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Summary

Neurodegenerative diseases such as Alzheimer’s disease and Parkinson’s disease repre-
sent a major and growing global health challenge. Both conditions are progressive and
currently incurable, with symptoms that evolve over a long prodromal phase. Despite
their different clinical manifestations, they share a common need for early detection:
identifying pathological changes at an initial stage can significantly improve patients’
quality of life, enable timely therapeutic interventions, support caregivers, and reduce
the socio-economic burden on healthcare systems. However, existing diagnostic tech-
niques are often invasive, expensive, or unsuitable for large-scale screening, limiting
their applicability in early-stage.

In this context, microwave-based techniques have recently attracted attention as
non-invasive, low-cost, and portable alternatives for neurological assessment. Oper-
ating through the interaction between electromagnetic waves and biological tissues,
these methods are sensitive to variations in dielectric properties associated with phys-
iological and pathological changes. Such characteristics make microwave technologies
particularly appealing for population-level screening.

The first part of this thesis focuses on Alzheimer’s disease (AD) and investigates
the feasibility of microwave sensing for its early detection and staging. The proposed
approach is motivated by emerging evidence that abnormal concentrations of protein
biomarkers in the early phases of AD induce measurable changes in the electromag-
netic properties of cerebrospinal fluid (CSF). A conformal six-element antenna array,
positioned on the upper portion of the head and operating in the 500MHz to 6.5 GHz fre-
quency range, was designed to measure variations in the scattering parameters result-
ing from intracranial CSF permittivity changes. Diagnostic information was extracted
using a multi-layer perceptron neural network. The classification strategy consisted of
a two-step process, comprising a binary classification to determine disease presence and
a multi-class classification to assess disease severity. The system was trained and vali-
dated through controlled experiments conducted on an anthropomorphic, multi-tissue
head phantom, specifically designed for this application. The results demonstrate that
reliable classification can be achieved using amplitude-only data, supporting the feasi-
bility of the proposed method.

The second part of the thesis addresses Parkinson’s disease, that is characterized
by neurodegenerative processes affecting the substantia nigra, a deep brain structure,
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which in its early stages may lead to dielectric asymmetries between the two brain
hemispheres. In this work, the potential of differential microwave imaging to detect
small permittivity contrasts associated with the illness was investigated through a con-
trolled phantom study. A simplified two-dimensional head phantom was developed
using a 3D-printed cylindrical container filled with water, incorporating a Teflon tube
to represent the substantia nigra. The tube was filled with hot water, whose gradual
coolingwas used to emulate controlled dielectric variations. A four-antenna differential
imaging system was employed, with image reconstruction performed using the multi-
frequency bi-focusing algorithm. The results demonstrate the ability of the system to
detect dielectric contrasts corresponding to temperature variations as small as 0.4∘C,
equivalent to approximately 0.17% in relative permittivity. Although the exact dielec-
tric alterations associated with Parkinson’s disease are not yet fully characterized, these
findings confirm the high sensitivity of the proposed approach and support the poten-
tial of differential microwave imaging as a promising tool for future investigations into
Parkinson’s disease detection.

Overall, this thesis demonstrates the feasibility and sensitivity of microwave-based
sensing and imaging techniques for the early investigation of neurodegenerative dis-
eases, highlighting their potential role as complementary, non-invasive tools for large-
scale screening and preliminary diagnosis of Alzheimer’s and Parkinson’s disease.

iv





Acknowledgements

First of all, I would like to thank my supervisor, Professor Francesca Vipiana, for the at-
tention and dedication she has always shown to me and to the entire Wavision research
group. From the very beginning, she has been an example of how to lead a passionate
team with decisiveness and scientific rigor, while never neglecting the personal atten-
tion that each member deserves. I am also deeply grateful to my co-supervisor, Dr.
Jorge Tobón, who has always been there whenever I needed guidance and support.

I would also like to thank Professor Luis Jofre-Roca for his invaluable guidance
during my time at Universitat Politècnica de Catalunya. His advice and the time he
dedicated to sharing his thoughts and experiences have been extremely enriching for
my work and my personal life.

Finally, I wish to thank David, Martina, Cristina, Ali, Martin, Michael, Kaan, Jorge,
Victor, Calin, Ramiro, Stefano, Marco, and all the colleagues who accompanied me
throughout this journey. A special thanks goes to Valeria, whose meticulous revisions
greatly improved the quality of this thesis.

vi



I would like to dedicate
this work to my parents
and to my grandparents,
thank you for the
unconditional support
you always gave me



Contents

List of Tables xi

List of Figures xiii

1 Introduction 1
1.1 Principles of Microwave-Based Techniques . . . . . . . . . . . . . . . . 1

1.1.1 Scattering Parameters and Vector Network Analyzers . . . . . 3
1.1.2 Microwave Sensing . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.1.3 Microwave Imaging . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2 The Uses of Microwave Imaging and Sensing . . . . . . . . . . . . . . . 6
1.3 Medical Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.4 Motivation and Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . 8

2 Alzheimer’s Disease 11
2.1 Overview of Alzheimer’s Disease and Risk Factors . . . . . . . . . . . . 11

2.1.1 Clinical Symptoms, Disease Progression and Physiological Changes 12
2.1.2 Epidemiology and Global Impact . . . . . . . . . . . . . . . . . 13

2.2 Diagnosis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.1 Clinical Examination and Symptom Based Diagnosis . . . . . . 15
2.2.2 Imaging and Laboratory Tests Used in AD . . . . . . . . . . . . 15

2.3 Current approaches for early detection . . . . . . . . . . . . . . . . . . 19
2.4 Microwave Based Approach to AD Detection . . . . . . . . . . . . . . . 19

2.4.1 Rationale for Microwave Sensing in This Work . . . . . . . . . 20

3 A proof-of-concept Study of Microwave Sensing for Early Alzheimer’s
Disease Detection 23
3.1 Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.2 Phantom . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.3 Antennas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.4 Data Acquisition Protocol and Dataset Construction . . . . . . . . . . . 28
3.5 Machine Learning Implementation Strategies . . . . . . . . . . . . . . . 29
3.6 Experimental Results and Discussion . . . . . . . . . . . . . . . . . . . 31

viii



4 Design andValidation of aMicrowave Sensing System for EarlyAlzheimer’s
Disease Detection 33
4.1 Microwave Sensing System . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.1.1 Antenna Selection and Configuration . . . . . . . . . . . . . . . 34
4.2 Custom Phantom Development . . . . . . . . . . . . . . . . . . . . . . 36

4.2.1 Material Selection and Characterization . . . . . . . . . . . . . 36
4.2.2 Phantom Fabrication Process . . . . . . . . . . . . . . . . . . . 39

4.3 Dataset Construction and Evaluation Protocol . . . . . . . . . . . . . . 40
4.3.1 Measurement Setup and Protocols . . . . . . . . . . . . . . . . 40
4.3.2 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . 40
4.3.3 Dataset Partitioning . . . . . . . . . . . . . . . . . . . . . . . . 41

4.4 Machine Learning for Classification . . . . . . . . . . . . . . . . . . . . 44
4.4.1 Principal components analysis . . . . . . . . . . . . . . . . . . 44
4.4.2 Classification Algorithm and Training Strategy . . . . . . . . . 45
4.4.3 Performance Metrics and Evaluation Criteria . . . . . . . . . . 47

4.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.5.1 Binary classification . . . . . . . . . . . . . . . . . . . . . . . . 48
4.5.2 Multiclass classification . . . . . . . . . . . . . . . . . . . . . . 50
4.5.3 Clinical implementation . . . . . . . . . . . . . . . . . . . . . . 52

5 Parkinson’s Disease 53
5.1 Overview on Parkinson’s Disease . . . . . . . . . . . . . . . . . . . . . 53

5.1.1 Clinical Symptoms, Disease Progression and Physiological Changes 54
5.1.2 Epidemiology and Socio-Economic Impact . . . . . . . . . . . . 55

5.2 Diagnosis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
5.2.1 Clinical Examination and Sypmtom-Based Diagnosis . . . . . . 56
5.2.2 Imaging and Laboratory Tests Used in PD . . . . . . . . . . . . 57

5.3 Current Early Diagnostic Strategies . . . . . . . . . . . . . . . . . . . . 57
5.3.1 Digital and Sensor-Based Monitoring . . . . . . . . . . . . . . . 58
5.3.2 Biomarkers and Neuroimaging Techniques . . . . . . . . . . . . 59

5.4 Opportunities for Microwave Imaging in PD . . . . . . . . . . . . . . . 59

6 Microwave Imaging for Parkinson’s Disease Detection 63
6.1 Dielectric Characterization of Water . . . . . . . . . . . . . . . . . . . . 64

6.1.1 Theoretical Model from Literature . . . . . . . . . . . . . . . . 64
6.1.2 Experimental Measurements . . . . . . . . . . . . . . . . . . . . 65

6.2 Microwave Imaging System . . . . . . . . . . . . . . . . . . . . . . . . 68
6.2.1 Antennas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
6.2.2 Phase Center Determination . . . . . . . . . . . . . . . . . . . . 71

6.3 Multi-Frequency Bi-Focusing Imaging Algorithm . . . . . . . . . . . . 72
6.3.1 Algorithm Description . . . . . . . . . . . . . . . . . . . . . . . 72

6.4 Experimental Phantom Design and Fabrication . . . . . . . . . . . . . . 74

ix



6.5 Thermal Analysis and Stability of the Phantom Environment . . . . . . 75
6.5.1 Measurement Setup and Protocols . . . . . . . . . . . . . . . . 76

6.6 Experimental Results and Discussion . . . . . . . . . . . . . . . . . . . 77

7 Conclusion and Perspectives 81
7.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . 81

7.1.1 Alzheimer’s disease . . . . . . . . . . . . . . . . . . . . . . . . . 81
7.1.2 Parkinson’s disease . . . . . . . . . . . . . . . . . . . . . . . . . 83

7.2 Open Challenges and Future Directions . . . . . . . . . . . . . . . . . . 84
7.2.1 Alzheimer’s disease . . . . . . . . . . . . . . . . . . . . . . . . . 85
7.2.2 Parkinson’s disease . . . . . . . . . . . . . . . . . . . . . . . . . 85

Bibliography 87

x



List of Tables

1.1 ITU/IEC frequency band classification within the microwave range. . . 2
1.2 IEEE Standard 521-2002 radar-frequency band nomenclature. . . . . . . 2
2.1 Key Findings from the Macroeconomic Burden Analysis of Alzheimer’s

Disease and Other Dementias (ADODs) [60] . . . . . . . . . . . . . . . 14
2.2 Standardized cognitive and functional assessment protocols for Alzheimer’s

disease . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.3 Overview of physiological biomarkers associated with Alzheimer’s dis-

ease across different measurement modalities. . . . . . . . . . . . . . . 18
2.4 Summary of journal articles onmicrowave sensing/imaging for Alzheimer’s

related detection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.1 Recipes of solid materials used in the anthropomorphic phantom em-

ployed in the proof-of-concept study. . . . . . . . . . . . . . . . . . . . 25
3.2 Definition of Training Sets for Robustness Analysis . . . . . . . . . . . 29
3.3 Optimized parameters for Method 1 . . . . . . . . . . . . . . . . . . . . 29
3.4 Optimized Parameters for Method 2 . . . . . . . . . . . . . . . . . . . . 30
3.5 Optimized Parameters for Method 3 . . . . . . . . . . . . . . . . . . . . 31
3.6 Comparative Accuracy of the Three Methods on Test Data . . . . . . . 32
3.7 Detailed classification metrics for Set 4 (Test Data) . . . . . . . . . . . . 32
4.1 Optimized geometrical parameters of the circular monopole antenna

(dimensions inmm). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.2 Graphite powder mass percentage for tissue-mimicking mixtures. . . . 37
4.3 Recipes for artificial CSF . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.4 Binary classification, hyperparameters optimization results, DD1. . . . 46
4.5 Binary classification, hyperparameters optimization results, DD2. . . . 46
4.6 Binary classification, validation phase accuracy results in percentages. 48
4.7 Binary classification performances on the test set, Data Division 1, re-

sults in percentages. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.8 Binary classification performances on the test set, Data Division 2, re-

sults in percentages. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.9 Multi-class classification, module configuration, MLP hyper-parameters. 50
5.1 Economic and social impact of Parkinson’s disease. . . . . . . . . . . . 56
5.2 Current imaging and laboratory technologies for PD detection. . . . . . 58

xi



5.3 Pre-Symptomatic and Early Diagnostic Biomarkers for Parkinson’s Dis-
ease (Non-Motor). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6.1 Relative sensitivity of 𝜎 per 0.1∘C shift at specific frequencies. . . . . . 67
6.2 Relative sensitivity of 𝜀𝑟 per 0.1∘C shift at specific frequencies. . . . . . 68

xii



List of Figures

2.1 Alzheimer’s dieasease progressionwith a realistic estimate of the timing
of the events. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.1 proof-of-concept experimental setup; (a): CSF-mimicking liquids; (b)
multi-tissue anthropomorphic head phantom, on the side four antennas
are placed, the CSF liquid can be poured from the aperture, a clamp
closes/opens the tube to flush the fluid; (c) vector network analyzer; (d)
central processing unit. . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.2 Relative permittivity of the synthetic CSF formulations. The graphs il-
lustrate the properties of the five manufactured mixtures, distinguish-
ing between the healthy mimic and the four pathological variants. The
dashed red line indicates the literature reference value for healthy hu-
man CSF. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.3 Conductivity of the synthetic CSF formulations. The graphs illustrate
the properties of the five manufactured mixtures, distinguishing be-
tween the healthymimic and the four pathological variants. The dashed
red line indicates the literature reference value for healthy human CSF. 26

3.4 Sensors used in the proof-of-concept MWS system: left: schematic with
the main dimensions inmm; right: antenna picture. . . . . . . . . . . . 27

3.5 Reflection parameters of the four antennas when put on the surface of
the phantom filled with the healthy CSF-mimicking liquid . . . . . . . 28

4.1 Schematic of themicrowave sensing system including the VNA, the cus-
tom antenna array, and the head phantom. . . . . . . . . . . . . . . . . 34

4.2 Circular monopole antenna design: (a) geometrical layout and (b) the
realized prototype used in the array. . . . . . . . . . . . . . . . . . . . . 35

4.3 Modeled power density distribution (dBW /𝑚2) inside a block of layered
tissues at 0.5, 3.5, and 6.5 GHz. The striped layer denotes the location of
the CSF. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

xiii



4.4 Measured scattering parameters on the six antennas on the phantom:
(a) Reflection coefficients and (b) Transmission coefficients grouped by
antenna distance. Short distances are highlighted using green dotted
lines, whereas medium and long distances are marked with blue and
red dashed lines. Additionally, a diagram in the corner illustrates the
geometric placement of the antennas on the phantom. . . . . . . . . . . 36

4.5 Measured dielectric properties of the materials used to create the phan-
tom: (a) permittivity and (b) conductivity. . . . . . . . . . . . . . . . . . 37

4.6 Measured dielectric properties of the created liquids that mimic CSF: (a)
permittivity and (b) conductivity. . . . . . . . . . . . . . . . . . . . . . 38

4.7 The printed fat-mimicking part of the phantom. The tube used to empty
the CSF gap is attached to the inner part. . . . . . . . . . . . . . . . . . 39

4.8 The anthropomorphic head phantom: (a) assembled view, (b) external
shell, and (c) internal brain core. . . . . . . . . . . . . . . . . . . . . . . 40

4.9 Protocol scheme for one measurement cycle. . . . . . . . . . . . . . . . 41
4.10 Data augmentation. (a) Original array configuration, and (b) flipped

configuration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
4.11 Graphical representation of the two data divisions. . . . . . . . . . . . 43
4.12 PCA analysis. (a) Real and imaginary parts; (b) module only. . . . . . . 45
4.13 MLP confusion matrices. for the multi-class classification with four

pathological classes, using the module of the scattering parameters as
dataset features. A darker color indicates a higher value.(a) DD1, 60:40 (%);
(b) DD2, 70:30 (%). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.14 MLP confusionmatrices for themulti-class classificationwith two patho-
logical classes, using the module of the scattering parameters as dataset
features. A darker color indicates a higher value. (a) DD1, 60:40 (%);
(b) DD2, 70:30 (%). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

6.1 Dielectric properties 𝜀𝑟 (blue) and 𝜎 (orange) of water across a 25∘C to
50∘C range. Data points are derived from the Debye model at discrete
frequency intervals. All results show a linearity coefficient 𝑅2 > 0.985. 65

6.2 Frequency dependent relative deviation between Debye predictions and
empirical data. (a) Maximum error for conductivity. (b) Maximum error
for relative permittivity. . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

6.3 Dielectric characteristics of deionized water as a function of thermal
state. (a) Conductivity results. (b) Relative permittivity results. . . . . . 67

6.4 Experimental system architecture: (left) Vector network analyzer in-
tegration. (right) Geometric antenna distribution within the phantom
boundaries. The target coordinate for the dielectric contrast is indicated
by the red marker. Grid units are inmm. . . . . . . . . . . . . . . . . . 69

6.5 Extended gap ridge horn antenna architecture: (a) Isometric 3D view.
(b) Longitudinal cross section. (c) Aperture front view. . . . . . . . . . 70

xiv



6.6 Measured reflection coefficients of the sensors immersed in water at
25∘C: (a) Magnitude response. (b) Phase response. . . . . . . . . . . . . 70

6.7 Measured transmission coefficients between antenna pairs in water at
25∘C: (a) Magnitude response. (b) Phase response. . . . . . . . . . . . . 71

6.8 Phase center reconstruction: The simulated position of the phase cen-
ter relative to the antenna aperture is indicated by the blue curve with
circular markers, while the red curve with triangular markers shows
the corresponding polynomial fit. Representative top-view maps of the
electric field distributions employed for the phase center estimation are
reported at 0.8 GHz and 2.0 GHz. . . . . . . . . . . . . . . . . . . . . . . 72

6.9 Experimental phantom utilized for system validation: (a) The empty
PLA structure prior to VNA integration. (b) The fully assembled and
water-filled system during data acquisition. External stabilizing strips
were utilized to maintain the vertical alignment of the Teflon target. . . 75

6.10 Measurement protocol for the PD experiment: hot water (40.5∘C) is
poured in the target tube and each time a 0.1∘C decrease is detected
the 𝑆-parameters are recorded. . . . . . . . . . . . . . . . . . . . . . . . 77

6.11 Frequency analysis regarding differential transmission scattering pa-
rameters. Data reliability decreases above 2GHz, necessitating the use
of the 0.5 to 2GHz band for imaging. (a) Magnitude. (b) Phase. . . . . . 78

6.12 Differential reconstruction comparing an air filled target against a water
background. The magenta circle denotes the actual target site, which is
correctly identified by the algorithm. . . . . . . . . . . . . . . . . . . . 78

6.13 Reconstructed differential maps for temperature gradients ΔT between
0.1∘C and 0.9∘C. The target location is highlighted with amagenta circle
in all frames. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.14 Quantitative reconstruction metrics: (a) spatial offset between the re-
constructed peak and the true target center versus ΔT; (b) peak magni-
tude as a function of ΔT including a linear regression fit. The 𝑅2 value
is provided in the inset. . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

xv



Chapter 1

Introduction

1.1 Principles of Microwave-Based Techniques
The interaction between microwaves and matter provides a powerful means of prob-
ing material composition in a non-invasive and non-ionizing way. Over the past few
decades, microwave-based methods have attracted growing attention due to their abil-
ity to sense dielectric contrast, offering complementary information to other imaging
modalities. Because they use low-power electromagnetic waves, these techniques are
safe, cost-effective, and suitable for compact and portable implementations. As a re-
sult, they have found applications across diverse areas, from industrial monitoring to
biomedical diagnostics, where understanding local dielectric behavior is essential [1, 2].

