃓⃓⃓
T̂ (rm, t) − T̃ (rm, t)

⃓⃓⃓2)︄1/2

, (6.6)

where T̂ is the reconstructed map, while T̃ (rm, t), m = 1, . . . , M , indicates all the
available experimental points (M = 66). The difference reported in Eq. (6.6) is
the estimator ∆T evaluated at each spatial point and at each time. Expressions
similar to Eq. (6.6) are obtained by replacing T̃ (rm, t) with the temperature map
corresponding to the ideal simulation model and the reconstruction functions. The
results are reported in Fig. 6.13. As can be observed, the errors corresponding to the
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Figure 6.13: ℓ2-norm error h(t) evaluated in all the available points as a function of
time. The red-dot lines report the ℓ2-norm error h(t), Eq. (6.6), computed by com-
paring the reconstructed temperature values and the experimental measurements in
all the available points when the reconstruction is performed using the information
along the Arrays from 1 to 5, at 17 time samples between the initial and final time
of the heating session. The error is also reported for the ideal simulation model
and the reconstruction functions (envelope and average).

application of the reconstruction method tend to approximate the errors affecting
the ideal model in almost all cases; this demonstrates how the proposed technique
is able to provide satisfactory results in real time. The ripple in correspondence
of the Array 1 (which is the farthest from the tumor target) is only observed in
the initial stage of the heating phase, and the curve tends to stabilize over time,
approaching the ideal curve as expected.
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Table 6.8: Temperature reconstruction accuracy over all probes and the complete
heating session duration

∆T (◦C)
Array 1 Array 2 Array 3 Array 4 Array 5

Median 0.5 0.4 0.4 0.4 0.6
IQR 0.9 0.6 0.5 0.6 0.9

The accuracy of the predicted temperature is here estimated using the absolute
difference (∆T ) between measured and reconstructed temperature values over all
the available probes and during the complete heating session (we considered 17 time
samples). Table 6.8 show the median and the IQR of ∆T evaluated when each array
is individually considered to perform the reconstruction. As can be observed, the
error achieved is included in the range 0.4 ÷ 0.6 ◦C, resulting reasonably higher for
the array farthest from the target region (Array 1) and for the one inserted in the
trachea (Array 5).

6.9 Conclusion
One of the major drawbacks to widespread application of microwave hyper-

thermia in cancer therapy is the lack of a temperature monitoring system able to
reliably trace (and even predict) the temperature in the whole ROI throughout
the entire duration of the treatment (60-90 min). Invasive thermal probes provide
accurate thermometry (about 0.2◦C accuracy [129]), but the information is strictly
limited to a scarce number of locations [38], and their use must be reduced to the
bare minimum to avoid severe treatment-related morbidities [130]. Simulations,
while able to provide the needed spatial information, are not reliable: the main
hurdle is the large uncertainty characterizing thermal tissue properties, which vary
among patients and under thermal stress [27]. Other solutions to the temperature
monitoring problem are still at the research stage and often involve expensive and
complex equipment, as an MRI scanner [102, 15].

In this chapter, we have proposed a method which allows to obtain a real-time
3D temperature map in the patient’s region of interest from few, noisy, measurement
points, which can also be intraluminal (non-invasive), thus circumventing the issues
of the other techniques. The reliable reconstructed temperature map is intended
to be used by a treatment-supervising physician, or as feedback for automatic real-
time-adaptive treatment approaches [69, 75], to increase the efficacy and safety of
the procedure. The proposed method has been verified in a specific context, which
is that of microwave hyperthermia, but the applicability of the proposed technique
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extends to heat therapies in general, where the ability to monitor temperature ac-
curately becomes increasingly crucial as the involved temperatures rise, along with
the associated risk of irreversible tissue damage (e.g., in ablation treatments [104,
131]). Moreover, we focused our demonstration on the H&N region, a challenging
site due to tissue heterogeneity and the presence of thermosensitive regions like
the spinal cord; however, the presented technique could be generally applied to all
other regions where thermal therapies are used [1, 14].

To demonstrate the validity of the proposed method, we have considered two
different scenarios reproducing an HT treatment in the H&N region. In the first
scenario, we tested our procedure using fully anthropomorphic phantoms; here, we
reconstructed the temperature map corresponding to a combination of thermal pa-
rameters of the major tissues involved (target map) starting from few noisy points
along a fixed direction. To perform an exhaustive analysis, the method was applied
to about two thousand target maps in a wide range of cases (Figures 6.7a-c). The
T50 and T90 treatment quality parameters exhibit a median accuracy of 0.2◦C (IQR
0.4◦C) over the large set of cases considered (Table 6.5), strongly outperforming
the performance achieved with simulations based on literature values (SoA), i.e.,
4◦C median accuracy. The achieved accuracies align with the estimates consid-
ered promising in the relevant literature [27], suggesting that the proposed method
is a particularly good candidate for accurate 3D temperature dosimetry in HTP.
The method proved to be significantly robust against unexpected variations in pa-
rameters not included in the reconstruction process, as well as against geometric
displacements (Figure 6.7d). The T50 and T90 parameters can be predicted with a
median accuracy of 0.2◦C, even introducing variations of 10%-20% in the dielectric
parameters, and displacements of the phantom in the range ±5 mm (Table 6.5).