Microwaves are generally defined as electromagnetic waves in the frequency range
between 300MHz and 300GHz. According to the International Telecommunication
Union (ITU) Radio Regulations, this spectral region is subdivided into three main bands:
the Ultra High Frequency (UHF) band spanning 300MHz–3GHz, the Super High Fre-
quency (SHF) band covering 3–30GHz, and the Extremely High Frequency (EHF) band
ranging from 30–300GHz [3]. The latter corresponds to the so-called millimeter-wave
region, characterized by wavelengths between 10mm and 1mm. In microwave en-
gineering, it is also usual to adopt the IEEE Standard 521-2002 radar-frequency band
nomenclature, which partitions the microwave and millimeter-wave ranges into finer
sub-bands (L, S, C, X, Ku, K, Ka, V, W, D), widely used in antenna design, radar, and
microwave imaging applications [4]. The two classifications are complementary: the
ITU bands, shown in Table 1.1, provide a regulatory and global framework, whereas
the IEEE letter bands, shown in Table 1.2, offer a practical engineering-oriented subdi-
vision for system design and frequency allocation.

Microwave-based diagnostic methods typically operate in the UHF band according
to the ITU classification, or within the L- and S-bands in the IEEE nomenclature. These
frequency regions provide a practical compromise between spatial resolution, which

1



Introduction

Band Frequency Range Metric subdivision

UHF 300 MHz – 3 GHz Decimetric region
SHF 3 GHz – 30 GHz Centimetric region
EHF 30 GHz – 300 GHz Millimetric region

Table 1.1: ITU/IEC frequency band classification within the microwave range.

Band Frequency Range Wavelength Range

L-band 1–2 GHz 30–15 cm
S-band 2–4 GHz 15–7.5 cm
C-band 4–8 GHz 7.5–3.75 cm
X-band 8–12 GHz 3.75–2.5 cm
Ku-band 12–18 GHz 2.5–1.7 cm
K-band 18–27 GHz 1.7–1.1 cm
Ka-band 27–40 GHz 11–7.5 mm
V-band 40–75 GHz 7.5–4 mm
W-band 75–110 GHz 4–2.7 mm
D-band 110–170 GHz 2.7–1.7 mm

Table 1.2: IEEE Standard 521-2002 radar-frequency band nomenclature.

improves at higher frequencies, and penetration depth, which increases at lower fre-
quencies. Nevertheless, certain microwave diagnostic techniques may exploit higher-
frequency bands when enhanced resolution or specific electromagnetic interactions are
required.

All these technologies rely on the sensitivity of electromagnetic fields to the dielec-
tric properties of materials. The response of a sample exposed to microwaves depends
on its complex permittivity 𝜀𝑟, defined as:

𝜀𝑟 = 𝜀′
𝑟 − 𝑗𝜀″

𝑟 , (1.1)

where 𝜀′
𝑟, the real part, is also known as the dielectric constant of the material, or the

relative permittivity, and describes how well a material stores electric energy through
polarization, and 𝜀″

𝑟 , the imaginary part, characterizes the losses and is related to the
equivalent conductivity 𝜎 of the material through the formula:

𝜀″
𝑟 = 𝜎

𝜔𝜀0
, (1.2)

where 𝜔 is the angular frequency and 𝜀0 is the vacuum permittivity. This complex
permittivity is not the same for every frequency, the frequency-dependent behavior of
materials can be described using dispersionmodels. The Debyemodel provides a simple

2



1.1 – Principles of Microwave-Based Techniques

but effective representation of how permittivity varies with frequency. The order 1
Debye model expresses the complex permittivity as:

𝜀𝑟(𝜔) = 𝜀∞ +
𝜀𝑠 − 𝜀∞
1 + 𝑗𝜔𝜏

, (1.3)

where 𝜀𝑠 is the static permittivity, 𝜀∞ is the permittivity at infinite frequency, and 𝜏 is
the relaxation time associated with molecular dipole rotation. This formulation cap-
tures the characteristic dispersion and absorption mechanisms arising from dipolar re-
laxation in biological media [5].

While the Debye model offers a good approximation for simple materials as single-
component liquids, more complex tissues are usually better described by the Cole-Cole
model [6]. The Cole-Cole model extends the Debye representation to account for the
distribution of relaxation times typically observed in complex biological tissues. The
complex permittivity in the Cole-Cole model is expressed as:

𝜀𝑟(𝜔) = 𝜀∞ +
𝜀𝑠 − 𝜀∞

1 + (𝑗𝜔𝜏)1−𝛼 , (1.4)

where 𝛼 is an empirical constant that ranges from 0 to 1. This exponent describes the
broadening of the relaxation peak, which reflects the structural heterogeneity of the
medium. If 𝛼 is equal to zero, the equation becomes the order 1 Debye model.

Changes in complex permittivity alter the transmission and the scattering of mi-
crowaves. Inmicrowave-based systems, the transmittedwave carries information about
the material it has crossed, because its amplitude and phase are modified according to
the losses and dielectric properties encountered along the path. Scattering, instead, de-
scribes the process by which an incident electromagnetic wave is redirected as a con-
sequence of spatial variations in the dielectric properties of a medium. Whenever a
wave encounters an inhomogeneity in permittivity, part of the energy is re-radiated
in different directions. This scattered field carries information about the location, size,
and contrast of those dielectric inhomogeneities. By exploiting these principles, it be-
comes possible to detect or map variations in permittivity and conductivity, enabling
both microwave sensing and microwave imaging applications.

1.1.1 Scattering Parameters and Vector Network Analyzers
Microwave-based systems are commonly characterized through their response to inci-
dent electromagnetic waves. A practical and widely adopted instrument for this pur-
pose is the Vector Network Analyzer (VNA). A VNA generates a knownmicrowave sig-
nal, injects it into the device under test (DUT), and measures how the system modifies
the amplitude and phase of the resulting electromagnetic waves. Accurate microwave
measurements require proper calibration of the VNA to remove the systematic errors
introduced by cables, connectors, and measurement fixtures. Calibration effectively
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shifts the reference plane to the input of the DUT, ensuring that the measured scatter-
ing parameters reflect only the DUT response. Common calibration techniques include
Short–Open–Load–Thru (SOLT), which is widely used for coaxial measurements, and
Thru–Reflect–Line (TRL), which is preferred for waveguide or planar structures where
ideal standards are difficult to realize. A good calibration is essential to obtain reliable
and repeatable measurements, particularly when small dielectric variations must be re-
solved. A VNA operates by sequentially exciting each port of a multi-port setup with
a calibrated incident signal. For every excitation, the instrument measures the waves
emerging from all ports, capturing both magnitude and phase. These measurements
are expressed in terms of scattering parameters, which form the scattering matrix.

Scattering parameters, commonly referred to as 𝑆-parameters, quantify how an in-
cident electromagnetic wave is distributed across the various ports of a device, indi-
cating the fractions of power that are reflected, transmitted, or coupled between ports.
Each 𝑆-parameter is identified by the letter S followed by two indices. The second in-
dex denotes the port where the signal is injected, while the first indicates the port from
which the response is measured. For example, in the simplest case of a two-port device,
four fundamental parameters fully characterize its behavior:

• 𝑆11 quantifies the reflection at port 1, indicating the ratio between the reflected
and incident waves.

• 𝑆21 represents the transmission coefficient that describes how efficiently power
injected at port 1 is transferred to port 2.

• 𝑆12 represents the transmission from port 2 to port 1. For reciprocal structures,
such as those typically used in microwave imaging, one expects 𝑆12 = 𝑆21. Any
noticeable difference between the two generally arises from measurement or cal-
ibration inaccuracies rather than from the physics of the system.

• 𝑆22 is the reflection coefficient at port 2, quantifying the ratio between the re-
flected and incident waves at that port.

Because microwave signals exhibit both amplitude and phase variations, each 𝑆-
parameter is a complex quantity. The magnitude provides information about the frac-
tion of power involved in reflection or transmission, whereas the phase reveals how the
wave is shifted as it propagates through the network.

For an 𝑁-port structure, all the 𝑆-parameters can be arranged in an 𝑁×𝑁 scattering
matrix, where the element 𝑆𝑖𝑗 represents the response at port 𝑖 to an excitation at port 𝑗.
For instance, for a four-port system at a single frequency point, the scattering matrix
can be written as

S =
⎡
⎢
⎢
⎢
⎣

𝑆11 𝑆12 𝑆13 𝑆14
𝑆21 𝑆22 𝑆23 𝑆24
𝑆31 𝑆32 𝑆33 𝑆34
𝑆41 𝑆42 𝑆43 𝑆44

⎤
⎥
⎥
⎥
⎦

, (1.5)
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where the diagonal elements 𝑆𝑖𝑖 denote the reflection coefficients at each port, while the
off-diagonal elements 𝑆𝑖𝑗 (𝑖 ≠ 𝑗) correspond to the transmission coefficients between
different ports.

This matrix-based description offers a complete representation of the inter-port in-
teractions, capturing both the strength and the phase of the wave transformations oc-
curring within the device. The VNA collects these coefficients across a defined fre-
quency range, producing a 𝑁 × 𝑁 scattering matrix for each frequency point.

Variations in the complex permittivity 𝜀 influence the phase velocity and attenua-
tion of the waves, thereby affecting the coefficients, which carry the information about
the cumulative phase delay and losses along the path between the two ports. When
multiple contrasts are present within the medium, their individual scattered contribu-
tions superimpose, and the resulting interference pattern becomes embedded in the
structure of the measured scattering matrix. Through this mechanism, 𝑆-parameters
provide an indirect representation of the underlying dielectric distribution. They form
the basis of both microwave sensing (MWS), which aims to extract global or local prop-
erties from selected 𝑆-parameter features, and microwave imaging (MWI), where an
inversion algorithm reconstructs the location and intensity of dielectric contrasts from
multi-frequency scattered data.

1.1.2 Microwave Sensing
Microwave sensing is the use of electromagneticwaves in themicrowave range to detect
the presence of objects or to gather information about an environment. The goal is
not to locate a dielectric contrast, but rather to assess its presence or to quantify its
magnitude.

Microwave sensing can be passive or active:

• Passive: the naturally emitted microwave radiation of a target is detected by one
or more sensors.

• Active: one or more sensors inject electromagnetic energy in the target and an-
alyzes its response.

Passive microwave sensing relies on measuring the natural microwave emission of
the target. For this reason, the two approaches provide fundamentally different types
of information: passive radiometers retrieve brightness temperature, which depends
on the emissivity and temperature of the material, whereas active systems measure
amplitude and phase modifications of the incident wave, enabling the extraction of
dielectric contrast and structural information. In this work, we focus on active MWS.

Small perturbations in the electromagnetic properties of the target typically mani-
fest as measurable variations in specific scattering parameters. For instance, changes in
the complex permittivity may produce detectable shifts in the reflection coefficient 𝑆11.
Similarly, phase delays in transmitted or reflected signals can reveal subtle variations
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in propagation paths or dielectric contrasts within the medium. In resonant structures,
for example, the presence of a perturbation can be detected by observing a resonance
frequency shift. These metrics, including reflection coefficient variations, phase devia-
tions, and resonance shifts, serve as sensitive indicators of dielectric changes and form
the basis for many microwave sensing and imaging techniques.

1.1.3 Microwave Imaging
The objective of microwave imaging techniques is to spatially locate the dielectric con-
trasts inside an explored region of interest (ROI). Typically, an algorithm reconstructs
the spatial map of the dielectric properties of an area, together with their magnitude. In
a typical microwave imaging system, an array of antennas sequentially illuminates the
target and records the scattered fields across a range of frequencies. MWI systems can
operate in mono-static or multi-static configurations: in the first, each antenna acts as
both transmitter and receiver, providing reflection data, while in the latter each trans-
mitting antenna is paired with multiple receiving antennas, yielding a richer matrix
that includes transmission parameters and thereby improves imaging performance at
the cost of a more complex configuration.

The imaging process relies on an inverse scattering algorithm, which interprets
these measured fields by estimating the permittivity distribution that best explains the
observed data under Maxwell’s equations. Reconstructing an image from the measure-
ments requires solving an inverse scattering problem, which is inherently non-linear
due to multiple interactions inside the domain of interest. To handle this complexity,
imaging algorithms fall into three broad categories:

• Linearized methods: rely on approximations that simplify wave interactions
and are suited for qualitative shape reconstruction.

• Radar-based approaches: focus on locating dominant scattererswith high com-
putational speed.

• Quantitative techniques: use iterative solvers together with full-wave electro-
magnetic models to recover absolute dielectric values.

The choice of the operating frequency band, the antenna topology, and the reconstruc-
tion strategy depends on the desired resolution, penetration depth, and complexity of
the imaging scenario.

1.2 The Uses of Microwave Imaging and Sensing
Microwave-based techniques have been successfully applied in a wide range of fields
for non-destructive evaluation, process monitoring, and quality control. In structural
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and civil engineering, microwaves have been used to assess moisture content, detect in-
ternal defects, and characterize layered structures. For instance, microwave reflection
and transmission measurements have been employed to infer water content and esti-
mate the thickness of concrete elements [7, 8], while other studies demonstrated their
capability to identify delamination, voids, and porosity in composite materials difficult
to examine using more conventional non-destructive techniques [9]. In agriculture and
food quality assessment, microwave sensors provide fast, non-invasive evaluation of
moisture levels, ripeness, adulteration, or contamination in packaged products. Exam-
ples include the detection of foreign objects in food jars using microwave signals and
machine learning [10, 11], and the assessment of spoilage or compositional changes
in liquids such as milk via microwave resonance shifts [12, 13]. These techniques en-
able real-time monitoring and support industrial quality control without damaging
the product. Microwave-based methods are also valuable in industrial process con-
trol. Real-time monitoring of multiphase flows, such as measuring water fraction and
salinity in pipelines, has been achieved using microwave sensors [14, 15]. Similarly, mi-
crowave tomography has been used to track moisture distribution in industrial drying
systems [16]. In geophysical and heritage applications, radar-based microwave tech-
niques support subsurface characterization for archaeology, mineral exploration, and
soil stratigraphy [17, 18].

Across these diverse applications, the advantages of microwave sensing and imag-
ing are clear: microwaves penetrate opaque media, respond sensitively to dielectric
contrasts, and can operate at low power, allowing fast, non-destructive, and potentially
real-timemeasurements. Thewide-ranging applications ofmicrowave-based techniques
highlight their versatility, sensitivity to material properties, and non-invasive nature.
These same advantagesmakemicrowaves particularly attractive for biomedical applica-
tions, where safety, non-ionizing operation, and the ability to probe opaque or complex
tissues are critical.

1.3 Medical Applications
Microwave radiation has several characteristics that make it particularly appealing for
biomedical applications. First, waves in the GHz range can traverse tissues that are
opaque to visible light, allowing them to probe regions that other modalities cannot
easily access. Their interactionwith biological tissues is strongly dependent on the local
dielectric properties, which depend on factors such as water content, cellular structure,
protein concentrations, and other physiological alterations. As a consequence, healthy
and pathological tissues respond differently when illuminated by microwaves, enabling
contrast mechanisms that complement techniques like ultrasound, X-ray imaging, or
magnetic resonance imaging (MRI).

Another appealing aspect of microwave technology in medicine is its inherently
safe nature. Microwaves are non-ionizing and can operate at very low power levels,
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allowing for frequent, repeated, or even continuous monitoring without exposing the
patient to harmful doses. This characteristic is of particular relevance in long-term
follow-up, bedside monitoring, or the surveillance of chronic conditions.

The first introduction ofmicrowave-based diagnostics into themedical domain dates
back to the 1980s. Early work focused mainly on non-invasive dosimetry and feasibility
studies [19]. Over the years, substantial technological advances, including the avail-
ability of efficient full-wave solvers, compact and low-cost VNAs, and improved com-
putational reconstruction algorithms, enabled the exploration of more sophisticated
biomedical applications.

Among the most established medical applications is breast cancer detection. Nu-
merous studies have demonstrated the potential of microwave imaging systems to de-
tect lesions by exploiting the dielectric contrast between malignant and healthy breast
tissues [20, 21, 22, 23, 24]. Research in this domain has evolved from early proof-of-
concept systems tomore advanced setups featuringmultistatic antennas, realistic breast
phantoms, and supervised machine-learning approaches to enhance detection perfor-
mance.

A second extensively explored application concerns brain imaging, particularly for
stroke detection and monitoring. Microwave-based head imaging aims to differentiate
ischemic from hemorrhagic strokes by measuring local variations in dielectric proper-
ties, an important capability, as the two conditions require opposite treatments. Several
prototype systems and clinical-oriented studies have shown promising results in real-
time monitoring and classification [25, 26, 27].

Beyond oncology and stroke, microwaves have also been investigated for other
biomedical and physiological monitoring tasks. These include non-invasive glucose
sensing through resonant or metamaterial-based probes [12, 13], the monitoring of
brain atrophy in neurodegenerative diseases usingwearable RF devices [28], and the use
of radar-based microwave measurements combined with deep learning for Alzheimer’s
disease monitoring [29]. A growing line of research also aims at detecting brain tumors
using compact antennas and metamaterial-loaded arrays [30, 31].

Overall, the versatility ofmicrowave-based techniques, ranging fromwideband imag-
ing systems to narrowband resonant sensors, positions them as a powerful family of
tools for biomedical diagnostics.

1.4 Motivation and Thesis Outline
In this thesis, I describe my research work about the application of microwave-based
techniques to achieve early detection of Alzheimer’s disease and Parkinson’s disease.
The global prevalence of these illnesses continues to rise, driven by aging populations
and increased life expectancy. Despite significant progress in clinical research, early-
stage diagnosis remains substantially limited: current neuroimaging modalities detect
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structural or metabolic alterations only when neuronal degeneration is already well ad-
vanced, while biomarker-based methods are either invasive, costly, or difficult to stan-
dardize in routine healthcare. As a consequence, patients often begin treatment at a
stage in which therapeutic interventions can no longer halt or reverse the progression
of the disease. The scientific and clinical community faces a need for diagnostic tools
capable of detecting the earliest physiological changes, ideally before symptom onset,
that is also suitable for mass-screening.

Microwave-based techniques offer a promising opportunity in this direction. Elec-
tromagnetic waves in the microwave band are sensitive to the dielectric properties of
biological tissues, reacting to their composition, water content, and cellular structure.
Several studies have shown that pathological processes such as demyelination, inflam-
mation, edema, or protein accumulation induce measurable dielectric contrasts. For
Alzheimer’s disease, the altered composition of cerebrospinal fluid (CSF), in particu-
lar the reduction of permittivity due to increased protein concentration, has been sug-
gested as a potential early biomarker. In the case of Parkinson’s disease, emerging ev-
idence highlights microstructural changes in the substantia nigra, including glial scar-
ring, which may also manifest as electromagnetic contrasts. Microwave measurements
are non-ionizing, inexpensive, and compatible with compact instrumentation, making
them an attractive candidate for new diagnostic strategies.

The motivation of this thesis is to assess whether microwave-based methods, com-
bined with machine-learning approaches, can detect the subtle dielectric variations as-
sociatedwith the early stages of Alzheimer’s and Parkinson’s diseases. Instead of pursu-
ing full tomographic reconstruction, the work focuses on identifying measurable scat-
tering signatures and learning discriminative patterns directly from experimental data.
To this end, two complementary technological frameworks are explored: microwave
sensing, based on multi-antenna 𝑆-parameter measurements and classification algo-
rithms; and microwave imaging, implemented through a multi-frequency bi-focusing
algorithm to localize dielectric anomalies. Experimental phantoms are designed to re-
flect realistic physiological conditions, enabling a systematic investigation of detectabil-
ity limits, robustness against noise, and the overall feasibility of the proposed approach.

The remainder of the thesis is organized as follows:

• Chapter 2 provides an overview of Alzheimer’s disease, including its pathophys-
iology, diagnostic workflow, and current research efforts in early detection. It
also introduces previous microwave-based studies and discusses their relevance
to the present work.

• Chapter 3 presents the proof-of-concept study, in which the feasibility of mi-
crowave sensing for the early detection of Alzheimer’s disease is investigated
using a limited number of antennas and a pre-existing experimental phantom.
The results obtained in this phase have been presented in [32, 33, 34].

• Chapter 4 introduces the complete microwave sensing framework developed for
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early Alzheimer’s disease detection. The chapter details the antenna system de-
sign, phantom fabrication, dataset construction, and the associatedmachine-learning
pipeline. Experimental results are reported and critically discussed, these find-
ings have been published in [35].

• Chapter 5 shifts the focus to Parkinson’s disease, summarizing the clinical char-
acteristics, existing early-diagnosis strategies, and potential opportunities for mi-
crowave techniques.

• Chapter 6 introduces a microwave imaging methodology designed for Parkin-
son’s-related dielectric alterations, covering the phantom design, measurement
system, and the multi-frequency bi-focusing reconstruction algorithm, including
simulation-based validation and experimental demonstrations. The results of this
work have been published in [36, 37].

• Finally, Chapter 7 concludes the thesis by summarizing the main contributions,
outlining current limitations, and discussing future directions for microwave-
based neurodiagnostics.
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Chapter 2

Alzheimer’s Disease

2.1 Overview ofAlzheimer’s Disease andRisk Factors
Alzheimer’s disease (AD) represents the most common cause of dementia worldwide
and poses one of the greatest global public health challenges of the 21st century. AD
is a chronic, progressive neurodegenerative disorder and is characterized by a long
asymptomatic phase during which molecular and structural brain alterations gradually
accumulate before clinical symptoms emerge. The disease primarily affects memory,
executive functions, and daily life autonomy, leading to a progressive decline that has
profound consequences on patients, families, and the healthcare system [38, 39].

The risk of developing AD arises from a complex interplay of factors. Some of these
factors are non modifiable and depend on genetic factors, while other depend on habits
and lifestyle. Among the most important non modifiable factors are increasing age,
which remains the strongest single predictor, and genetic predisposition, in particu-
lar the presence of the APOE 𝜖4 allele, which is associated with a significantly higher
hazard ratio for AD compared to non carriers [40]. A family history of dementia also
contributes to increased risk, even though the majority of AD cases are sporadic rather
than familial [41]. In addition to these inherent risks, a number of modifiable factors
have been linked to higher AD probability. Vascular and metabolic conditions such
as hypertension, type-2 diabetes mellitus, elevated LDL cholesterol, obesity, and other
cardiovascular diseases increase risk likely via mechanisms involving impaired cerebral
perfusion, chronic inflammation, and metabolic dysregulation [42, 43]. Lifestyle factors
further modulate risk: physical inactivity, smoking, excessive alcohol consumption,
poor diet, low educational attainment and limited cognitive/social stimulation have all
been associated with increased AD and dementia incidence [44]. Emerging evidence
also highlights sensory impairments, usually hearing loss and untreated vision loss, as
important and potentially modifiable risk factors. This is because sensory deprivation
may reduce cognitive reserve and increase social isolation [45]. Sleep disorders, such as
obstructive sleep apnea, may additionally contribute to risk by impairing brain main-
tenance mechanisms during sleep [46].
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Moreover, environmental and othermedical risk factors have been proposed. Chronic
exposure to air pollution and aggregated vascular/metabolic stress, as well as a history
of traumatic brain injury or repeated head trauma, may further elevate AD risk, through
neuroinflammatory pathways or by exacerbating vascular damage [47]. Psychological
factors such as depression, social isolation, and long term stress have also been associ-
atedwith higher incidence of dementia, underscoring the role of overall lifestyle, mental
health, and social context in modulating susceptibility [48].

Becausemany of these risk factors aremodifiable, interventions at the level of public
health, lifestyle changes, and early prevention strategies may meaningfully reduce the
incidence or delay the onset of Alzheimer’s disease, making the identification of such
risks a fundamental step in AD research and care policy.

2.1.1 Clinical Symptoms, Disease Progression and Physiological
Changes

Alzheimer’s disease manifests through a spectrum of cognitive, behavioral, and physi-
cal symptoms that gradually impair daily functioning. Cognitive deficits typically ap-
pear first, often as memory loss, particularly affecting recent events or conversations,
coupled with difficulty in planning, solving problems, or completing familiar tasks [49,
38]. Patients may become disoriented in time or space, struggle to interpret visual or
spatial information, and face challenges with language, such as difficulties speaking or
trouble following conversations [39]. Executive dysfunction and impaired judgment
further hinder decision making and the ability to manage finances or navigate complex
tasks [50]. Beyond cognition, behavioral and psychological changes frequently occur,
including shifts in personality, mood disturbances such as depression or irritability, so-
cial withdrawal, and a loss of initiative in previously enjoyed activities [51]. Agitation,
aggression, delusions, hallucinations, and sleep disturbances, including insomnia, day-
time somnolence, and sundowning, may also emerge [52]. Physical and functional de-
terioration follows, with coordination and mobility difficulties, loss of bladder or bowel
control, impaired swallowing, and weight loss becoming apparent, especially in ad-
vanced stages [38, 50]. Patients may also experience disorientation to familiar envi-
ronments, repetitive behaviors or speech, and difficulty recognizing familiar faces [51].
Collectively, these symptoms illustrate the progressive nature of Alzheimer’s disease,
from subtle cognitive decline to profound impairment in independence and daily living,
highlighting the multifaceted challenges faced by patients and caregivers.

Over time, the disease progresses from preclinical AD to mild cognitive impairment
(MCI), and ultimately to dementia, where cognitive decline significantly interferes with
daily activities. The long preclinical phase is estimated to last 10 to 20 years and is par-
ticularly relevant for early detection efforts. During this period, changes in brain physi-
ology and biochemistry accumulate gradually, offering a potentially actionable window
for detection before symptoms [53, 54]. As Figure 2.1 summarizes, the first detectable
physiological sign of pathology is a change in the concentration of amyloid-beta (A𝛽)
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in the cerebrospinal fluid (CSF), typically a decrease in CSF A𝛽42 (or A𝛽42/A𝛽40 ratio),
reflecting the transformation of A𝛽 into insoluble aggregates in the brain. This process
linked to the formation of extracellular A𝛽 plaques, one of the main brain biomark-
ers linked to AD [55, 56]. This amyloid pathology often appears 15 to 20 years before
clinical symptoms. As amyloid pathology advances, alterations in tau metabolism fol-
low: levels of phosphorylated tau (p-tau) and total tau (t-tau) in CSF increase, corre-
sponding to the accumulation of intracellular neurofibrillary tangles, another cardinal
AD biomarker [57]. After these molecular changes, neurodegenerative processes be-
gin: synaptic dysfunction, neuronal loss, axonal injury, and brain atrophy become de-
tectable [58, 59]. Only once neurodegeneration has progressed sufficiently do cognitive
impairment and the classical clinical symptoms of AD typically start to manifest.

Figure 2.1: Alzheimer’s dieasease progression with a realistic estimate of the timing of
the events.

2.1.2 Epidemiology and Global Impact
According to theWorld Health Organization, more than 55 million people are currently
living with dementia, and Alzheimer’s disease accounts for 60%–70% of these cases [39].
With the progressive ageing of the global population, this number is expected to triple
by 2050, becoming one of the primary public health challenges of the century.

The socioeconomic impact is enormous: AD leads to long term disability, depen-
dency, and high healthcare and caregiving costs. The burden is particularly heavy on
informal caregivers who experience substantial psychological, physical, and financial
stress.

The results summarized in Table 2.1 highlight the growing macroeconomic impact
of Alzheimer’s disease and other dementias (ADODs) on societies worldwide [60]. Us-
ing a macroeconomic model that integrates labour supply reductions, morbidity, mor-
tality, and care related economic diversion, the study estimates that ADODswill impose
a cumulative global cost of more than 14 trillion dollars between 2020 and 2050. This
corresponds to approximately 0.4% of the annual global GDP, underscoring dementia
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as one of the most economically consequential chronic diseases of the century. In ab-
solute terms, the greatest economic losses are projected for China, the United States,
and Japan, reflecting their large ageing populations. These losses stem not only from
direct medical and long term care expenditures but also from reductions in productive
labour due to both patient disability and the unpaid caregiving responsibilities carried
predominantly by family members.

The structure of the economic burden also differs markedly by income level. In
lower-middle-income countries, up to 85% of the total cost is attributable to informal
care, indicating a heavy reliance on family members rather than formal healthcare sys-
tems. In contrast, high-income countries show a more balanced distribution of costs,
with informal care accounting for around 61%, and treatment plus formal care services
representing nearly 31% of the total economic burden. This disparity reflects differences
in healthcare infrastructure, social support networks, and demographic transitions be-
tween countries.

Finally, the table contextualizes these financial estimates within global demographic
trends. The number of people living with dementia is projected to increase to more
than 153 million by 2050, driven largely by population ageing. These epidemiological
dynamics, combined with the substantial macroeconomic effects outlined above, em-
phasize the urgency of developing scalable strategies for early detection, risk reduction,
and long term care planning to mitigate the future burden of ADODs.

Category Main Findings

Population Impact People living with dementia:
• 2019: 57 million
• 2050 (projected): 153 million

Global Economic Burden
(2020–2050)

Total cost: $ 14 513 billion

Country Level Burden • China: $ 2 961 billion
(2020-2050) • USA: $ 2 331 billion

• Japan: $ 1 758 billion

Informal care burden • High-income countries: 61%
• Lower-middle-income countries: 85%

Table 2.1: Key Findings from the Macroeconomic Burden Analysis of Alzheimer’s Dis-
ease and Other Dementias (ADODs) [60]

Early detection would significantly reduce this burden by enabling timely inter-
ventions, lifestyle modifications, and planning of care pathways. However, despite its
importance, current diagnostic tools typically detect AD only after significant neuronal
loss has already occurred.
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2.2 Diagnosis
The diagnosis of AD relies on an integrated approach combining clinical evaluation,
cognitive assessment, neuroimaging, and laboratory biomarkers. Modern diagnostic
frameworks follow criteria which incorporate both clinical symptoms and biological
evidence such as amyloid and tau pathology [49, 61].

2.2.1 Clinical Examination and Symptom Based Diagnosis
The clinical evaluation of Alzheimer’s disease begins with a detailed medical history
and structured interviews with both the patient and their close contacts, usually family
members. These discussions help contextualize cognitive complaints and functional de-
cline, providing insight into changes in daily behavior, habits, and routines. Neuropsy-
chological testing plays a central role, assessing cognitive domains including episodic
memory, language, attention, executive functions, and visuospatial abilities. Functional
evaluations complement these tests by examining the patient’s ability to perform activ-
ities of daily living and maintain independence.

Several standardized assessment tools are commonly employed to quantify cogni-
tive impairment and stage disease severity. Among the most widely used are the Mini-
Mental State Examination (MMSE) [62], theMontreal CognitiveAssessment (MoCA) [63],
the Clinical Dementia Rating (CDR) [64], the Addenbrooke’s Cognitive Examination III
(ACE-III) [65] and the Rowland Universal Dementia Assessment Scale (RUDAS) [66]. A
summary of these tools is presented in Table 2.2. Each instrument targets specific cogni-
tive domains and functional capacities, providing a structured framework for diagnosis
and monitoring of Alzheimer’s disease progression.

While symptom based diagnosis is non invasive and widely accessible, it is inher-
ently limited: it primarily identifies the disease at the stage of overt dementia, when
structural and neuronal damage is already significant.

2.2.2 Imaging and Laboratory Tests Used in AD
The National Institute on Aging and the Alzheimer’s Association have proposed the
ATN framework [67] to provide a unifying rationale for the large number of non-symptom-
based diagnostic methods described below. This framework defines three biomarkers
categories for AD: amyloid pathology (A), tau pathology (T), and neurodegeneration
(N), and combines them to have an enhanced diagnostic accuracy. These biomarkers
are related to the same physiological changes previously discussed in this chapter. The
current technologies able to detect these biomarkers are the following:

• Structural and microstructural MRI: magnetic resonance imaging (MRI) is
able to detect hippocampal and medial-temporal atrophy, useful to predict the
progression from MCI to AD dementia. Voxel based morphometry (VBM) and
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Tool Domains Assessed Scoring / Interpretation

MMSE [62] Orientation, registration, atten-
tion, calculation, recall, language,
visuospatial

0–30 (≥24 → normal)

MoCA [63] Attention, executive functions,
memory, language, visuospatial
skills, orientation

0–30 (≥26 → normal)

CDR [64] Memory, orientation, judgment,
problem solving, community af-
fairs, hobbies, personal care

0–3 (0 = none, 0.5 = very mild, 1
= mild, 2 = moderate, 3 = severe)

ACE-III [65] Attention, memory, verbal fluency,
language, visuospatial abilities

0–100 (higher = better; <88 often
indicates cognitive impairment)

RUDAS [66] Memory, executive function, lan-
guage, visuospatial, reasoning

0–60 (higher = better; cut-offs
vary by age and education)

Table 2.2: Standardized cognitive and functional assessment protocols for Alzheimer’s
disease

subfield hippocampal analyses refine regional sensitivity, while diffusion MRI re-
vealsmicrostructural whitematter disruption thatmay appear early in the disease
course. Structural MRI is essential to identify AD typical atrophy patterns and to
exclude alternative structural causes of cognitive decline.