In the second scenario, the possibility to apply the proposed technique in a
non-invasive way, i.e., using RF-compatible intraluminal thermometry, has been
addressed; here, the procedure was experimentally tested using a mock-up repro-
ducing a HT treatment in the neck region. Temperature monitoring was performed
using arrays of FBGs sensors. The median temperature accuracy reached when
each array is individually considered as known when performing the reconstruction
for all probes (along all the arrays) and for the complete treatment duration is
in the range 0.4 ÷ 0.6 ◦C (Table 6.8), demonstrating acceptable values even when
the array used for the reconstruction is inserted into the phantom’s structure mim-
icking the trachea. Being obtained in a real environment, these values represent
an upper bound to the accuracies estimated in this article, which could likely be
further enhanced by increasing control over the implemented setup.

In the proposed technique, mutated replicas of the simulated system are used
for the creation of a framework where these replicas coexist and interact with scarce
measurements, to provide an estimate of the true state with reduced uncertainty.
In this perspective, the proposed method could be applied in principle also when
the measured data is only indirectly related to the physical quantities of interest,
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by modeling the target system along with the measurement process. This would
allow the proposed method to be used not only with fiber-optic temperature probes,
but also with a set of scarce and indirect measurements provided by non-invasive
methods such as the electrical impedance tomography [105, 106, 107, 108].

Possible limitations of the proposed technique are related to the level of accuracy
of the model used to describe the physics of the system, which is the Pennes bioheat
equation [35] in the presented work. The method could be applied in principle to
more complex models [132, 133], where high-performance computing techniques
will likely be required to handle the higher computational burden. Further studies
are also planned to test the robustness of the proposed method in the presence of
spatial inhomogeneities of crucial tissue parameters such as perfusion.

The validation of the method using phantoms presented in this article pro-
vides the necessary initial testing of the proposed technique. The proposed method
proves to be an effective solution to address the problem of temperature monitor-
ing: it strongly outperforms SoA simulations based on literature values; it provides
comparable accuracies as the optimization methods currently proposed in the lit-
erature [27] but in real-time; it is low-cost and does not present the issues of MR
thermometry; it is low-cost and has shown to be effective with non-invasive mea-
surements.

In light of the achieved results, we believe that this work and future tests with
clinical data could pave the way for the implementation of an effective means to plan
and control HT treatments, enhancing the application of HT in cancer therapies.
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Chapter 7

SAR-based Optimization via
Local Power Synthesis Algorithm

This chapter reports the published article [134].
As already mentioned, one of the preliminary steps in microwave hyperthermia

treatment planning is the optimization of antenna feeding coefficients, which aims
to maximize the specific absorption rate (SAR) within the tumor while minimizing
unwanted heating in surrounding healthy tissues. Conventionally, this optimization
relies on meta-heuristic global algorithms such as the Particle Swarm Optimization
(PSO). In this study, we consider a deterministic alternative to PSO in microwave
hyperthermia SAR-based optimization which is based on the Alternating Projec-
tions Algorithm (APA). This method iteratively projects the electric field distri-
bution onto a set of constraints to shape the power deposition within a predefined
mask, enforcing SAR focusing within the tumor while actively suppressing depo-
sition in healthy tissues. To address the challenge of selecting appropriate power
levels, we introduce an adaptive power threshold search mechanism using a prop-
erly defined quality parameter, which quantifies the excess of deposited power in
healthy tissues. The proposed method is validated on both a simplified numerical
testbed and a realistic anatomical phantom. Results demonstrate that the proposed
method achieves heating quality comparable to PSO in terms of tumor targeting,
while significantly improving hotspot suppression.

7.1 Introduction
As detailed in the previous chapters, Hyperthermia Treatment Planning (HTP)

is a key step in microwave hyperthermia (HT) preparation [67]. HTP uses patient-
specific anatomical models and detailed EM simulations to optimize the feeding
amplitude and phase of each antenna in the array applicator [38], with the aim
of selectively focusing energy within the tumor while limiting exposure in healthy
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tissues.
Various optimization techniques have been developed for HTP [135, 136, 137,

37, 138, 69]; among them, specific absorption rate (SAR)-based methods [69, 70, 71,
63, 89] remain the most practical and widely adopted in clinical settings, typically
implemented using global meta-heuristic algorithms such as the particle swarm op-
timization (PSO) algorithm [81]. While global meta-heuristic algorithms provide
robust solutions, they are computationally demanding and may require many itera-
tions to converge. This high computational cost can hinder real-time adjustments or
re-optimizations, even though the initial optimization is usually performed during
the pre-treatment planning phase.

In recent years, an alternative class of algorithms—local power synthesis tech-
niques—has been explored for SAR-based optimization [139, 140]. Inspired by far-
field antenna array synthesis [141, 142], these methods attempt to directly shape the
field/SAR distribution by constraining the electric field within a spatially defined
“power mask”.

Related deterministic strategies for shaping field/SAR intensity distributions
in inhomogeneous scenarios have also been proposed across biomedical electro-
magnetics and antenna synthesis literature, including the multi-frequency con-
strained SAR focusing framework developed for patient-specific hyperthermia to
improve control of off-target heating [143] and the auxiliary-model / control-point
paradigm that exploits unknown phase shifts between the fields at selected control
points [144]. Other complementary contributions originally developed for beam-
forming and scalar field shaping [145, 146] share with the present work the general
idea of enforcing spatial field specifications in complex environments.

In this study, we propose a deterministic SAR-based optimization method based
on the Alternating Projections Algorithm (APA). In the formulation adopted here,
the field samples are represented in a magnitude–phase space following the frame-
work of [142]. Under this framework, at each sampling point, the masking proce-
dure is applied only to the field magnitude, while the phase is left unconstrained.
However, general convergence guarantees are not expected, since the APA update
alternates amplitude-only masking in the field domain with an excitation update
through a pseudo-inverse radiation operator, and this mapping does not, in general,
preserve convexity of the involved sets [142]. Despite this, stable behavior was ob-
served in the investigated hyperthermia scenarios. This approach has demonstrated
to provide precise shaping of the SAR pattern, facilitating tumor targeting while
actively suppressing energy in healthy tissues.

To overcome the practical challenge of selecting appropriate power thresholds,
we introduce an adaptive threshold selection mechanism guided by a SAR-based
hotspot suppression indicator, denoted as V H , which quantifies the percentage of
healthy tissue volume exceeding a relative SAR level.

The proposed APA-based method is validated through simulations in both a
simplified numerical testbed and a realistic anatomical model of the H&N region.
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(a) (b)

Figure 7.1: (a) Clipping of a generic 1D function using a two-level mask, where val-
ues are confined between two thresholds thlow and thup through smooth transitions.
The distances rt and rh are the maximum radial distances from the tumor center
that define, respectively, the boundary of the tumor region and the outer edge of
the transition (gray) region. (b) APA mask defined on a 3D phantom: red points
correspond to the tumor region where the thlow is applied; gray points denote the
transition region where no constraints are imposed; blue points indicate the healthy
region (outside the transition zone) where the thup is enforced. For visualization
clarity, only the boundary of the healthy region is shown in blue.

Its performance is compared to that of the PSO-based SAR optimization in terms
of tumor coverage, hotspot suppression, and computational efficiency.

7.2 Optimization method
The primary objective of SAR-based optimization is to maximize power depo-

sition within the tumor region while minimizing the risk of overheating in the sur-
rounding healthy tissues. In deep hyperthermia, the electromagnetic field must in-
evitably propagate through layers of healthy tissue before reaching the tumor—this
is precisely what makes selective heating challenging. The optimization procedure
adjusts the feeding coefficients of the antenna array to exploit constructive inter-
ference in the tumor and destructive interference elsewhere, thereby focusing the
absorbed power where it is needed.

The total electric field can be written as the superposition of the individual elec-
tric fields generated by each antenna element when excited individually, weighted
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by their corresponding complex excitation coefficients. Accordingly:

E(r) =
N∑︂

n=1
bn en(r), (7.1)

where en(r) denotes the electric field at point r generated by the nth antenna with
unit excitation (all others turned off), and bn is the complex excitation coefficient
(amplitude and phase) of the nth antenna in an N -element array. In the present
work, we considered an array of patch antennas [17], linearly polarized along the
vertical (z) axis, as common in deep hyperthermia systems [18].

To optimize the excitation coefficients [b], we apply the Alternating Projections
Algorithm (APA). We discretize the electric fields defined in Equation (7.1) over a
set of M sampling points rm, corresponding to the mesh points in the simulated
volume of interest. The matrix:

[EN ] = [[e1] , [e2] , . . . , [eN ]] , (7.2)

collects the simulated electric fields generated by each unit-excited antenna. The
field distributions are calculated only once at the beginning of the optimization.
These fields are obtained from full-wave simulations in a heterogeneous anatomical
model, where each tissue is assigned its own dielectric properties. Each column [en],
n = 1, . . . , N , contains the values of the electric field vector en(r) estimated in the
set of spatial points rm, m = 1, . . . , M , arranged by stacking the three Cartesian
components as:

[en] =

⎡⎢⎢⎣
[en,x]
[en,y]
[en,z]

⎤⎥⎥⎦ , (7.3)

with:

[en,k] =

⎡⎢⎢⎢⎣
en,k(r1)

...
en,k(rM)

⎤⎥⎥⎥⎦ , k = x, y, z. (7.4)

To reproduce a power pattern focused on the tumor mass, a starting target field
[Et] (e.g., a Gaussian field centered on the tumor region) is considered and projected
onto the column space of the matrix [EN ] to find a reconstructed field [Erec

t ]. Before
generating the initial target field [Et], we assess the polarization of the unit-excited
fields en by examining the dominant component in the matrix [EN ]. In our setup,
the z-component entries are about one order of magnitude larger than the x- and
y-components, reflecting the intrinsic polarization of the chosen antenna type. The
Gaussian target [Et] is then generated using this dominant component, ensuring
that its polarization matches that of en. The amplitude and width of this starting
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Gaussian target field were properly fixed to fit an optimized power distribution in
the region of interest. Since the first reconstructed field was considerably different
from the target field, an iterative procedure was implemented to adapt its profile
to the desired focused pattern.

First, following common HTP procedures, the tumor (T ) and healthy (H) tissue
regions are identified; this step is performed in clinical practice using patient-specific
anatomical segmentations obtained from CT or MRI scans. Then, at each step
of this procedure, the squared norm of the reconstructed field is compared to a
power mask with two threshold levels (see for reference Fig. 7.1 and Sec. 7.3.2 for
details). To ensure a sufficient field focusing on the target, the first level thlow

is enforced within the tumor tissue T , defined as a region with maximum radial
extent rt. To avoid hotspots, the second level thup is applied in the healthy tissue
H located outside rh, where rh denotes the outer edge of the transition region
measured radially from the tumor centroid. The transition region is thus a shell
region defined between rt and rh where no constraints are imposed, allowing for a
more gradual tapering of the field (see Fig. 7.1b).

When the squared modulus of the reconstructed field is below thlow for rm ∈ T ,
or exceeds thup for rm ∈ H, its value is adjusted (clipped) to the corresponding mask
threshold, and the new field is projected again onto the columns of [EN ], providing
a vector of complex antenna feedings bn, n = 1, . . . , N , which is normalized at each
step to fix the total input power to 1 W. This normalization includes the parameters
P0, the total power fed to the array, R0, the reference input resistance, and ∥ [b] ∥2,
the squared norm of the complex excitation vector.