• Molecular PET imaging (amyloid, tau, and synaptic PET): molecular PET
imaging enables direct in vivo visualization of AD protein pathology. Amyloid
PET tracers identify A𝛽 plaques and tau PET tracers map neurofibrillary tangles.
More recently, PET tracers have been developed to quantify synaptic density,
offering a direct measure of synaptic loss that may provide additional staging
and prognostic value.

• Functional and metabolic imaging (fMRI, FDG-PET, SPECT): functional
MRI (resting state and task based) detects alterations in network connectivity,
a finding that often precedes atrophy. FDG-PET measures regional cerebral glu-
cose metabolism and highlights the lower metabolism characteristic of AD; FDG
patterns can reveal dysfunctions before the structural loss is visible. SPECT per-
fusion imaging provides lower resolution but more accessible measures of re-
gional blood flow to discover the same dysfunctions. Together, these functional
and metabolic modalities complement structural MRI and amyloid/tau PET.

• Cerebrospinal fluid biomarkers: CSF analysis remains the standard for AD
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diagnosis. The canonical CSF signature comprises decreased A𝛽42 (or reduced
A𝛽42/A𝛽40 ratio) and elevated total tau and p-tau concentrations; this abnormal
concentration reflects the formation of amyloid plaques and tau tangles. Addi-
tional CSF analytes (neurogranin for synaptic dysfunction, YKL-40 for neuroin-
flammation, NfL for axonal injury) provide complementary information about
disease mechanisms and progression.

• Blood (plasma) biomarkers: Recent advances have positioned blood biomark-
ers as promising tools for AD diagnostics. Ultra sensitive assays for plasma phos-
phorylated tau proteins show strong concordance with amyloid/tau PET and CSF
measures, with p-tau217 emerging as a particularly robust early marker. Addi-
tional analytes such as the A𝛽42/A𝛽40 ratio, NfL, and GFAP provide minimally in-
vasive indicators of amyloid pathology, neurodegeneration, and glial activation.
Despite this progress, blood biomarkers are not yet ready for routine clinical use
since variability across laboratory methods, sensitivity to pre-analytical factors
(sample collection, processing, storage), and individual differences (genetics, co-
morbidities, disease stage) still affect reliability and comparability [68].

In addition to the ATN biomarker classes, a broader set of physiological alterations
has been reported across multiple modalities (summarized in Table 2.3). These include
metabolic shifts, abnormal cerebral hemodynamics captured by transcranial Doppler [69,
70], microstructural white matter disruption detected by diffusion MRI, and changes in
electrophysiological activity such as increased slow wave power and reduced alpha
activity in EEG/MEG. PET and SPECT also reveal broader functional abnormalities be-
yond amyloid and tau, such as hypometabolism, perfusion deficits, and neuroinflam-
mation. Peripheral systems show measurable alterations as well, including oculomo-
tor instability, abnormal pupillary responses, and retinal nerve fiber thinning, all of
which point to early involvement of sensory and autonomic pathways. Together, these
biomarkers complement the core ATN framework by offering a wider view of brain
physiology and by capturing additional dimensions of neurodegeneration and network
dysfunction.

Despite rapid progress, several practical limitations remain. MRI is expensive and
not always available, making it unsuitable for large scale screening. PET imaging faces
the same issue and is also invasive because it requires radioactive tracers. CSF analysis
is invasive as well, since it depends on a lumbar puncture performed by trained clini-
cians. Blood based tests, although promising, still require strict standardization across
laboratories and populations before they can be used routinely. Many emerging diag-
nostic techniques also lack large, diverse validation studies and have not yet received
regulatory approval. Overall, factors such as accessibility, cost, and ease of interpreta-
tion will determine how quickly and widely each method can be adopted for screening,
diagnosis, and monitoring.
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Modality Measured Biomarkers AD Related Changes

CSF A𝛽42/40 & ratio,
t-tau, p-tau, cy-
tokines, isoprostanes,
𝛼1-antichymotrypsin

Abnormal A𝛽, t-tau, p-tau conc.; ↑ oxida-
tive stress & inflam. markers; enlarged
CSF spaces (medial temp.).

Blood A𝛽42/40 & ratio, inflam.
proteins, isoprostanes,
interleukins, APP frags.,
ADAM10, BACE1

Amyloid changes; peripheral inflam. &
oxidative stress; altered APP-processing
enzymes.

CT Structural imaging Excludes non AD causes of cognitive de-
cline.

MRI Grey/White matter in-
tegrity metrics

Medial temporal/hippocampal atrophy;
signs of small vessel disease.

fMRI Resting state or task acti-
vation

↓ activity in memory networks; compen-
satory ↑ prefrontal activity.

MRSI Metabolites: NAA, cre-
atine (Cr), myo-inositol
(mI), choline (Cho), Glu

↓ NAA, NAA/Cr, Glu; ↑ mI/Cr, Cho/Cr;
reduced neuronal integrity markers.

TCD Carotid/cerebral hemody-
namics

↑ carotid intima–media thickness;
↓ blood flow; impaired vasoreactivity;
↑ pulsatility index.

DTI White matter microstruc-
ture (FA, MD)

↓ fractional anisotropy (FA), ↑ mean dif-
fusivity (MD) indicating White matter
damage.

PET Amyloid, tau, glucose,
neuroinflammation

↑ Amyloid/tau tracer uptake; temporo-
parietal hypometabolism; ↑ inflam. sig-
nals.

SPECT Blood flow and perfusion
patterns

↓ perfusion in temporal/parietal cortices;
altered CSF dynamics.

MEG/EEG Spectral and connectivity
features

↑ slowwave (delta, theta), ↓ alpha power;
↓ signal complexity & synchrony.

Eye Track. Oculomotor, fixation,
pupil dynamics

Saccades: ↑ latency, ↓ velocity/accuracy;
unstable fixation; delayed & ↓ pupil re-
sponse.

Table 2.3: Overview of physiological biomarkers associated with Alzheimer’s disease
across different measurement modalities.
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2.3 Current approaches for early detection
Early detection of Alzheimer’s disease relies on physiological and imaging markers that
reveal pathological changes before symptoms appear. Structural and microstructural
MRI can detect hippocampal and medial-temporal atrophy as well as early white mat-
ter disruption (via diffusion metrics such as increased MD and reduced FA). Functional
modalities, including fMRI and FDG-PET, capture early network dysfunction and hy-
pometabolism, while amyloid and tau PET provide direct evidence of protein accumula-
tion in preclinical stages. The list of CSF biomarkers include reduced A𝛽42 or A𝛽42/A𝛽40
and increased total tau or p-tau. These are among the earliest detectable biochem-
ical indicators, complemented by markers of inflammation and oxidative stress (e.g.,
interleukin-6, isoprostanes). Blood based biomarkers such as plasma p-tau isoforms,
A𝛽42/A𝛽40, NfL, and GFAP show potential for early detection, although they still require
rigorous standardization. Additional modalities also display early alterations: MRSI re-
veals reduced NAA and increased mI, EEG/MEG show slowing of oscillatory activity
and reduced network synchrony, and retinal imaging and eyemovement analysis detect
early oculomotor and pupillary abnormalities. Transcranial Doppler provides non inva-
sive vascular markers, including reduced cerebral blood flow and impaired vasoreactiv-
ity, which have been associated with early disease stages. Together, these approaches
form a broad set of non-symptom-based techniques capable of detecting AD related
changes well before clinical decline.

In contemporary clinical and research practice, these techniques are combined to in-
crease diagnostic certainty and to stage disease biologically. This multimodal approach
supports early detection and accurate differential diagnosis: the use ofmachine learning
applied to multimodal data is being studied to allow a more precise early detection [53].
This motivates the exploration of alternative technologies capable of detecting subtle
and different physiological changes before the onset of clinical symptoms.

2.4 Microwave Based Approach to AD Detection
Microwave sensing provides a fundamentally different contrast mechanism compared
to conventional neuroimaging, being based on dielectric contrast, an information in-
visible to other techniques. Instead of relying on structural or molecular biomarkers,
microwaves interact with tissues through their dielectric properties, which depend on
water content, ionic composition, proteins concentrations, cellular organization, and
other factors. Since neurodegenerative processes alter the biochemical and structural
characteristics of brain tissues and CSF, dielectric contrasts may emerge even at early
disease stages. This idea has motivated initial research efforts exploring whether mi-
crowave based measurements could detect early AD related changes.

Recent studies have explored whether microwave sensing and imaging can detect
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dielectric alterations associated with Alzheimer’s disease (AD). Saied et al. [71] charac-
terized wideband permittivity and conductivity changes in grey andwhite matter, using
these contrasts to model microwave signatures of amyloid and tau pathology. Ullah,
Saied and Arslan extended this work by demonstrating that microwave S-parameters
collected with wearable antenna arrays can detect macroscopic structural changes such
as ventricular enlargement, with both algorithmic analysis [72] and an accompanying
open access S-parameter dataset [73] supporting reproducibility. Complementary to
these sensing studies, the work by Farhatullah et al. [74] showed that microwave radar
scattering coupled with deep learning models can classify AD related patterns. Liu et
al. [75] reviewed advanced microwave sensor technologies for permittivity measure-
ments, offering relevant methodological context for future AD oriented systems. Fi-
nally, Chen et al. [76] proposed a non-invasive microwave based approach for monitor-
ing Alzheimer’s disease using realistic numerical brain phantoms. They applied deep
learning techniques, combining feature selection methods with hybrid neural network
architectures to classify simulated scattering data across different AD stages. Table 2.4
summarizes the main contributions of these studies.

2.4.1 Rationale for Microwave Sensing in This Work
Recent biomedical studies have demonstrated that variations in the concentrations of
𝐴𝛽1−42 and 𝐴𝛽1−40 in the CSF induce measurable modifications in its electromagnetic
behavior [77, 78]. The experiments described in [77] employ dielectric dispersion anal-
ysis between 1 and 6GHz tomonitor 𝐴𝛽 aggregation via dielectric relaxation variations,
establishing a physical foundation for microwave sensors to detect protein concentra-
tions at levels relevant for Alzheimer diagnosis in cerebrospinal fluid. The analysis
in [78], instead, indicates that adding 𝐴𝛽1−42 and 𝐴𝛽1−40 proteins to canine CSF results
in a 5% permittivity reduction at 1GHz. Canine CSF is utilized because its dielectric
properties correlate strongly with human CSF. These findings motivated the idea that
MWS could serve as a non invasive tool for detecting such dielectric changes, especially
when combined with advanced data driven analysis. Previous numerical investigations
have also explored the electromagnetic interaction with amyloid aggregates from a chi-
ral materials perspective, suggesting additional mechanisms through which EM waves
may be perturbed by AD related biomarkers [79]. Furthermore, MWS benefits from be-
ing a portable, low cost, and non ionizing modality, capable of probing dielectric con-
trasts through the interaction of microwave fields with biological tissues [2]. However,
raw MWS measurements are often high dimensional and difficult to interpret directly;
machine learning in an important component for enabling feature extraction and in-
formed decision making [80].

The present work advances the state of the art by providing, to the best of our
knowledge, the first experimental demonstration of microwave sensing combined with
machine learning for detecting CSF permittivity changes associated with early AD
biomarkers. Building upon earlier feasibility analyses [32, 33, 34], we construct an
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First Author Year Brain parameters and contributions

Saied [71] 2020 Permittivity and conductivity of grey/white
matter; modelling of microwave signatures
of amyloid plaques/tau tangles.

Ullah [72] 2022 Wearable antenna S-parameter analysis
for detecting ventricular enlargement and
structural atrophy via microwave sensing.

Ullah [73] 2023 Open dataset of microwave S-parameters
from brain phantoms emulating atrophy for
algorithm development.

Farhatullah [74] 2024 Microwave radar scattering analysis com-
bined with deep learning classification of
AD related patterns.

Liu [75] 2024 Review of microwave sensors and permit-
tivity measurement methods applicable to
brain/CSF dielectric monitoring.

Chen [76] 2024 Deep learning applied to numerical brain
phantoms for classification of AD different
stages, simulating brain atrophy and dielec-
tric changes of grey/white matter.

Table 2.4: Summary of journal articles on microwave sensing/imaging for Alzheimer’s
related detection.

anatomically inspired, multilayer head phantom whose CSF compartment can be ad-
justed to mimic different AD-related dielectric conditions. This allows controlled, re-
peatable reproduction of biomarker driven permittivity variations that were previously
examined only in simulations.

By delivering an experimentally validated, data drivenmicrowave sensing approach
for AD related CSF alterations, this work fills a critical gap between numerical studies
and practical implementation. Beyond its technical contributions, the method aligns
well with emerging views that early stage AD is optimally identified through multi
modal strategies. A low cost, portable, and non ionizing screening tool such as MWS
could substantially enhance accessibility and complement established biomarkers, thereby
increasing the likelihood of early detection at the population level.

Moreover, microwave imaging technology offers a potential solution for the high
frequency monitoring of patients undergoing clinical trials for novel AD. This modal-
ity enables the longitudinal assessment of CSF dynamics and brain physiological states
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while providing amechanism for the early detection of localized brain damage or vascu-
lar leakage. Such high temporal resolution monitoring is currently unfeasible with MRI
due to significant operational costs, long acquisition cycles, and the lack of portability
required for bedside or outpatient applications.
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Chapter 3

A proof-of-concept Study of
Microwave Sensing for Early
Alzheimer’s Disease Detection

This chapter details the preliminary experimental framework developed to assess the
viability of microwave sensing as a non-invasive diagnostic tool for Alzheimer’s Dis-
ease. This initial investigation focuses on a binary classification approach to distinguish
between healthy and pathological states of a phantom based on the dielectric variations
of CSF. The methodologies and results presented here serve as the foundational proof-
of-concept for the advanced system proposed later in chapter 4.

3.1 Setup
The microwave sensing system operates in the frequency band of 0.5 GHz to 6.5 GHz.
The lower frequency limit is determined by the physical depth of the CSF layer. This
thickness is approximately equal to 𝜆𝐶𝑆𝐹/10, where 𝜆𝐶𝑆𝐹 represents the wavelength
within the cerebrospinal fluid. Frequencies above 6.5 GHz, instead, suffer from insuffi-
cient penetration depth into the cranial volume.

The system configuration is shown in Figure 3.1 and consists of:

• a 4-port VNA obtained through cascaded Keysight P9371A and P9375A units [81];

• four circuit-printed flexible monopoles antennas, created for brain diagnostic ap-
plications [26]. These sensors are equipped with a custom bottom layer made of a
urethane-graphite mixture to minimize impedance mismatch with the phantom
skin, and a top dielectric substrate supporting the ground plane;

• the anthropomorphic head phantom;

• a central processing unit that drives the VNA and saves the measurements.
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Figure 3.1: proof-of-concept experimental setup; (a): CSF-mimicking liquids; (b) multi-
tissue anthropomorphic head phantom, on the side four antennas are placed, the CSF
liquid can be poured from the aperture, a clamp closes/opens the tube to flush the fluid;
(c) vector network analyzer; (d) central processing unit.

3.2 Phantom
To validate the sensing approach in a controlled environment, a realistic anthropo-
morphic head phantom created in a previous study of the Wavision research group is
utilized [82]. The phantom emulates the geometry and the dielectric behavior of the
main components of a human head: skin, bone, fat, CSF, grey matter, white matter,
cerebellum, and ventricles. All materials except CSF are solid and created using spe-
cific mixtures of urethane rubber, graphite powder, and salt. The recipes for each tissue
are shown in Table 3.1. The shapes are modeled through 3D-printed molds based on
anatomical CAD models from the Visible Human Project repository [83]. This reposi-
tory provides high-fidelity geometries reconstructed from cryosectional data, including
CT and MRI scans.

The only liquid component of the phantom is CSF, replicated using a mixture of Tri-
ton X-100, water, and salt. This recipe to create a fluid with custom dielectric properties
is a common and effective strategy that involves only three materials that are easy to
find, low-cost, and non toxic [84]. To represent the progression of the disease, five dis-
tinct liquid compounds were manufactured and characterized using a coaxial probe kit:
one mixture matches the dielectric properties of healthy human CSF derived from the
IFAC-CNR database [85], and four mixtures representing varying degrees of AD sever-
ity. These were formulated to exhibit relative permittivity values lowered respect to
the healthy baseline by 7%, 11%, 19%, and 24% at 1GHz, where a lower permittivity
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3.2 – Phantom

Tissue Urethane rubber (%) Graphite powder (%) Salt (%)

Skin 55 45 0

Fat 68 8 24

Skull 80 20 0

Gray 57 43 0

White 62 38 0

Ventricle 50 50 0

Cerebellum 53 47 0

Table 3.1: Recipes of solid materials used in the anthropomorphic phantom employed
in the proof-of-concept study.

corresponds to a higher illness severity. The measured permittivity of these liquids,
obtained using the dielectric probe method, is shown in Figure 3.2, compared to the
literature reference value.