The detailed steps of the APA optimization procedure are outlined in Algo-
rithm 1.

To monitor convergence and determine the stopping point of the iterative pro-
cess, we adopt a well-established criterion from the literature [69], aimed at mini-
mizing the Hotspot-to-Target SAR Quotient (HTQ), defined as:

HTQ = ⟨SAR V1⟩
⟨SAR target⟩

, (7.5)

where ⟨SAR V1⟩ is the average SAR in V1, being V1 the 1% of the healthy volume
with the highest SAR [66, 77], and ⟨SAR target⟩ is the average SAR in the target
region. It should be noted that, for the evaluation of the HTQ metric, the healthy
tissue region is defined to include both the outer healthy region H and the transition
region (see Fig. 7.1), i.e., all tissues outside the tumor, in accordance with the
standard definition [66].

The developed APA algorithm includes a dynamic stopping criterion based on
the evolution of the HTQ parameter and the number of field points exceeding the
power mask. Specifically, the optimization is stopped when the HTQ reaches a
plateau, or begins to increase, and when the number of out-of-mask points starts
increasing persistently indicating that no further meaningful improvement can be
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Algorithm 1 APA Optimization Algorithm
1: procedure APA Optimization
2: Inputs: Electric field matrix [EN ], Gaussian initial guess [Et], tumor

region T , healthy region H, thlow, thup, input power P0, reference input resis-
tance R0

3: Output: Optimized antenna excitation vector
[︂
b̃
]︂

4: Initialization:
5: Compute pseudo-inverse: [EN ]† = pinv([EN ])

6: [b] = [EN ]† · [Et]
7: C = P0/(∥[b]∥2/(2R0))
8:

[︂
b̃
]︂

=
√

C [b]
9: [Erec

t ] = [EN ] ·
[︂
b̃
]︂

10: while stopping criterion not met do
11: for each voxel rm ∈ T do
12: if | [Erec

t ]m |2 < thlow then

13: [Erec
t ]m =

√
thlow · [Erec

t ]m
| [Erec

t ]m |
14: end if
15: end for
16: for each voxel rm ∈ H do
17: if | [Erec

t ]m |2 > thup then

18: [Erec
t ]m =

√︂
thup · [Erec

t ]m
| [Erec

t ]m |
19: end if
20: end for
21: [b] = [EN ]† · [Erec

t ]
22: C = P0/(∥[b]∥2/(2R0))
23:

[︂
b̃
]︂

=
√

C [b]
24: [Erec

t ] = [EN ] ·
[︂
b̃
]︂

25: end while
26: end procedure

achieved. This safeguards against unnecessary iterations and ensures timely con-
vergence within a maximum of 4000 iterations.
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7.3 Results

7.3.1 Reference testbed
To validate the APA-based SAR optimization, a simplified numerical phantom

of the human neck and an HT applicator were modeled in COMSOL Multiphysics® [48].
The setup, illustrated in Fig. 7.2a, consists of a cylindrical phantom mimicking the
human neck, surrounded by a circular array of N = 8 patch antennas, immersed
in water to emulate the clinically used waterbolus [18]. This device is a plastic bag
filled with circulating demineralized water to enhance electromagnetic coupling into
tissues, preventing superficial heating, and improve patient comfort [18].

The neck phantom is composed of concentric tissue layers, each assigned elec-
tromagnetic properties representative of typical H&N anatomy, following the widely
accepted dielectric model for biological tissues [26, 24, 25]. As illustrated in Fig. 7.2b,
the tissues include skin, fat, muscle, bone, spinal cord, and a tumor region. The
tumor is modeled as a sphere with radius rt = 6 mm and is embedded within the
phantom at coordinates (−18, −18, −15) mm relative to the center of the cylin-
drical phantom. For the tumor tissue, dielectric properties have been tailored for
realistic H&N HTP according to [27] (εr = 59 and σ = 0.89 S/m). Moreover, to
mimic the influence of the shoulders and minimize air–water boundary effects, the
phantom is positioned on a 4-cm thick muscle layer [17]. For APA optimization,
the outer radius of the transition region was assumed to be almost 1 cm greater
than the extent rt of the tumor, i.e., rh = 18 mm [147].

The array of patch antennas was designed and optimized to operate efficiently

(a) (b) (c)

Figure 7.2: (a) Circular array of patch antennas surrounding the simple neck model
immersed in the waterbolus. (b) Middle top view (z = 0 plane) of the simplified
neck model with all the considered tissues. (c) Employed patch antenna and opti-
mized dimensions.
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Algorithm 2 Adaptive Threshold Search for APA Optimization
1: Inputs: Electric field matrix [EN ], input power P0, reference input resistance

R0, tumor region T with radius rt, healthy region H with radius rh

2: Fixed Gaussian peak amplitude A0 at tumor center (xt, yt, zt) with the maxi-
mum achievable intensity

3: Candidate set {th(i)
up} to control hotspot suppression

4: Outputs: Optimal excitation vector
[︂
b̃
]︂⋆

and selected threshold th⋆
up

5: Determine the dominant polarization component ν of [EN ]
6: for each th(i)

up in candidate set do
7: Compute standard deviation σ0 = rh

(︂
2 log

(︂
A0/th(i)

up

)︂)︂−1/2

8: Compute th
(i)
low = A0 · exp (−r2

t /(2σ2
0))

9: Construct Gaussian field [Et] with parameters A0 and σ0 and polarization ν

10: Run APA Optimization (Algorithm 1) with ([Et] , th
(i)
low, th(i)

up)
11: Compute metrics V H

10% and V H
50%

12: Store results in Q(th(i)
up, V H

10%, V H
50%)

13: end for
14: Identify th⋆

up via Pareto trade-off between V H
10% and V H

50%

15: Return corresponding excitation vector
[︂
b̃
]︂⋆

at the frequency f = 434 MHz, as commonly used in clinical hyperthermia sys-
tems [17]. With reference to Fig. 7.2c, the optimized antenna geometry includes a
ground plane of dimensions Lsub = 50 mm, Wsub = 40 mm. The patch is placed at
a distance hsub = 8.8 mm from the ground and has dimensions Lp = 28.8 mm and
Wp = 8.4 mm. The antenna is fed by a coaxial probe located at an offset distance
xf = 4.8 mm from the patch edge.

In the implemented model, the electromagnetic and thermal distributions are
computed using the finite element method (FEM) [48]. A tetrahedral mesh is
employed, with maximum element sizes of 5 mm in the neck tissues and 1 mm in
the antenna applicator, as chosen to find a suitable trade-off between computational
cost and solution accuracy [14].

7.3.2 Power levels search
The effectiveness of the APA algorithm in maximizing power deposition in the

tumor region while suppressing unwanted hotspots in healthy tissues depends crit-
ically on the proper selection of the power mask thresholds. As illustrated in
Section 7.2, the first threshold thlow is applied in the tumor region T to ensure suf-
ficient field focusing, while the second threshold thup is defined in the healthy tissues
H to suppress the formation of hotspots. A transition region between these levels
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(a) (b)

Figure 7.3: (a) Pareto front generated during the APA threshold selection process,
showing the trade-off between SAR confinement (V H

10%) and hotspot suppression
(V H

50%). The knee point (highlighted in red) indicates the optimal point, corre-
sponding to (thlow, thup) = (9.08, 4.2) × 103 V2/m2. (b) Comparison of the V H

χ%
performance across increasing χ% for the APA (using the thresholds corresponding
to the knee point) and PSO-based SAR optimization.

allows smooth clipping, avoiding abrupt constraint changes in the field pattern (see
Fig. 7.1a).

To identify suitable values for these thresholds for the simplified testbed de-
scribed in Sec. 7.3.1, we introduce a metric denoted as V H

χ%, which measures the
percentage of healthy tissue volume experiencing SAR values above χ% of the max-
imum SAR within the tumor. The V H

χ% metric, computed for different χ values,
provides a more detailed understanding of SAR distribution than scalar perfor-
mance metrics such as the HTQ. Two values of this metric are primarily used:
V H

10% to assess overall SAR spillover into healthy tissues, and V H
50% to highlight the

presence of high-intensity hotspots.
The adaptive power mask search starts with generating a Gaussian field initial

guess as detailed in the Algorithm 2. A fixed peak amplitude A0 = 104 V2/m2 is
imposed at the tumor center (xt, yt, zt), ensuring a predefined maximum intensity
at the focal point. An upper bound to this quantity may be obtained by evaluating
the values of squared modulus of the electric field that can be reached inside the
tumor region by each field en in (7.1), combining these values assuming complete
constructive interference and taking into account the bound on the total input
power (lines 7 and 8, and 22 and 23 of Algorithm 1).

For each candidate upper threshold th(i)
up, which controls hotspot suppression

in the healthy tissues, the standard deviation σ0 of the Gaussian distribution is
computed so that the field intensity at the end of the transition region (distance
rh from the tumor center) corresponds to th(i)

up, i.e., σ0 = rh

(︂
2 log

(︂
A0/th(i)

up

)︂)︂−1/2
.
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The corresponding threshold th
(i)
low, applied within the tumor region of radius rt, is

then derived from the same Gaussian distribution as th
(i)
low = A0 · exp (−r2

t /(2σ2
0)).

Once defined the mask parameters (th(i)
low, th(i)

up), the APA optimization (Algo-
rithm 1) is performed, and the resulting SAR distribution is assessed using the V H

10%
and V H

50% metrics. These two metrics capture, respectively, the volume of healthy
tissue exposed to moderate and high levels of SAR relative to the tumor maximum.

A natural trade-off emerges: decreasing thup suppresses hotspots but may also
reduce tumor coverage, while increasing it enhances energy delivery to the tumor at
the expense of greater off-target exposure. To resolve this, a Pareto front is built by
plotting all candidate solutions in the (V H

10%, V H
50%) space, and the final configuration

is chosen from the knee of the curve—where both objectives are reasonably balanced
(see Fig. 7.3a). The knee point (highlighted in red) indicates the optimal point,
which corresponds to (thlow, thup) = (9.08, 4.2) × 103 V2/m2. The corresponding
APA excitation vector

[︂
b̃
]︂⋆

is retained as the optimal solution. It has been verified
that varying the most critical parameters involved in the adaptive threshold search,
such as the amplitude A0 and the transition region radius rh, by 10% of the selected
values did not change the achieved results. This indicates a fair stability of the
implemented optimization process.

7.3.3 SoA comparison
To assess the effectiveness of the proposed APA algorithm, we compare its per-

formance with that of a conventional PSO-based SAR optimization, a widely used
state-of-the-art (SoA) metaheuristic method. The PSO algorithm is implemented
with the same testbed (detailed in Sec. 7.3.1) with the goal of focusing the SAR
within the tumor while reducing energy deposition in the surrounding healthy tis-
sues by minimizing the cost function HTQ defined in (7.5).