Figure 3.2: Relative permittivity of the synthetic CSF formulations. The graphs il-
lustrate the properties of the five manufactured mixtures, distinguishing between the
healthy mimic and the four pathological variants. The dashed red line indicates the
literature reference value for healthy human CSF.

The probe used is the Keysight N1501A probe, with the high temperature probe, and
the Keysight measurement suite [86]. Figure 3.3 illustrates the equivalent conductivity
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of the five liquids. Each sample exhibits marginally lower conductivity than the refer-
ence across the entire frequency band. This reduction decreases power transmission
between antennas, establishing a more rigorous test condition. However, the variance
is negligible, confirming that the liquids provide an accurate approximation of the per-
mittivity found in authentic CSF.

Figure 3.3: Conductivity of the synthetic CSF formulations. The graphs illustrate the
properties of the fivemanufacturedmixtures, distinguishing between the healthymimic
and the four pathological variants. The dashed red line indicates the literature reference
value for healthy human CSF.

Following the literature [77, 78], a decrease in permittivity between the healthy and
AD conditions on the order of 5% would be expected. The larger differences observed
between disease severities in this proof-of-concept study are instead related to the ob-
jectives and constraints of this initial phase. Specifically, the aim is to assess whether
a machine learning algorithm can, in general, discriminate data corresponding to the
highest-permittivity liquid (healthy) from the others using a binary classifier. More-
over, the experimental conditions are non-optimal: the phantom was not designed for
the specific use case under investigation, and the antennas are optimized for a differ-
ent application, namely stroke detection [26]. To simplify the classification task at this
stage, liquids with pronounced dielectric contrasts are therefore employed, with the
intention of adopting more realistic dielectric values in the more in-depth analysis pre-
sented in chapter 4.

The phantom has two separated solid parts: an external one corresponding to skin,
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fat, and skull, and an internal one corresponding to all brain-related materials. The liq-
uid CSF is poured directly in the space between the external and the internal parts. The
phantom design includes a mechanism to empty the intracranial space via a tube and
clamp system, allowing for the exchange of these liquids without invasive modifica-
tions between measurements. The antennas were arranged on the phantom’s surface,
all o the same side, acting as both transmitters and receivers to capture the scattering
matrix.

3.3 Antennas
Each radiating element has overall dimensions of 48mm × 30mm, with a thickness of
around 10mm, and is back-fed via a coaxial connector. A schematic representation of
the antenna, together with a picture, is shown in Figure 3.4. From a manufacturing
perspective, the antenna consists of a ground plane, a triangular radiator, and a feed-
ing line, all printed on a commercial flexible polyimide film with a thickness of 50𝜇m.
The structure integrates a 5mm flexible dielectric substrate placed between the radiator
and the ground plane, and an additional matching layer intended for contact with the
skin. Both layers are realized using custom mixtures of urethane rubber and graphite
powder, named G35 (35% graphite by volume for the substrate) and G25 (25% graphite
for the matching layer), formulated to achieve the desired dielectric properties while
minimizing losses. Specifically, at 1 GHz, the G35 material is characterized by a relative
permittivity 𝜀𝑟 = 18 and a conductivity 𝜎 = 0.3 S/m, whereas the G25 material presents
𝜀𝑟 = 13 and 𝜎 = 0.2 S/m. In terms of operating conditions, when used for the brain
stroke application these antennas are used in the frequency band between 0.8 GHz and
1GHz. In this band, the reflection parameter 𝑆𝑖𝑖 of each antenna is optimally below
−10 dB when put on the surface of the phantommimicking the stroke condition, show-
ing good impedance matching. If we consider the 0.5 to 6.5 GHz band used in this work,

Figure 3.4: Sensors used in the proof-of-concept MWS system: left: schematic with the
main dimensions inmm; right: antenna picture.
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when put on the surface of the ADmimicking phantom, the 𝑆𝑖𝑖 of each antenna shows a
slightly worse matching is the 0.5 to 0.8 GHz band, the same happens in the band from
1.2 to 2.5 GHz and over 4.5 GHz. The reflection parameters, however, remain under
−5 dB, as shown in Figure 3.5. This remains an acceptable value because in the context
of a machine learning-based proof-of-concept, the priority in not maximizing power
transfer efficiency, but maximizing the spectral information available to the classifier.

Figure 3.5: Reflection parameters of the four antennas when put on the surface of the
phantom filled with the healthy CSF-mimicking liquid

3.4 Data Acquisition Protocol and Dataset Construc-
tion

To build a dataset capable of training robust machine learning (ML) models, measure-
ments were conducted over four separate days. The protocol for each session involved
filling the phantom with a specific CSF mimic, recording 10 consecutive snapshots of
the scattering parameters, emptying the phantom, and repeating the process for the
next liquid.

A significant challengewas the inherent class imbalance: therewas only one healthy
liquid mixture versus four pathological mixtures. To rectify this, 29 additional measure-
ment subsets were performed exclusively for the healthy case. The final aggregated
database contained:

• 570 samples representing the Healthy condition;

• 1120 samples representing the AD condition (280 per severity level).
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To evaluate the generalization capability of the classifiers, four distinct training sets
were constructed based on the temporal distribution of the data (see Table 3.2). This
segmentation allows for the assessment of the system’s robustness against day-to-day
variations and experimental drift.

Dataset Training data Healthy/AD Samples Total

Set 1 Meas. spread widely across all 4 days 370 / 480 850

Set 2 Meas. from the start and end of each day 290 / 600 890

Set 3 All meas. from Days 1, 2, and 4 430 / 800 1230

Set 4 All meas. from Days 1 and 3 600 / 260 860

Table 3.2: Definition of Training Sets for Robustness Analysis

3.5 Machine Learning Implementation Strategies
The classification problem was modeled using Multilayer Perceptron (MLP) due to its
non-linear mapping capabilities. Three distinct optimization methodologies were ap-
plied to identify the ideal hyperparameters:

Method 1: Basic Architecture Search

This baseline approach utilized a two-layer feed-forward network with sigmoid output
neurons. The dataset was split randomly using the following proportions: 70% training,
15% validation, 15% testing. These are standard values in data division for MLP. The
variable was the number of neurons in the hidden layer, which was swept from 1 to 100.
Training employed the scaled conjugate gradient function with cross-entropy error as
the performance metric. The optimized parameters are shown in Table 3.3.

Parameter Set 1 Set 2 Set 3 Set 4

Number of neurons 20 20 14 17

Table 3.3: Optimized parameters for Method 1

Method 2: Matlab Design Space Exploration

Using the Deep Learning Toolbox, a more extensive search was conducted. The hyper-
parameters exploration is performed by using all possible combinations of parameters
in a given range to establish the best one, using predicted accuracy as the reference
metric. The explored parameters are:
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• Network structure: Hidden layers (from 1 to 20) and neurons per layer (from 1 to
40).

• Maximum number of iterations (or epochs): set to 150, 500 or 1000.

• Learning rate value: from 1 × 10−4 to 1 × 10−1.

• Training Function: Resilient backpropagation, scaled conjugate gradient, Pow-
ell/Beale restarts, one-step secant, and gradient descent.

• Loss Function: Mean Absolute Error (MAE), Mean Squared Error (MSE), and
Cross-Entropy.

The optimized parameters are shown in Table 3.4.

Parameter Set 1 Set 2 Set 3 Set 4

Number of
hidden layers 2 3 3 1

Neurons per
hidden layer 30 19 17 19

Maximum
iterations 1000 1000 1000 1000

Learning rate
value 3 × 10−4 4.2 × 10−2 4 × 10−2 1 × 10−3

Training
function

One step
secant

Scaled
conjugate
gradient

Scaled
conjugate
gradient

Scaled
conjugate
gradient

Perform
function

Cross-
entropy

Mean
squared error

Mean
squared error

Cross-
entropy

Table 3.4: Optimized Parameters for Method 2

Method 3: Python Scikit-learn Optimization

This method leveraged the GridSearchCV tool from the Scikit-learn library [87], that
similrarly to method 2 explores the combination of a given set of hyperparameters in a
given range. This strategy was used to optimize:

• Network structure: Hidden layers (from 1 to 20) and neurons per layer (from 1 to
40).
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• Maximum number of iterations (or epochs): set to 150, 500 or 1000.

• Solvers: Limited-memory BFGS (L-BFGS), Stochastic Gradient Descent (SGD),
and Adam.

• Activation Functions: Logistic sigmoid, Hyperbolic tangent (Tanh), and Rectified
Linear Unit (ReLU).

• Regularization: Tuning of the Alpha parameter (L2 penalty) and learning rate
schedules (constant, inverse scaling, adaptive).

The optimized parameters are shown in Table 3.5.

Parameter Set 1 Set 2 Traing Set 3 Set 4

Number of
hidden layers 20 10 1 1

Neurons per
hidden layer 40 20 19 19

Maximum
iterations 1000 1000 1000 1000

Solver LBFGS† LBFGS† SGD‡ SGD‡

Alpha
parameter 7.5 × 10−3 11 × 10−2 1.5 × 10−4 1 × 10−4

Activation
function

Hyperbolic
tangent

Hyperbolic
tangent

Logistic
sigmoid

Logistic
sigmoid

† Limited-memory BFGS.
‡ Stochastic gradient descent with adaptive learning rate.

Table 3.5: Optimized Parameters for Method 3

3.6 Experimental Results and Discussion
The analysis of the binary classifiers demonstrated high accuracy across all methods,
summarized in Table 3.6. The most significant finding was the performance of Training
Set 4. This set, which trained the network on data from Days 1 and 3 and tested it on
Days 2 and 4, achieved accuracies exceeding 90% across all three methods. This indi-
cates a strong capability for domain adaptation, as the network successfully classified
measurements from days it had never seen during training. Table 3.7 provides a gran-
ular breakdown of the classification metrics for the best-performing scenario (Training
Set 4).
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Dataset Method 1 Method 2 Method 3

Set 1 85.1% 88.0% 90.2%

Set 2 85.1% 86.3% 88.1%

Set 3 85.9% 89.6% 83.9%

Set 4 90.8% 90.6% 90.1%

Table 3.6: Comparative Accuracy of the Three Methods on Test Data

Method Target
Class Precision Recall f1-score Overall

Accuracy

Method 1 Healthy 88.5% 89.2% 88.8% 90.8%
AD 91.9% 91.5% 91.7%

Method 2 Healthy 88.2% 86.5% 87.3% 90.6%
AD 92.0% 93.1% 92.5%

Method 3 Healthy 89.6% 83.2% 86.3% 90.1%
AD 90.4% 94.2% 92.3%

Table 3.7: Detailed classification metrics for Set 4 (Test Data)

Regarding network topology, the optimization processes revealed that the decision
boundaries of the problem are relatively smooth. In most high-performing configura-
tions, a single hidden layer was sufficient. For instance, Method 3 on Training Set 1
achieved optimal results with a single hidden layer using the hyperbolic tangent acti-
vation function.

This initial work confirms that microwave sensing, when coupled with MLP clas-
sifiers, can detect AD-related permittivity changes with good accuracy in a realistic
phantom. The results validate the feasibility of the non-invasive approach. However,
to improve diagnostic granularity, to enhance robustness, and to allow the distinction of
different severity levels, a more sophisticated system is required. The following chapter
will describe an upgraded hardware configuration with a better-suited new phantom,
designed for MWS applications to AD, an increased number of antennas and the imple-
mentation of more robust algorithm optimization strategy to address these challenges.
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Chapter 4

Design and Validation of a
Microwave Sensing System for Early
Alzheimer’s Disease Detection

This chapter investigates the application of Machine Learning-enhanced Microwave
Sensing for the early detection of Alzheimer’s Disease. Here is described the devel-
opment of an advanced experimental framework, built upon the findings of the initial
study. This refined system features a custom optimized phantom and an expanded array
of six antennas, specifically designed and manufactured for this diagnostic application.

4.1 Microwave Sensing System
The proposed diagnostic tool is built upon a radar-based architecture designed to oper-
ate non invasively. The system comprises a computing unit for data processing and a
hardware sensing interface. The experimental arrangement for the microwave sensing
system is illustrated in Figure 4.1. While it retains the fundamental architecture of the
proof-of-concept, consisting of a central processing unit, a VNA, and the antenna array
connected to the dielectric head phantom, the following key enhancements have been
introduced:

• the VNA configuration has been expanded from four to six ports;

• the radiating elements are custom-designed for broadband operation, ensuring
optimal impedancematching across the entire 0.5 to 6.5 GHz frequency spectrum;

• the phantom is specifically engineered for AD investigation, aiming to assess the
feasibility of non-invasively classifying CSF based on permittivity variations.
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Figure 4.1: Schematic of the microwave sensing system including the VNA, the custom
antenna array, and the head phantom.

4.1.1 Antenna Selection and Configuration
The sensing array consists of six custom-designed wideband antennas connected to
an M9804A PXIe six-port Vector Network Analyzer [88] via low-loss coaxial cables.
The radiating elements are circular monopole antennas printed on a Rogers RO4003C
substrate (thickness 1.52mm), chosen for its ease of manufacturing and compact profile.
As in the proof-of-concept case, the operational bandwidth spans from 0.5 to 6.5 GHz.

The antenna geometry was optimized numerically using a simplified multilayer
block (100 × 100 × 63mm3) mimicking the dielectric sequence of the human head (skin,
fat, skull, CSF, and gray matter) to minimize reflection coefficients in the whole band.
The final design is shown in Figure 4.2 and the geometrical parameters are detailed
in Table 4.1. Figure 4.3 illustrates the simulated power density profiles within the

Label 𝑊 𝐿 𝑅 𝑊Feed 𝑊Gap 𝐿Gap 𝐿GND

Value 24 32 10 2.9 0.5 0.6 10

Table 4.1: Optimized geometrical parameters of the circular monopole antenna (dimen-
sions inmm).

multi-tissue phantom at the lower, middle, and upper frequency limits. In the center
of the frequency band, at 3.5 GHz, the CSF layer is illuminated by a power density dis-
tribution that reaches ∼25 dBW /𝑚2 at its maximum inside the layer, while at the mini-
mum frequency of 500MHz the power density is reduced, primarily due to sub-optimal
impedance matching with a maximum of ∼2 dBW /𝑚2. Conversely, at the maximum
frequency of 6.5 GHz, the reduction is caused by increased signal attenuation within
the tissues, and the maximum value of the power density is ∼20 dBW /𝑚2. This value
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Figure 4.2: Circular monopole antenna design: (a) geometrical layout and (b) the real-
ized prototype used in the array.

exceeds the lower frequency limit because the improved antenna matching compen-
sates for the higher dielectric losses characteristic of the upper spectral range. Despite
these limitations at the spectral extremes, the field intensity penetrating the CSF layer
remains sufficient in all scenarios to ensure effective sensing performance.

Figure 4.3: Modeled power density distribution (dBW /𝑚2) inside a block of layered
tissues at 0.5, 3.5, and 6.5 GHz. The striped layer denotes the location of the CSF.

Regarding the array configuration, the six antennas are positioned conformally to

35



Design and Validation of a Microwave Sensing System for Early Alzheimer’s Disease Detection

the upper lateral sections of the head. This placement exploits the thinner skull regions
in the temporal and parietal areas to maximize electromagnetic field penetration into
the intracranial cavity. Figure 4.4 illustrates themeasured 𝑆-parameters, demonstrating
that reflection coefficients, shown in 4.4a, remain below −10 dB for most of the band
(above 1GHz). In the 500MHz to 1GHz region, matching performance is lower but
the 𝑆11 remains under −5 dB. The transmission levels are within the dynamic range of
the instrument, since every transmission coefficient stays above −90 dB for the whole
frequency range. In Figure 4.4b, port combinations are organized into three sets ac-
cording to spatial separation. The short distance group consists of 𝑆32, 𝑆21, 𝑆65, and
𝑆54. The medium distance group contains 𝑆31, 𝑆36, 𝑆64, and 𝑆41. The remaining port
pairs constitute the long distance group.

(a) (b)

Figure 4.4: Measured scattering parameters on the six antennas on the phantom: (a)
Reflection coefficients and (b) Transmission coefficients grouped by antenna distance.
Short distances are highlighted using green dotted lines, whereas medium and long
distances are marked with blue and red dashed lines. Additionally, a diagram in the
corner illustrates the geometric placement of the antennas on the phantom.

4.2 Custom Phantom Development

4.2.1 Material Selection and Characterization
The phantom distinguishes between solid tissues (skin, fat, bone, brain matters) and the
liquid CSF. The fat-mimicking tissues were fabricated using 3D-printed carbon-loaded
Polylactic Acid (cPLA). Other solid tissues were cast using platinum-catalyzed silicone
rubber mixed with graphite powder. This mixture avoids toxic materials like carbon
black and allows for dielectric tuning by adjusting the graphite concentration. The
specific recipes for the tissue-mimicking materials were selected based on a parametric
study of samples containing 1% to 50% graphite mass. By measuring these samples with
the coaxial probe method, we matched the graphite content to specific tissue types. The
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obtained graphite percentage values are shown in Table 4.2, and Figure 4.5 shows the
measured values for the samples compared to the tissue they are representing, together
with the dielectric properties of a sample of cPLA compared to human fat.