Figure 7.3b illustrates the V H
χ% curves for the PSO benchmark and APA with

selected threshold configuration (corresponding to the knee point of Fig. 7.3a). It
is evident that APA shows improved spatial control, with lower SAR leakage into
healthy tissues across multiple χ values. This trend confirms that the threshold-
guided adaptation in APA yields more consistent control over energy distribution
than the global optimization behavior of PSO.
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The optimized complex excitation coefficients (amplitudes and phases) for each
antenna element resulting from APA and PSO optimization methods are summa-
rized in Table 7.1. These values represent the final configuration used to drive the
antenna array for each method.

From a computational standpoint, the PSO algorithm (with a swarm size of
100) required approximately 140 seconds to converge, on a Intel Core i9 worksta-
tion with 128 GB RAM. In contrast, a single APA optimization run completed in
less than 10 seconds. Including the time required for the adaptive threshold selec-
tion procedure (approximately 120 seconds), the overall APA computational time
remains comparable to that of PSO. Notably, the APA achieves superior hotspot
suppression while maintaining comparable computational performance. Note that
the time required to compute the electromagnetic field matrices—which is common
to both methods—is approximately 23 minutes and not included in the optimization
timings. Table 7.2 summarizes the key properties of the APA and PSO optimiza-
tions, including the number of iterations, the total computational time, and the
final HTQ values.
Table 7.1: Optimized antenna excitation coefficients (amplitudes and phases) for
APA and PSO

n
APA Optimization PSO Optimization

Amplitude (V) Phase (◦) Amplitude (V) Phase (◦)

1 4.68 45.3 3.591 318.0
2 5.06 29.4 2.270 288.3
3 3.37 33.2 3.053 298.3
4 3.77 76.1 3.568 349.6
5 3.15 124.4 4.686 57.5
6 1.05 120.6 2.680 359.9
7 1.08 128.4 2.912 326.2
8 3.84 92.4 4.719 0.0

Table 7.2: Comparison of the convergence indicators for APA and PSO

APA Optimization PSO Optimization

Num. iterations 1001 266
Total time (s) 128 140
HTQ (final) 0.8089 0.7998
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Qualitative results from the normalized SAR maps—with respect to the max-
imum SAR within the tumor region (T )—for a given input power are reported in
Fig. 7.4. While both PSO and APA provide good target heating, APA offers a
tighter confinement of the high-SAR regions, minimizing off-target exposure. This
reflects the benefits of using adaptive power thresholding during optimization. To-
gether, these results indicate that APA not only achieves comparable tumor tar-
geting performance to PSO but also improves safety by suppressing undesired SAR
levels in the surrounding healthy tissues.

To obtain the temperature distributions, a thermal simulation was performed
in COMSOL Multiphysics by solving the heat transfer study based on Pennes’ bio-
heat equation [35], where the locally computed SAR served as the electromagnetic
power deposition source term (see Sec. 2.3). As common in HTP, we considered
the steady-state version of the bioheat equation (Equation 2.11), which implies a
vanishing time-dependent term (∂T/∂t) [14].

Figure 7.4: Normalized SAR maps comparison between PSO (upper row) and APA
(lower row), displayed on the three canonical planes cutting the tumor sphere at
its centroid. The black dashed circle indicates the tumor sphere region. The APA
thresholds considered are (thlow, thup) = (9.08, 4.2)×103 V2/m2. While both meth-
ods achieve good tumor coverage, the APA solution results in more confined SAR
patterns, reducing hotspots outside the target.
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The model incorporated tissue-specific thermal properties and applied convec-
tive boundary conditions to mimic heat exchange with the surrounding environ-
ment [27, 47]. A convective heat flux boundary condition was applied at the in-
terface between the neck and the waterbolus, using a heat transfer coefficient of
h = 82 W/(m2·◦C) and an external reference temperature of Text = 20◦C. Addition-
ally, a convective boundary condition was imposed on the internal surface of the
trachea, with h = 50 W/(m2·◦C) and Text = 30◦C. The initial tissue temperature
was uniformly set to Tin = 37◦C.

The corresponding temperature maps in Fig. 7.5 further illustrate that APA
achieves comparable tumor heating to PSO with a lower total input power (P0 =
16 W vs. P0 = 26 W). These power levels were selected to ensure that the target
temperature of 42◦C was reached within the tumor region. The reduced power
requirement in the APA case highlights the algorithm’s superior ability to localize
energy deposition more effectively within the tumor, thereby improving treatment
efficiency while minimizing off-target heating in surrounding healthy tissues.

To demonstrate that the selected power levels ensure adequate thermal coverage,
Table 7.3 reports the standard thermal estimators T90, T50 and T10, defined as
the temperature exceeded by 90%, 50% and 10% of points in the tumor region [14].

Figure 7.5: Temperature map comparison between PSO (upper row) and APA
(lower row), visualized on the three canonical planes intersecting the tumor cen-
troid. The maps correspond to the SAR distributions shown in Fig. 7.4, obtained
with P0 = 26 W for PSO and P0 = 16 W for APA.
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Table 7.3: Standard thermal estimators obtained with the different methods

Method T90 (°C) T50 (°C) T10 (°C)

PSO 42.62 43.14 43.48
APA 42.55 43.14 43.51

APA (finer mesh) 42.63 43.13 43.46

The bottom line of Table 7.3 refers to the case where the feeding coefficients opti-
mized with the APA approach (Table 7.1) are used in a COMSOL model with the
maximum mesh size reduced from 5 mm to 2 mm in the all the neck tissues. A
variation of less than 0.2% between values reported in the top and bottom lines of
the table demonstrates the robustness of the mesh used to perform the optimization
(Sec. 7.3.1).