Tissue Graphite (%)

Skin 42

Skull 20

Cerebellum 45

Ventricles 50

Gray matter 47

White matter 41

Table 4.2: Graphite powder mass percentage for tissue-mimicking mixtures.

(a) (b)

Figure 4.5: Measured dielectric properties of the materials used to create the phantom:
(a) permittivity and (b) conductivity.

The optimization process prioritized the relative permittivity at the central fre-
quency (3.5 GHz) to account for the degrees of freedom in the rubber-graphite mixtures
and the intrinsic dispersiveness of the tissues. This approach yielded satisfactory agree-
ment with literature data for permittivity, while the conductivity values are higher than
the reference targets. This results in increased signal loss, and this condition represent
a worsened condition respect to the real case, but still a realistic scenario in terms of sig-
nal modulation due to a material changing its properties. Consequently, the phantom
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provides a sufficiently challenging and representative environment for the proof-of-
concept of the proposed ML-based MWS.

The CSF was simulated using liquid mixtures of water, salt, and Triton X-100. Five
distinct fluids were prepared: one representing a healthy condition and four represent-
ing pathological stages (PAT1 to PAT4). These pathological fluids mimic the reduced
permittivity associated with AD biomarkers, with reductions of 2.5%, 5.0%, 7.5%, and
10.0% relative to the healthy baseline at 1 GHz. The permittivity and conductivity of
these liquids, measured using the dielectric probe method with the Keysight N1501A
probe, with the high temperature probe, and the Keysight measurement suite [86], is
shown in Figure 4.6.

CSF Water % Triton X-100 % Salt %

Healthy 89.43 9.17 1.40

PAT1 (2.5 %) 86.86 11.76 1.38

PAT2 (5.0 %) 84.96 13.66 1.38

PAT3 (7.5 %) 82.99 15.62 1.39

PAT4 (10.0 %) 81.95 16.65 1.40

Table 4.3: Recipes for artificial CSF

(a) (b)

Figure 4.6: Measured dielectric properties of the created liquids that mimic CSF: (a)
permittivity and (b) conductivity.
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4.2.2 Phantom Fabrication Process
Morphologically, the phantom is derived from the same MRI data as in the proof-of-
concept and is divided into two concentric sections separated by a 6mm gap represent-
ing the subarachnoid space filled with CSF. The external shell comprises the skin, skull,
and fat layers, while the internal core contains the brain tissues: white matter, graymat-
ter, cerebellum, and ventricles. Rubber spacers maintain the gap width, and a drainage
system allows for the exchange of the CSF liquid without disturbing the antenna setup.

The fabrication process begins with the creation of the printed cPLA fat-mimicking
tissue, which serves as the structural foundation for the entire external shell (Figure 4.7).
This printed substrate is essential for maintaining precise spatial control of the phan-
tom. During assembly, the CSF flushing tube is glued to both the internal and external
sections of the printed fat layer. Subsequently, the skull-mimicking material is poured
into the space between these sections; due to its lower graphite content, this mixture
exhibits a low viscosity that facilitates pouring. Next, the skin-mimicking material is
applied to the exterior surface. Its consistency is more viscous and solid-like, allowing
for fine regulation of the layer’s thickness. Finally, the outer shell is completed by coat-
ing the internal surface with a thin layer of rubber to ensure impermeability against the
liquid components.

Figure 4.7: The printed fat-mimicking part of the phantom. The tube used to empty the
CSF gap is attached to the inner part.

The internal part of the phantom, representing the brain, is shaped using 3D-printed
molds, the same of the proof-of-concept case. Figure 4.8 depicts the phantom morphol-
ogy and highlghts its different parts.
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(a) (b) (c)

Figure 4.8: The anthropomorphic head phantom: (a) assembled view, (b) external shell,
and (c) internal brain core.

4.3 Dataset Construction and Evaluation Protocol

4.3.1 Measurement Setup and Protocols
The system’s response is fully characterized using a Multiple Input Multiple Output
configuration that captures both transmission and reflection scattering parameters. To
ensure data consistency, the experimental procedure for the measurement of a certain
scenario adheres to a rigorous iterative workflow consisting of filling the head phan-
tom gap with the appropriate cerebrospinal fluid liquid, acquiring the scattering data
10 consecutive times (these 10 measurements are considered one measurement set),
and subsequently draining the phantom. One cycle is made of eight different measure-
ments sets for a total of 80 individual measurements. four sets of each cycle are for the
healthy case and each pathological fluid variant is measured for one set, introduced in
a randomized order to mitigate any potential systematic bias. This measurement pro-
cedure for one cycle is represented in Figure 4.9. The complete dataset is constructed
over a three-day measurement campaign, comprising six cycles on each of the first two
days and three cycles on the final day. The total dataset is made of 1200 acquisitions
of the scattering parameters, where the healthy case is represented 600 times and each
pathologic case is represented 150 times.

For each individual measurement, the setup records a 6 × 6 scattering matrix across
a frequency range spanning from 0.5 to 6.5 GHz, distributed over 101 frequency points.
The Vector Network Analyzer is configured with an input power of 0 dBm and a nar-
row Intermediate Frequency (IF) filter of 100Hz. The narrow bandwidth lowers the
noise floor while the power level maintains signal strength, collectively yielding an
augmented Signal-to-Noise Ratio (SNR) that ensures precise system characterization.

4.3.2 Data Augmentation
Given the constraints of using a single physical phantom, a data augmentation strategy
was employed to enhance dataset variability and account for anatomical asymmetry. A
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Figure 4.9: Protocol scheme for one measurement cycle.

“flipped” dataset was generated by swapping the data from the left and right antenna
elements (as shown in Figure 4.10). This effectively doubled the available samples for
training the machine learning models.

4.3.3 Dataset Partitioning
The optimization workflow of the artificial neural network is structured into three se-
quential stages, namely training, validation, and testing, each serving a distinct and
complementary role in the development and assessment of the model. During the train-
ing stage, the ANN is exposed to labeled data and iteratively updates its weights and
biases through an optimization algorithmwith the objective of minimizing a predefined
loss function. This process enables the network to capture the underlying patterns and
features present in the input data.

The validation stage is introduced to guide model selection and hyperparameter
tuning while simultaneously reducing the risk of overfitting. In this phase, the ANN
performance is evaluated on a validation set that is not used for weight updates, thereby
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(a) (b)

Figure 4.10: Data augmentation. (a) Original array configuration, and (b) flipped con-
figuration.

providing an unbiased estimate of how well the learned representation generalizes be-
yond the training samples. A critical aspect of this procedure is the division into train-
ing and validation subsets according to a predefined ratio, which must balance two
competing requirements: ensuring a sufficiently large training set for stable learning
and retaining enough validation samples for reliable performance assessment.

To systematically investigate the influence of the training–validation split on classi-
fication accuracy and robustness, three commonly adopted split ratios are considered in
this study, namely 60:40, 70:30, and 80:20. These configurations allow for a progressive
increase in the amount of data available for training, while correspondingly reducing
the size of the validation set, enabling a quantitative evaluation of the trade-off between
learning capacity and validation reliability. All training and validation experiments are
conducted using the data acquired during the first two measurement days.

Two distinct data-partitioning strategies are employed to generate the training and
validation sets, with the aim of assessing the sensitivity of the ANN performance to
the structure of the data division. In the first strategy, referred to as Data Division
1 (DD1), samples are initially grouped according to their class labels. Subsequently,
within each class, samples are randomly assigned to the training and validation sets
following the selected split ratio. This approach ensures strict class balance across the
subsets and represents a conventional random sampling strategy commonly used in
supervised learning tasks.

The second strategy, denoted as Data Division 2 (DD2), adopts a more granular
splitting procedure. Specifically, for each of the 192 measurement sets, the 10 individual
measurements are randomly partitioned into training and validation subsets using the
same percentage ratios. As a result, each measurement set contributes data to both sub-
sets. This design choice is motivated by the need to evaluate whether the ANN perfor-
mance is influenced by specific measurement conditions or acquisition instances, rather
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than solely by class-related features. At the same time, this approach preserves class
balance while reducing the likelihood that the model learns measurement-set-specific
artifacts. A schematic representation of the DD1 and DD2 procedures is provided in
Figure 4.11.

Figure 4.11: Graphical representation of the two data divisions.

Finally, the testing phase is dedicated to evaluating the generalization capability of
the trained ANN on completely unseen data. This step provides an unbiased estimate
of the model’s expected performance in realistic deployment scenarios. To ensure a
strict separation between development and evaluation data, the testing set is exclusively
composed of measurements collected on the third day, which are not involved in either
the training or validation processes.

To summarize, the training and validation data are derived from the first two mea-
surement days and are organized into six distinct partitions. These partitions are gen-
erated by applying two data division strategies, DD1 and DD2, across three split ratios:
60:40, 70:30, and 80:20. For each of the six configurations, a single random selection is
performed to populate the training and validation subsets. No additional data shuffling
or iterative training trials are conducted within a specific configuration. Each resulting
classifier is evaluated against a fixed test set consisting of data from the third mea-
surement day, which remains strictly isolated from the training process. The results
reported later in this chapter represent the performance of these six individual classi-
fiers, providing a comprehensive view of model behavior across different data selection
parameters.
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4.4 Machine Learning for Classification

4.4.1 Principal components analysis
To investigate whether the classification task can be effectively addressed using lower-
complexity algorithms such as support vector machines (SVMs) or decision trees, a
preliminary principal component analysis (PCA) is applied to the original dataset. In
this analysis, the augmented samples generated through data flipping are intentionally
excluded in order to avoid artificially altering the intrinsic statistical structure of the
measurements. PCA is employed as a dimensionality reduction technique that projects
the high-dimensional feature space onto a new orthogonal basis composed of uncor-
related principal components, which are ordered according to the amount of variance
they explain.

By examining the explained variance ratio associated with each principal compo-
nent, it is possible to evaluate how the information content of the dataset is distributed
across dimensions. In particular, if a large fraction of the total variance is captured by
a limited number of components, this would suggest that the underlying structure of
the data is relatively low-dimensional, potentially enabling accurate classification us-
ing simpler models with reduced representational capacity. Conversely, a slow decay
in the explained variance would indicate that the discriminative information is spread
across many dimensions, thus motivating the adoption of more expressive classification
architectures.

In addition to the quantitative analysis of variance distribution, PCA also enables
a qualitative inspection of the data geometry. Visualizing the samples in the space
spanned by the first few principal components allows for an assessment of whether
distinct clusters or separable regions emerge. The presence of well-defined decision
boundaries in this reduced space would support the feasibility of linear or shallow non-
linear classifiers, whereas significant overlap between classes would imply the need for
more sophisticated models capable of learning complex, nonlinear decision surfaces.

Figure 4.12 shows a three-dimensional scatter plot of the dataset projected onto the
first three principal components (PC1, PC2, and PC3). The visualization highlights the
formation of small clusters, each associated with the ten consecutive measurements
acquired from a specific measurement set. However, these clusters exhibit noticeable
dispersion and partial overlap, which can be attributed to measurement noise, environ-
mental variability, and gradual instrument drift occurring over time. As a consequence,
the clusters are not sharply defined or perfectly compact in the reduced-dimensional
space. Moreover, the absence of a clear separation that could be achieved through a
simple planar decision boundary in the three-dimensional PCA space suggests that the
classification problem cannot be adequately solved using linear or low-capacity mod-
els alone. This observation provides further justification for adopting a more powerful
nonlinear classifier, such as a multilayer perceptron (MLP), which is capable of captur-
ing higher-order feature interactions and complex decision boundaries in the original
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feature space.

(a) (b)

Figure 4.12: PCA analysis. (a) Real and imaginary parts; (b) module only.

4.4.2 Classification Algorithm and Training Strategy
Following the PCA analysis, a MLP neural network is selected for the classification
task due to its effectiveness in understanding non-linear differences between classes
and because it proved to be a suitable method in the proof-of-concept system. The
network architecture includes an input layer, two hidden layers, and an output layer.

During the grid-search optimization procedure, a structured set of hyperparameters
defining the architecture and learning behavior of the MLP classifiers is systematically
explored. In particular, the optimization includes:

• the number of neurons in each hidden layer, which directly controls the model
capacity and its ability to capture non-linear relationships;

• the learning rate, which determines the step size adopted by the optimization
algorithm during the iterative minimization of the loss function;

• the training algorithm, responsible for updating the network weights based on
the error backpropagation process;

• the loss function, which quantitatively measures the discrepancy between the
predicted outputs and the corresponding ground-truth labels.

The resulting optimal hyperparameters configurations for the binary classification
task are summarized in Tables 4.4 and 4.5, referring to datasets DD1 and DD2, respec-
tively. For each dataset, results are reported for different training–validation split ratios
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(60:40, 70:30, and 80:20) and for the two alternative representations of the input data,
namely the full complex-valued scattering parameters (real and imaginary components)
and their magnitude (module) only. This comparison enables an assessment of how
both data representation and training data availability influence the optimal network
configuration.

60:40 (%) 70:30 (%) 80:20 (%)

Real-Imag Neurons 6 24 32
Learning rate 0.03 0.01 0.045
Training fn. S-CGB S-CGB S-CGB
Loss fn. MSE MSE SAE

Module Neurons 32 32 10
Learning rate 0.035 0.035 0.035
Training fn. CGB CGB S-CGB
Loss fn. MSE MSE SAE

Table 4.4: Binary classification, hyperparameters optimization results, DD1.

60:40 (%) 70:30 (%) 80:20 (%)

Real-Imag Neurons 10 48 12
Learning rate 0.02 0.035 0.045
Training fn. CGB CGB S-CGB
Loss fn. MSE MSE SAE

Module Neurons 24 48 24
Learning rate 0.03 0.025 0.035
Training fn. S-CGB S-CGB S-CGB
Loss fn. MSE SAE SAE

Table 4.5: Binary classification, hyperparameters optimization results, DD2.

With respect to the training algorithms, the acronyms CGB and S-CGB denote the
conjugate gradient backpropagation method and its scaled variant, respectively. Re-
garding the loss functions, MSE refers to the mean squared error, which penalizes large
deviations more strongly, while SAE indicates the sum of absolute errors, known for its
increased robustness to outliers. The selection between these loss functions is deter-
mined empirically through the grid-search procedure and reflects the trade-off between
sensitivity to large errors and overall stability during training.

All remaining hyperparameters are fixed across the considered configurations in
accordance with established best practices for MLP training, as detailed in [89]. Specif-
ically, the minimum gradient threshold of the performance function is set to 10−6 as
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a stopping criterion, ensuring convergence without unnecessary computational over-
head. The validation and test subsets are each assigned a proportion of 15% of the
available training data, enabling effective monitoring of generalization performance
during learning. A momentum coefficient of 0.9 is employed to accelerate convergence
along relevant descent directions while mitigating oscillatory behavior. In addition, the
maximum number of allowable validation failures (defined as consecutive epochs dur-
ing which the validation performance deteriorates) is limited to six, providing an early
stopping mechanism to prevent overfitting.

The network architecture is further constrained by fixing the number of hidden
layers to two, following the design rationale proposed in the proof-of-concept, which
balances expressive power and training stability for problems of comparable complex-
ity. Finally, the maximum number of training epochs is set to 2000, ensuring sufficient
iterations for convergence under all tested configurations.

4.4.3 Performance Metrics and Evaluation Criteria
The system performance was evaluated using standard metrics: Accuracy, Precision,
Recall, and f1-score. For binary classification tasks, model performance is assessed
through accuracy, which represents the fraction of samples that are correctly classi-
fied and is defined as:

accuracy = TP + TN
TP + TN + FP + FN

(4.1)

In this context, TP and TN denote the true positives and true negatives, correspond-
ing to samples that are correctly identified as belonging to the positive and negative
classes, respectively. Conversely, FP (false positives) and FN (false negatives) indicate
samples that are incorrectly assigned to the positive and negative classes. In addition to
accuracy, performance is often characterized using precision, recall, and the f1-score:

precision = TP
TP + FP

(4.2)

recall = TP
TP + FN

(4.3)

f1-score = 2 ×
precision × recall
precision + recall

(4.4)

Precision expresses how many of the samples predicted as positive are actually cor-
rect, whereas recall indicates the ability of the classifier to identify all true positive
instances. The f1-score combines precision and recall through their harmonic mean
and is particularly suitable in scenarios involving class imbalance. For this reason, it is
adopted as the performance metric for the multi-class classifier.
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4.5 Results and Discussion

4.5.1 Binary classification
Before presenting and discussing the detailed results of the testing phase for the binary
classification task, the performance achieved during the validation stage is summarized
in Table 4.6. Specifically, the table reports the accuracy values corresponding to the
optimized hyperparameter configurations identified through the grid search procedure.
Across all evaluated scenarios, the validation accuracy consistently attains high values,
exceeding 96.7%, thereby confirming the effectiveness and stability of the selected MLP
architecture prior to final testing.

Input 60:40 (%) 70:30 (%) 80:20 (%)

DD1 Real-Imaginary 99.35 99.31 99.74
Module 96.74 98.44 98.18

DD2 Real-Imaginary 99.74 98.26 98.44
Module 97.92 99.48 98.18

Table 4.6: Binary classification, validation phase accuracy results in percentages.

The performance obtained by applying the various trained classification models to
the testing dataset is summarized in Tables 4.7 and 4.8, which correspond to the DD1
and DD2 data-division strategies, respectively. The testing set exclusively consists of
previously unseen samples acquired on a different measurement day, thereby provid-
ing a stringent and unbiased evaluation of the generalization capability of the trained
models under realistic operating conditions.

Input Metric 60:40 (%) 70:30 (%) 80:20 (%)

Real–Imag accuracy 73.54 60.62 61.04
precision 82.70 77.97 78.10
recall 73.54 60.63 61.04

f1-score 71.55 53.40 54.07

Module accuracy 94.37 73.75 81.25
precision 94.65 82.79 82.14
recall 94.37 73.75 81.25

f1-score 94.36 71.81 81.12

Table 4.7: Binary classification performances on the test set, Data Division 1, results in
percentages.
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Input Metric 60:40 (%) 70:30 (%) 80:20 (%)

Real–Imag accuracy 60.00 73.33 72.08
precision 77.78 82.16 82.00
recall 60.00 73.33 72.08

f1-score 52.38 71.29 69.72

Module accuracy 83.33 92.71 80.00
precision 86.84 93.34 85.44
recall 83.33 92.71 80.00

f1-score 82.93 92.68 79.20

Table 4.8: Binary classification performances on the test set, Data Division 2, results in
percentages.

Each table reports a comprehensive set of performance metrics, including accuracy,
precision, recall, and f1-score, computed independently for every experimental con-
figuration. The columns represent the different training–validation split ratios adopted
during the model optimization phase, as specified in the first row of each table. Further-
more, the results are organized according to the input feature representation: the upper
portion of the tables corresponds to the use of separate real and imaginary components
of the scattering parameters, while the lower portion presents the results obtainedwhen
only the magnitude (module) of the scattering parameters is employed as input to the
classifier.

Across both data-division strategies, the classification algorithm consistently achieves
superior performance when the module-based feature representation is used. This be-
havior can be attributed to potential inaccuracies and instability in the experimental es-
timation of the phase of the scattering parameters, which directly affect the reliability of
the complex-valued representation. Phase measurements are inherently more sensitive
to noise, instrumental drift, and calibration imperfections, and such effects can propa-
gate through the learning process, ultimately degrading classification performance. In
contrast, the magnitude of the scattering parameters is generally more robust to these
sources of uncertainty, resulting in more stable and discriminative input features for
the neural network.

With respect to the influence of the training–validation split ratios and the adopted
data-division strategies (DD1 versus DD2), no systematic or monotonic trend can be
identified. In particular, the highest testing performance for DD1 is achieved using the
60:40 partitioning, whereas for DD2 the optimal results correspond to the 70:30 split.
This observation suggests that the classification performance is not solely governed by
the proportion of training data but is also influenced by the intrinsic variability intro-
duced by the specific data partitioning strategy and measurement structure. As a result,
the reported findings emphasize the importance of evaluating multiple data-splitting
configurations rather than relying on a single arbitrary partition.
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4.5.2 Multiclass classification
Building upon the binary classification results, a subsequent analysis is performed to
investigate the capability of the proposed framework to discriminate between different
levels of AD severity. This multi-class analysis is conducted starting from the two best-
performing binary classifiers, namely the 60:40 configuration for DD1 and the 70:30
configuration for DD2, both using the module-based feature representation. These con-
figurations are selected as they provide themost reliable trade-off between performance
and generalization in the binary classification task.

Two alternative pathological classification schemes are considered. In the first sce-
nario, four distinct classes are defined, corresponding to increasing severity levels de-
noted as PAT1, PAT2, PAT3, and PAT4. In the second scenario, a simplified classification
is adopted by grouping the two lowest severity levels (PAT1 and PAT2) into a single
class and the two highest severity levels (PAT3 and PAT4) into another class. This hier-
archical approach allows for an assessment of whether reducing the granularity of the
classification task improves robustness and interpretability.

The optimization of the multi-class MLP algorithm is carried out in the same way as
the binary classification, and the results of the optimization process are shown in Table
4.9.

Hyper-Param.
DD1, 60:40 (%) DD2, 70:30 (%)

4 Classes 2 Classes 4 Classes 2 Classes

Neurons 32 2 24 2
Learning rate 0.045 0.03 0.02 0.045
Training fn. CGB S-CGB S-CGB S-CGB
Loss fn. MSE MSE MSE MSE

Table 4.9: Multi-class classification, module configuration, MLP hyper-parameters.

The results of the multi-class testing phase are presented in the form of confusion
matrices, accompanied by the corresponding f1-score values, in Figures 4.13 and 4.14.
In these figures, darker color intensities indicate values closer to the maximum possible
count for each true label. Specifically, themaximumvalue is 240 for the healthy class (la-
beled as H), 60 for each pathological class in the four-class configuration (PAT1–PAT4)
shown in Figure 4.13, and 120 for each pathological group in the two-class configuration
(PAT1–PAT2 and PAT3–PAT4) shown in Figure 4.14.
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Figure 4.13: MLP confusion matrices. for the multi-class classification with four patho-
logical classes, using the module of the scattering parameters as dataset features. A
darker color indicates a higher value.(a) DD1, 60:40 (%); (b) DD2, 70:30 (%).
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Figure 4.14: MLP confusion matrices for the multi-class classification with two patho-
logical classes, using the module of the scattering parameters as dataset features. A
darker color indicates a higher value. (a) DD1, 60:40 (%); (b) DD2, 70:30 (%).

It is important to note that these confusion matrices effectively combine the out-
comes of the initial binary classification between healthy and pathological cases with
the subsequent multi-class classification among pathological categories. This joint rep-
resentation highlights how errors propagate across the classification hierarchy and pro-
vides insight into the specific severity levels that are more prone to misclassification.

The obtained results indicate that the proposed algorithm encounters difficulties
when attempting to accurately discriminate among all four pathological severity levels.
Nevertheless, when the classification task is simplified to two pathological classes, the
model achieves a substantially improved performance, with an f1-score reaching up to
87.42%. This finding suggests that, while fine-grained severity discrimination remains
challenging, the framework is effective in distinguishing broader disease stages.

A closer inspection of the confusion matrices in Figure 4.13 reveals that most mis-
classifications involving pathological cases incorrectly labeled as healthy predominantly
occur for PAT1. This behavior is consistent with the fact that PAT1 corresponds to the
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mildest pathological condition, which is expected to exhibit dielectric properties more
similar to those of healthy cerebrospinal fluid. Conversely, the classifier rarely con-
fuses classes whose permittivity values differ by more than 2.5%, indicating that larger
dielectric contrasts translate into more reliable class separability.

4.5.3 Clinical implementation
Several factors must be addressed to transition this technology from a laboratory phan-
tom to a clinical diagnostic setting. For a screening tool to be clinically viable in the
context of Alzheimer’s Disease, it must achieve performance metrics comparable to ex-
isting biomarkers. A common sensitivity and specificity level considered useful for a
wide screening is 80%. High sensitivity is especially critical for early stage screening
to ensure that potential cases are captured for further diagnostic verification. A high
specificity value minimizes false positive results, which lead to unnecessary patient
anxiety and healthcare costs. The current system achieves over 94% in all binary classi-
fication performance metrics and over 87% in the f1-score for multiclass classification.
These results align with the requirements, although these metrics must be validated on
a larger and more diverse population.

A significant challenge for clinical translation is the inherent anatomical variability
among patients. This study utilizes a single anthropomorphic phantom, even using a
data augmentation technique the anatomical variation considered in the experiment is
very low. In a real clinical scenario, biological variations and system positioning differ-
ences will significantly influence electromagnetic wave propagation. To ensure model
generalization, future research must incorporate a library of diverse head geometries
and antenna array positions. Training the machine learning models on a broader range
of configurations will prevent the algorithm from over fitting to a specific geometry
and allow it to learn features that are invariant to individual skull morphology.

Moving toward clinical implementation requires further refinement of the hardware
sensing interface. The current use of a benchtopVector NetworkAnalyzer is suitable for
validation but lacks portability. A integrated microwave transceiver system would be
necessary for bedside or primary care applications. Furthermore, the machine learn-
ing models must be tested against confounding factors such as patient movement or
slight variations in antenna placement, which could introduce measurement artifacts
not present in a static phantom environment.
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Chapter 5

Parkinson’s Disease

5.1 Overview on Parkinson’s Disease
The history of Parkinson’s disease (PD) begins in 1817, when James Parkinson is the
first to recognize the today well-known disparate physical changes due to the illness as
a single clinical entity. Decades later, Jean-Martin Charcot recognizes the importance
of this work and decides to name the condition Parkinson’s Disease in honor of his pre-
decessor [90]. Today, what we know about the illness is still being challenged, due to its
huge complexity and variety. Recent research from the PD GENEration study [91] has
discovered that approximately 13% of people with Parkinson’s disease have a genetic
link to the condition. This is much higher than previous estimates. While the risk is
even higher for certain groups (about 18% for those who started showing symptoms
before age 50 or have a family history) nearly 10% of people with no known risk factors
also carry these genetic markers. Another finding of the study is that the most com-
mon gene involved is GBA1, found in 7.7% of all participants. These findings show that
genetics play a bigger role in PD than once thought, and they highlight why genetic
testing is becoming an important tool for helping patients find specific clinical trials
and more personalized care.

Environmental factors play a critical role in the etiology of Parkinson’s disease,
often interacting with genetic predispositions to trigger neurodegeneration [92, 93].
Chronic exposure to specific industrial and agricultural chemicals is among the most
significant non genetic risks [94, 95, 96, 97]. Pesticides such as paraquat and rotenone
are known to inhibit mitochondrial function in dopamine producing neurons [98], while
the industrial solvent trichloroethylene (TCE) has recently been linked to a 500% in-
crease in disease risk [99]. Beyond chemical exposure, traumatic brain injury [100] and
long term inhalation of fine particulate matter [101] are recognized as major contribu-
tors to neuroinflammation and systemic oxidative stress. Conversely, lifestyle choices
like regular high intensity aerobic exercise [102] and caffeine consumption [103] have
demonstrated neuroprotective effects, likely by enhancing mitochondrial resilience and
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modulating dopaminergic signaling. Understanding these modifiable risk factors is es-
sential for developing comprehensive prevention strategies and improving the accuracy
of early diagnostic models.

When placed alongside Alzheimer’s disease, Parkinson’s reflects a similar pattern
of progressive system failure. Both conditions share a common biological root: in both
diseases, specific proteins in the brain fail to maintain their proper structure and in-
stead begin to clump together, essentially clogging the neural environment and leading
to cell death. This process is not immediate; both diseases are characterized by a long
period of internal decline that remains hidden until the brain can no longer compen-
sate for the damage. By linking the two, it becomes clear that they are both parts of a
broader category of age-related disorders where the brain’s internal maintenance sys-
tems gradually break down, allowing the accumulation of waste to disrupt the overall
neural network.

5.1.1 Clinical Symptoms, Disease Progression and Physiological
Changes

Parkinson’s disease represents a chronic degradation of neural architecture character-
ized by the systematic failure of cellularmaintenance and the accumulation ofmisfolded
alpha synuclein proteins into insoluble clumps called Lewy bodies [104]. The disease
follows a transition from localized clusters to widespread network failure. This process
begins decades before clinical diagnosis through two distinct pathways: the body-first
and brain-first models [105].

In the body-first model, pathology originates in the peripheral autonomic nervous
system, such as the enteric system of the gut. Misfolded proteins ascend through the
vagus nerve into the brainstem in a bottom up trajectory. This subtype is associated
with early non motor symptoms like sleep disorders and digestive issues [106]. Con-
versely, the brain-first model follows a top down progression starting in the olfactory
bulb or the brain itself. A hallmark of this subtype is marked hemispheric asymmetry
during early stages, where neuronal loss and structural changes are significantly more
advanced on one side of the brain [107, 108]. Current research indicates that these two
subtypes are distributed approximately equally across the patient population, each ac-
counting for roughly 50% of cases [106].

The most critical transition occurs when the pathology reaches the substantia nigra
(SN), a component of the basal ganglia, that is a deep brain structure that operates as a
control unit for purposeful movement and has a central role in the regulation of reward
seeking behavior, motivation, and executive decision making [109]. SN is divided into
two distinct functional regions:

• pars compacta (SNpc): This region contains the dense population of neurons re-
sponsible for the synthesis and storage of dopamine. It communicates with the
striatum, putamen, and caudate nucleus to modulate motor signals;
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• pars reticulata (SNpr): This region consists of GABAergic neurons that receive
inputs from the putamen and caudate nucleus. Its primary output regulates eye
and head movements.

PD affects specifically the SNpc, where between 40% and 60% of dopaminergic neurons
are typically lost before motor symptoms emerge [110, 111]. This loss disrupts the pro-
duction of dopamine, a neurotransmitter that regulates the gain of neural circuits. In
the basal ganglia, dopamine acts as a biological switch to balance the direct and indirect
pathways. By exciting the direct pathway and inhibiting the indirect pathway, it facil-
itates fluid movement. It also drives the reward system by signaling prediction errors,
functioning as the internal currency for motivation and action [112].

The clinical manifestation of this internal failure begins with non motor prodromal
symptoms, such as autonomic dysfunction and mood changes, which indicate early
systemic instability [113]. As dopaminergic depletion reaches a critical threshold, motor
hallmarks appear. These typically start as asymmetric resting tremors and muscular
rigidity [114]. As the degradation of the basal ganglia control loops progresses, patients
experience bradykinesia (slowness of movement) and impaired postural stability.

In advanced stages, the neurodegenerative process becomes bilateral and spreads
into the cerebral cortex. The brain can no longer compensate for the loss of signal gain.
Structural changes such as the accumulation of iron and the loss of neuromelanin in the
SNpc alter the local tissue environment and its electromagnetic properties [115]. The
final stages involve widespread cortical failure [116], leading to the severe cognitive and
systemic decline characteristic of late stage Parkinson’s disease.

5.1.2 Epidemiology and Socio-Economic Impact
The global prevalence of Parkinson’s disease has more than doubled over the last two
decades [117]. It is now categorized as the fastest growing neurological disorder in the
world [118, 119]. This surge is primarily attributed to the transition toward an aging
global population, though environmental factors and increased industrialization also
appear to play a role. Current estimates indicate that over 11.7million peopleworldwide
live with the condition [120, 121].

The economic burden associated with the disease is substantial and multifaceted.
It includes direct medical costs, such as hospitalizations and medications, and indirect
costs, such as loss of productivity and premature retirement. The total societal cost of
illness for Parkinson’s disease on a global scale is estimated to be over $100 billion [122].
This number combines direct medical expenses with indirect and non medical costs.
Direct costs include hospitalizations, specialized nursing care, and prescription med-
ications. Indirect costs account for the loss of economic productivity when patients
must retire early or when family members reduce their working hours to provide un-
paid assistance. These costs scale exponentially as the disease progresses from early to
advanced stages.
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A critical and often under-reported component of this impact is the cost of informal
care. Many patients rely on family members who must reduce their working hours or
exit the workforce entirely to provide daily assistance. This unpaid labor represents a
significant portion of the total economic strain, often accounting for nearly 40% of the
overall cost per patient [123].

Table 5.1 summarizes themain numbers about the impact of PD on a socio-economic
level.

Metric Estimated Value

Global Population Impact > 11.7 million cases [120]

Global Economic Burden > $100 billion USD [122]

Country Level Burden (USA) $61.5 billion annually [124]

Informal Care Burden $25 billion annually [124]

Individual Patient Cost $22,800 to $50,000 [122]

Table 5.1: Economic and social impact of Parkinson’s disease.

5.2 Diagnosis

5.2.1 Clinical Examination and Sypmtom-Based Diagnosis
The current diagnostic framework for Parkinson’s disease is fundamentally based on
clinical observation rather than a single definitive laboratory test. Because no biological
marker is yet universally accepted as a standalone diagnostic tool, neurologists must
rely on the identification of specific motor and non motor patterns. The foundational
requirement for a diagnosis is the presence of parkinsonism, which is defined as the
coexistence of slowness of movement (i.e., bradykinesia) and at least one other cardinal
symptom, such as a resting tremor or muscular stiffness [125].

To standardize this observational process, the Movement Disorder Society (MDS)
developed the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) [126]. This scale
functions as a rigorous scoring system that evaluates the patient across four distinct cat-
egories: non motor experiences of daily living, motor experiences of daily living, motor
examination, and motor complications. By quantifying these observations, clinicians
can track the progression of the disease and the efficacy of treatments. Additionally,
clinicians often monitor how a patient responds to dopaminergic medication like lev-
odopa; a significant improvement in motor function often serves as a practical confir-
mation of the diagnosis.

However, the clinical method faces significant limitations during the early stages
of the disease. Many symptoms of Parkinson’s disease overlap with those of atypical

56



5.3 – Current Early Diagnostic Strategies

parkinsonian syndromes, such asMultiple SystemAtrophy or Progressive Supranuclear
Palsy [127]. These similar conditions can lead to misdiagnosis, particularly when the
neural damage is not yet widespread. The subjective nature of the rating scales high-
lights the need for objective and quantitative diagnostic tools that can detect structural
shifts before the physical symptoms become visible to a clinician.

5.2.2 Imaging and Laboratory Tests Used in PD
Beyond clinical observation, the diagnostic landscape for Parkinson’s disease has ex-
panded to include advanced neuroimaging and laboratory biomarkers. These technolo-
gies transition the diagnosis from a subjective evaluation of motor signals to an objec-
tive measurement of the underlying pathology. Neuroimaging primarily focuses on
the integrity of the dopaminergic system in the midbrain. Techniques such as DaT-
SPECT [128] and 18F-DOPA PET [129] allow clinicians to visualize the depletion of
dopamine transporters and the loss of presynaptic function. Additionally, advanced
MRI modalities like neuromelanin sensitive imaging (NM-MRI) [130] are increasingly
used to detect microstructural changes in the substantia nigra.