7.3.4 Realistic testbed
To evaluate the performance of the APA-based optimization under anatomically

realistic conditions, we also considered an HT setup implemented in the Sim4Life
simulation platform [118], as illustrated in Fig. 7.6a. The numerical model is based
on the phantom Duke V3.0 [124], a member of the Virtual Population (ViP), which
was developed from high-resolution magnetic resonance imaging (MRI) scans of
healthy volunteers. The phantom includes 305 anatomically segmented tissues,
offering a comprehensive and physiologically accurate representation for electro-
magnetic and thermal simulations.
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(a) (b)

(c) (d)

Figure 7.6: (a) Circular array of patch antennas surrounding the neck of the realistic
phantom Duke V3.0 [124] and immersed in the waterbolus. (b) Tumor target size
(expressed in mm) and its position near to the larynx of Duke. (c) Top view of
the phased array applicator surrounding the segmented phantom visualized on the
xy plane; the reported number are used to index the antennas of the array; the
tumor target is highlighted in green. (d) Employed patch antenna and optimized
dimensions.

A tumor region with irregular geometry—approximated as a deformed prolate
spheroid—was inserted into the laryngotracheal area (centroid at xt = 18.02 mm,
yt = 16.15 mm, zt = 1574.9 mm), as shown in Fig. 7.6b. This placement enables the
evaluation of SAR deposition performance in a clinically relevant scenario where
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anatomical heterogeneity presents significant targeting challenges.
The treatment applicator consists of a uniform circular array of N = 8 patch

antennas, optimized to operate at f = 434 MHz. While based on the same design
principles as in the simplified testbed, the antenna dimensions were re-optimized to
fit the anatomical features of the realistic phantom. The design parameters of each
antenna, shown in Fig. 7.6d, include: Lsub = 50 mm, Wsub = 40 mm, Lp = 31.0
mm, Wp = 7.2 mm, hsub = 8.4 mm, and xf = 4.96 mm. As in the previous setup,
a waterbolus surrounds the applicator (see Fig. 7.6c) [18].

In the Sim4Life model, the electromagnetic and thermal simulations are per-
formed using the finite-difference time-domain (FDTD) method. A rectilinear mesh
is employed, with a uniform voxel size of 2 mm in the phantom tissues and 1 mm
in the antenna applicator, in compliance with the ESHO guidelines [14].

To apply the proposed APA algorithm, as described in Sec. 7.2, to this anatom-
ically realistic testbed, the two thresholds must be defined according to the proce-
dure outlined in Sec. 7.3.2, which provided the Pareto front displayed in Fig. 7.7a.
For this setup, the thresholds were found to be: (thlow, thup) = (9.41, 5.8) ×
103 V2/m2 for the mask shown in Fig. 7.1b. The V H

χ% indicator reported in Fig. 7.7b
for the APA method using the selected thresholds shows an overall better SAR
confinement than the PSO. The lower values achieved by the V H

χ% parameter in
Fig. 7.7b with respect to Fig. 7.3b are due to the fact that the defined indicator is a
relative parameter expressed over the total number of points in the healthy region,

(a) (b)

Figure 7.7: (a) Pareto front generated during the APA threshold selection process,
showing the trade-off between SAR confinement (V H

10%) and hotspot suppression
(V H

50%). The knee point (highlighted in red) indicates the optimal point, corre-
sponding to (thlow, thup) = (9.41, 5.8) × 103 V2/m2. (b) Comparison of the V H

χ%
performance across increasing χ% for the APA (using the thresholds corresponding
to the knee point) and PSO-based SAR optimization.
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which is significantly greater in the realistic case (1.13M points) with respect to
the simplified model (56k points). For the realistic model, the computational time
required by the APA, including the search algorithm, was less than 80 minutes as
in the case of the PSO algorithm, here applied for comparison.

The resulting normalized SAR distributions—with respect to the maximum
SAR within the tumor region (T )—for a given input power are shown in Fig. 7.8.
The maps, displayed on the three canonical planes intersecting the tumor cen-
troid (marked by the green dot), compare PSO (upper row) and APA (lower row).
While both methods achieve adequate energy focusing on the tumor region, the
APA results exhibit a more spatially confined SAR pattern with significantly re-
duced hotspots in healthy tissues. This improvement arises from APA’s ability
to enforce adaptive spatial constraints through the use of a two-level power mask,
which simultaneously enhances energy focusing on the tumor and suppresses power
deposition in surrounding healthy regions.

Figure 7.8: Normalized SAR maps comparison between PSO (upper row) and APA
(lower row), displayed on the three canonical planes cutting the tumor sphere at
its centroid. The black dashed line indicates the contour of the target tumor. The
APA thresholds considered are (thlow, thup) = (9.41, 5.8) × 103 V2/m2. While both
methods achieve good tumor coverage, the APA solution results in more confined
SAR patterns, reducing hotspots outside the target.
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Figure 7.9: Temperature map comparison between PSO (upper row) and APA
(lower row), visualized on the three canonical planes intersecting the tumor cen-
troid. The maps correspond to the SAR distributions shown in Fig. 7.8, obtained
with P0 = 60 W for PSO and P0 = 44 W for APA. Thanks to better energy focus-
ing, APA achieves comparable tumor heating with lower input power, while also
reducing the presence of hotspots in healthy tissues.

Similar to the simplified testbed, the thermal response in the realistic anatomi-
cal model was simulated by solving the Pennes’ bioheat equation [35] in Sim4Life,
incorporating tissue-specific thermal properties and perfusion rates [26] and com-
pleted with setting the boundary conditions as performed in Sec. 7.3.3 for the
simplified phantom.

To further validate these results, the corresponding temperature distributions
are illustrated in Fig. 7.9. The PSO algorithm required P0 = 60 W to achieve
effective heating (≥ 42◦C in the tumor region), whereas the APA method reached
comparable temperature levels with only P0 = 44 W. This reduction in input
power demonstrates the efficiency of APA in shaping the energy deposition more
effectively, thus enhancing patient safety and minimizing the risk of overheating
in the surrounding healthy tissues. The temperature maps also clearly reflect re-
duced hotspot formation in the APA case, aligning well with the SAR confinement
observed in Fig. 7.8.

To further assess the thermal coverage achieved in the realistic testbed, Table 7.4
reports the same standard thermal estimators T90, T50 and T10, previously intro-
duced in Sec. 7.3.3. These indicators confirm that both the PSO and APA methods
deliver effective heating to the tumor region.

104



7.4 – Discussion and future works

Table 7.4: Standard thermal estimators obtained with the different methods

Method T90 (°C) T50 (°C) T10 (°C)

PSO 41.08 41.94 42.63
APA 41.05 41.83 42.50

7.4 Discussion and future works
While the present work focuses on demonstrating the APA optimization ap-

proach for deep hyperthermia in the H&N region—a particularly challenging anatom-
ical site due to its complex geometry and heterogeneous tissue composition—the
methodology presented is not limited to this application. The same optimization
framework can be extended to other anatomical sites commonly treated with deep
hyperthermia, such as the pelvic region for cervical and rectal cancer [14]. Investi-
gating the performance of APA in such cases would allow for a broader validation
of the method.

Another aspect worth exploring is the influence of tumor size and geometry on
the achievable thermal coverage. In this study, we have evaluated the approach
on a small irregularly shaped deep-seated tumor in the H&N region, representing a
challenging scenario for hyperthermia treatment planning. However, larger or more
irregularly shaped tumor models could present different optimization challenges. As
a future work, systematic testing on a variety of tumor shapes and volumes would
help quantify the robustness and adaptability of the APA algorithm.

Finally, although we limited the comparison of the proposed algorithm to the
PSO method—selected because it is widely used in clinically applied SAR-based
optimization routines [69]—other optimization strategies could serve as relevant
benchmarks. For instance, time reversal [138] has been proposed in the litera-
ture as an alternative field-focusing method. While time reversal relies on certain
approximations and may not capture full-wave nature of a metaheuristic optimiza-
tion approach like PSO, its comparative evaluation against APA in realistic patient
models could provide further insights.

7.5 Conclusions
This study presented a deterministic framework for SAR-based optimization

in microwave cancer hyperthermia, using the Alternating Projections Algorithm
(APA) as an efficient alternative to conventional metaheuristic approaches such as
the Particle Swarm Optimization (PSO). By enforcing a two-level power mask, APA
effectively shapes the electromagnetic energy deposition, achieving both strong tu-
mor targeting and suppression of hotspots in surrounding healthy tissues.
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To guide the mask selection process, we introduced an adaptive threshold search
strategy based on the defined V H

χ% metric, which quantifies off-target SAR exposure.
This metric enabled a systematic trade-off analysis, allowing the APA method to
dynamically balance tumor coverage with safety constraints, while ensuring efficient
heating of the tumor target.

The methodology was validated in both a simplified phantom and a realistic
H&N anatomical model. In both cases, the APA method achieved SAR distri-
butions and temperature profiles comparable to those obtained with the PSO al-
gorithm, but with a significantly reduced presence of hotspots and lower required
input power. Specifically, in the simplified model, comparable heating was achieved
with just 16 W for APA versus 26 W for PSO. Similarly, in the realistic setup, APA
reached the desired thermal performance with only 44 W, compared to 60 W for
PSO.

In conclusion, the proposed APA-based SAR optimization method offers a ro-
bust and tunable alternative to PSO for SAR-based optimization in microwave
hyperthermia treatment planning. Its deterministic nature and improved SAR and
temperature distributions make it particularly attractive for anatomically complex
targets, such as those found in the H&N region. Here, the algorithm was demon-
strated using a two-level power mask; future work will explore its extension to
multi-level masks and assess the resulting effects on focal quality and computa-
tional efficiency.
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Chapter 8

Conclusions

This thesis addressed key bottlenecks in advancing microwave hyperthermia as a
clinically reliable cancer treatment modality. The contributions span experimental,
computational, and algorithmic dimensions, unified by the goal of enabling patient-
specific, safe, and effective treatment planning and monitoring.

The research began with the development of a physical mock-up and its digital
twin, enabling reproducible experimental validation and precise simulation-based
studies. SAR-based optimization was investigated, introducing strategies that im-
proved antenna matching and energy focusing without compromising treatment
quality. The influence of blood flow on temperature distribution was explicitly
quantified, underscoring the need for vascular modeling in hyperthermia planning.

The central contribution lies in the design of a real-time 3D temperature recon-
struction framework. By merging sparse sensor data with libraries of pre-computed
simulations, the method delivers accurate, robust, and computationally efficient
temperature monitoring. This approach provides a pathway toward minimally in-
vasive thermometry, addressing one of the major limitations of current clinical
practice. Complementing this, the proposed APA-based optimization method of-
fers a deterministic, low-power, and hotspot-suppressing alternative to conventional
SAR-based optimization techniques, validated across simplified and realistic scenar-
ios.

Taken together, these contributions demonstrate a coherent strategy for bridg-
ing the gap between simulation and clinical translation in hyperthermia. Future
research may extend these methods to other anatomical sites, integrate uncertainty
quantification more deeply, and explore clinical integration of the developed meth-
ods. Ultimately, the framework developed in this thesis contributes to the broader
objective of establishing hyperthermia as a standard adjunct in cancer therapy,
combining effectiveness with safety and accessibility.
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