In the laboratory, the emergence of the alpha synuclein seed amplification assay
(αSyn-SAA) represents a major shift [131, 132]. This biochemical test detects the pres-
ence of misfolded protein aggregates in the cerebrospinal fluid or skin with high sensi-
tivity, often before the onset of motor symptoms. Research in now also focused on less
invasive blood based biomarkers, including tRNA fragments and mitochondrial DNA,
which offer a potential for large scale screening [133]. These quantitative methods pro-
vide a necessary technical baseline for the development of microwave imaging, which
aims to offer a similarly objective diagnosis at a lower cost.

Table 5.2 summarizes the current used techniques to diagnose PD.

5.3 Current Early Diagnostic Strategies
An earlier PD detection significantly improves the wellness of patients and caregivers
by enabling the implementation of proactive management strategies before the neural
network reaches a state of critical failure. For the patient, identifying the pathology in
its prodromal phase allows for the initiation of neuroprotective therapies and lifestyle
interventions that preserve the functional integrity of the dopaminergic system for a
longer duration [134]. This early intervention effectively delays the onset of severe
motor deficits and cognitive decline, extending the period of physical independence
and reducing the psychological distress associated with undiagnosed symptoms. For
the caregiver, a timely diagnosis provides a useful window for education and technical
training, allowing for the gradual adaptation of the home environment and the estab-
lishment of long term financial and legal plans.
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Technique Mechanism Target

DaT-SPECT [128] Radioactive tracer binding to
dopamine transporters.

Presynaptic integrity

18F-DOPA PET[129] Positron emission tracking of
dopamine synthesis

Metabolic activity

NM-MRI [130] Sensitivity to the paramag-
netic properties of neurome-
lanin

SN structure

𝛼Syn-SAA [131] Amplification of misfolded
protein seeds in CSF

Protein aggregation

Syn-One Test [132] Detection of phosphorylated
𝛼-synuclein in skin

Peripheral pathology

tRNA Blood Test [133] Quantification of specific
RNA motifs in plasma

Early systemic signal

Table 5.2: Current imaging and laboratory technologies for PD detection.

5.3.1 Digital and Sensor-Based Monitoring
The integration of digital health technologies and wearable sensors represents a signif-
icant shift toward continuous, objective monitoring for early PD detection. Unlike pe-
riodic clinical visits, these technologies provide high resolution longitudinal data that
can capture subtle fluctuations in motor and non motor behavior. Current research
focuses on the use of inertial measurement units (IMUs), such as accelerometers and
gyroscopes, embedded in smartphones and smartwatches to quantify gait parameters,
postural sway, and tremors with sub millimeter precision [135].

Beyond wearable motion sensors, several specialized digital biomarkers are under
investigation. These include:

• Digital Typing and Keystroke Dynamics: Analyzing the timing and pressure of
typing on a keyboard to detect fine motor degradation [136].

• Acoustic and Speech Analysis: Using machine learning to identify vocal tremors,
reduced volume, or changes in pitch that often precede motor symptoms [137].

• Smart Home Ambient Sensors: Utilizing passive infrared or radio frequency sen-
sors to monitor changes in gait speed or sleep patterns without requiring the
patient to wear a device [138].

• Virtual Reality (VR) Assessment: Eye movements analysis while in a virtual re-
ality environment [139].
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These digital tools offer a non invasive way to collect real world data, providing a more
accurate representation of a patient’s functional status than a single snapshot in a clinic.

5.3.2 Biomarkers and Neuroimaging Techniques
The following overview details the pre-symptomatic biomarkers used for early PD de-
tection, excluding movement based sensors. These biomarkers are proteopathic, struc-
tural, functional, and biochemical signals that emerge during the prodromal phase.

The identification of pre-symptomatic biomarkers has transitioned the diagnostic
focus from observing physical tremors to detecting the earliest molecular and structural
shifts in the nervous system. The most significant advancement is the Alpha-Synuclein
Seed Amplification Assay (𝛼Syn-SAA) [140], which identifies misfolded protein prede-
cessors in CSF or skin biopsies with near-perfect accuracy up to 15 years before motor
symptoms appear.

Parallel to protein detection, structural imaging such as Neuromelanin-Sensitive
MRI (NM-MRI) [130] allow for the visualization of neuronal attrition in the substan-
tia nigra. These techniques detect the loss of the dark pigment neuromelanin and
the increase of extracellular fluid that occurs as cells die [130]. Functional biomark-
ers, specifically DaT-SPECT and 18F-DOPA PET [128], remain critical for measuring
the declining density of dopamine transporters and metabolic activity. Furthermore,
systemic biomarkers like Hyposmia (loss of smell) and Isolated REM Sleep Behavior
Disorder (iRBD) serve as powerful clinical indicators of early brain-first and body-first
pathology [141]. Finally, emerging blood-based biomarkers, including Neurofilament
Light Chain (NfL) and immune cell signatures, offer a potential for minimally invasive
large-scale screening [142].

Table 5.3 summarizes the primary biomarkers for early PD diagnosis, focusing on
structural, biochemical, and sensory markers.

5.4 Opportunities for Microwave Imaging in PD
Given the profound heterogeneity of Parkinson’s disease, expanding the availability
of diverse diagnostic modalities is essential for capturing its complex range of clinical
presentations. The illness varies significantly between individuals, and a single diag-
nostic approach is often insufficient for a comprehensive assessment. Integrating mul-
tiple sensing technologies allows clinicians to cross reference different physiological
signals, reducing the risk of misdiagnosis and ensuring that various disease subtypes
are identified early.

In this context, microwave imaging offers a distinct technical advantage as a rela-
tively inexpensive and non invasive method. While such a differential approach may
have lower sensitivity for the more symmetrical body-first cases, its utility as a low
cost and portable screening tool remains significant. Its portability and low operational
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Category Biomarker Diagnostic Target

Proteopathic 𝛼Syn-SAA
(CSF/Skin)

Misfolded 𝛼-synuclein
seeds [140]

Structural Neuromelanin-MRI
(NM-MRI)

SNpc pigmentation loss [130]

Functional DaT-SPECT Dopamine transporter den-
sity [128]

Fluid-Based Neurofilament Light
(NfL)

Axonal neurodegenera-
tion [142]

Molecular Single-cell RNA se-
quencing (Blood)

Immune system activa-
tion [143]

Sensory Olfactory Testing
(SIT)

Olfactory bulb integrity [141]

Autonomic MIBG Scintigraphy Cardiac sympathetic dener-
vation [144]

Table 5.3: Pre-Symptomatic and Early Diagnostic Biomarkers for Parkinson’s Disease
(Non-Motor).

costs make it an ideal candidate for mass screening programs, potentially reaching pop-
ulations that lack access to high fieldMRI or PET infrastructure. By providing a scalable
solution for large scale monitoring, microwave imaging could serve as a frontline tool
to identify high risk individuals, facilitating timely intervention and significantly im-
proving long term patient outcomes.

Recent proof of concept studies have established the technical groundwork for ap-
plying microwave based techniques to PD monitoring. These initial works focus on
the transition from purely morphological imaging to the detection of biological activ-
ity. By utilizing Ultra Wideband (UWB) antennas, researchers successfully localized
signals produced by a microtag mimicking an action potential that is potentially asso-
ciated with PD [145]. The authors utilized a pair of UWB antennas operating in the 0.5
to 2.5 GHz range to perform measurements on a cylindrical brain phantom containing
a microtag. This microtag employed a photodiode to modulate the incident microwave
field with a 1 kHz signal which was then re-radiated as backscattered microwave cur-
rents. By extracting the 1 kHz modulation from the received signals, the system suc-
cessfully localized the simulated activity source. This system achieved a good spatial
resolution within the brain phantom, demonstrating that microwave fields can be mod-
ulated to capture functional signals rather than just anatomical structures.

Further advancements havemoved toward disease specific applications by targeting
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known biomarkers of PD. One notable methodology employs Pulse Amplitude Modula-
tion (PAM) to monitor the beta frequency band within the basal ganglia thalamocortical
(BGTC) circuit, a key indicator of Parkinsonian states [146]. This approach utilizes two
orthogonal sets of UWB probes to extract modeled action potentials from a microtag.
Experimental results confirmed the ability to differentiate between healthy and patho-
logical signaling characteristics within a head phantom. These works represent the first
steps in validating microwaves as a tool capable of monitoring PD.
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Chapter 6

Microwave Imaging for Parkinson’s
Disease Detection

This chapter details the research conducted at Universitat Politècnica de Catalunya
(UPC) under the supervision of professor Luis Jofre-Roca. The primary objective was
to evaluate the feasibility of detecting and imaging localized dielectric contrasts within
a controlled environment as a proxy for the physiological changes associated with
Parkinson disease. While the precise magnitude of these dielectric variations in real
pathological scenarios is not yet fully quantified by the scientific community, the mas-
sive loss of dopaminergic neurons and subsequent astrogliosis alters the local water
content and ionic concentrations. These factors are the primary determinants of di-
electric behavior at microwave frequencies. Additionally, the accumulation of iron and
the depletion of neuromelanin within the SNpc modify the conductive properties of
tissues, generating a measurable dielectric contrast relatively to healthy tissue. For the
brain-first subtype the resulting hemispheric asymmetry provides a differential signal
that microwave algorithms can leverage to isolate pathological changes from common
mode noise allowing for detection during early stages.

The experimental configuration consists of four horn antennas positioned around a
head model to acquire the 4 × 4 complex scattering matrices across a frequency range
from 0.5 to 2GHz. The imaging process employs a differential approach by compar-
ing data from a background scenario representing healthy tissue with a target scenario
containing a specific dielectric contrast. This methodology allows for the spatial recon-
struction of the dielectric anomaly to identify its exact coordinates.

To evaluate system sensitivity and the ability to detect localized contrasts within
deep brain structures like the SNpc, a simplified 3D printed phantom of the human
head was developed. A novel validation technique was implemented that utilizes the
temperature dependent dielectric properties of water to simulate varying contrast lev-
els. This approach provides a reliable and repeatable framework for determining the
minimum dielectric contrast threshold required to accurately localize the target within
the reconstructed image.
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6.1 Dielectric Characterization of Water

6.1.1 Theoretical Model from Literature
Having precise data regarding the dielectric characteristics of materials is fundamental
in microwave-based sensing and imaging systems. Because of this, deionized water is a
standard selection for anthropomorphic phantoms. This choice is due to its well-known
electromagnetic behavior, the abundance of the resource, and its low price. Both relative
permittivity 𝜀𝑟 and conductivity 𝜎 dependencies on frequency 𝑓 and temperature 𝑇 have
been deeply studied and documented. The objective of this study is to leverage the
thermal dependencies of this material to produce customized contrasts within a static
phantom structure without altering its physical configuration. Avoiding any unwanted
modifications in the test scenario is crucial to produce reliable information, especially
when testing a system sensitivity is being quantified.

The behavior ofmaterials exposed to an oscillating field is generally described through
the Debye relaxation model. It provides a mathematical framework for the time depen-
dent polarization of a material and, through the model, it is possible to describe the
complex permittivity of water 𝜀(𝑓, 𝑇 ) as:

𝜀(𝑓, 𝑇 ) = 𝜀∞(𝑇 ) +
𝜀𝑠(𝑇 ) − 𝜀∞(𝑇 )
1 + 𝑗2𝜋𝑓𝜏(𝑇 )

, (6.1)

where 𝜀𝑠 represents the static permittivity while 𝜀∞ denotes the permittivity at the
high frequency limit and 𝜏 is the relaxation time. Since water is a homogeneous sim-
ple material, there is no need for the more complex Cole-Cole model described in 1.4.
In literature, the dependence of complex permittivity to temperature and frequency is
calculated experimentally [147]. From the complex permittivity we get the relative per-
mittivity 𝜀𝑟 and the conductivity 𝜎, and by applying this model the values of 𝜀𝑟 and 𝜎
for the thermal range between 25∘C and 50∘C are calculated. The calculation results are
plotted in Figure 6.1 for frequencies from 0.5 to 3GHz.

The model prediction, by visual inspection, seems to highlight a linear behavior for
both dielectric parameters inside this temperature window. This linearity is quantified
using the coefficient of determination 𝑅2 [148], that defines the strength of the relation-
ship between the model and the data, comparing the data calculated using the Debye
model with their linear regression. The closer the coefficient value is to 1, the closer we
are to a linear behavior.

The formula to calculate this coefficient is:

𝑅2 = 1 −
𝑆𝑆res
𝑆𝑆tot

, (6.2)

where the residual sum of squares 𝑆𝑆res and the total sum of squares 𝑆𝑆tot are calcu-
lated as:

𝑆𝑆res = ∑
𝑖

(𝑦𝑖 − ̂𝑦𝑖)2, 𝑆𝑆tot = ∑
𝑖

(𝑦𝑖 − ̄𝑦)2. (6.3)
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In these expressions, 𝑦𝑖 is the calculated data while ̂𝑦𝑖 is the linear model estimate and
̄𝑦 is the arithmetic mean. For all investigated frequencies, the calculated 𝑅2 exceeds

0.985 which confirms a near linear trend.

Figure 6.1: Dielectric properties 𝜀𝑟 (blue) and 𝜎 (orange) of water across a 25∘C to 50∘C
range. Data points are derived from the Debye model at discrete frequency intervals.
All results show a linearity coefficient 𝑅2 > 0.985.

6.1.2 Experimental Measurements
Empirical measurements were performed on deionized water to test the linearity of
water dielectric properties in temperature in a real setup. The used sample is a 80 mL
volume of water that was initially heated to 36.5∘C and then monitored during a cooling
phase until reaching 26.0∘C, very close to room temperature. The speed at which the
water temperature cools down decreases when approaching room temperature, from
few seconds at the start to several minutes towards the end of the process. A thermal
sensor with a resolution of 0.1∘C tracked the cooling process. At every 0.1∘C tempera-
ture decrement, the complex permittivity is captured using a coaxial probe interfaced
with a Keysight N9918A vector network analyzer (VNA) [149]. Data extraction and
analysis utilized the Keysight Materials Measurement Suite version 20.0.24092501 [150].
To evaluate the precision obtainable in the control of the dielectric properties of deion-
ized water, the relative sensitivity is evaluated and compared with the theorethical sen-
sitivity. The relative sensitivity in the control of relative permittivity 𝜂𝜀𝑟

and the relative
sensitivity in the control of conductivity 𝜂𝜎 for a 0.1∘C thermal shift are defined as:

𝜂𝜎 = 𝜎(26∘C) − 𝜎(36.5∘C)
𝑛𝑇 ⋅ 𝜎(26∘C)

, 𝜂𝜀𝑟
=

𝜀𝑟(26∘C) − 𝜀𝑟(36.5∘C)
𝑛𝑇 ⋅ 𝜀𝑟(26∘C)

, (6.4)

where 𝑛𝑇 = 105 represents the number of discrete thermal steps. The adopted decision
of normalizing the total variation against the 26∘C baseline provides a dimensionless
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sensitivity metric that represents the fractional change relative to the lower thermal
state.

Themeasured data and sensitivities are then comparedwith the theoretical model in
order to assess its reliability in a real scenario. Figure 6.2 illustrates the maximum rela-
tive error across the spectrumwhen comparing the acquisitions to theDebyemodel. For
permittivity 𝜀𝑟 the peak deviation is 3.56% at 1.275GHz which indicates strong agree-
ment with theoretical predictions. Conversely conductivity 𝜎 shows higher relative
error at lower frequencies. This occurs because the absolute conductivity of water is
extremely low at these frequencies so even minor measurement offsets produce large
relative deviations. Furthermore VNA phase noise and algorithm inversion errors be-
come dominant as 𝜎 approaches zero. At higher frequencies the relative error for con-
ductivity stabilizes near 7%. Systematic errors are attributed to VNA phase drift thermal
inaccuracies and residual ions in the water samples.

Despite these constraints the measured data exhibits the expected linear thermal
dependence. Figure 6.3 demonstrates that 𝑅2 exceeds 0.99 for permittivity and 0.98 for
conductivity except at 0.5 GHz where accuracy is limited by low absolute values. Tables
6.1 and 6.2 confirm that dielectric parameters can be controlled with high precision
where 𝜎 shifts by approximately 4.7 ⋅ 10−4% and 𝜀𝑟 by 4.2 ⋅ 10−2% per thermal step.

(a) (b)

Figure 6.2: Frequency dependent relative deviation between Debye predictions and em-
pirical data. (a) Maximum error for conductivity. (b) Maximum error for relative per-
mittivity.

To evaluate the capacity of the imaging system to detect subtle dielectric contrasts,
such as those present in early stage Parkinson disease, this study simulates localized tar-
gets through thermal control. We analyze the microwave signals resulting from these
temperature shifts to establish the minimum contrast threshold the system can resolve.
Although the absolute properties of water differ from neural tissue, the relative per-
centage shifts provide a valid metric for characterizing resolution limits. This approach
allows us to modulate permittivity and conductivity with high precision and repeata-
bility, eliminating the need for physical reconfiguration of the phantom.
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(a) (b)

Figure 6.3: Dielectric characteristics of deionized water as a function of thermal state.
(a) Conductivity results. (b) Relative permittivity results.

Freq. (GHz) 𝜂𝜎 Debye (%) 𝜂𝜎 Measured (%)

0.5 (1.6 ± 0.05) ⋅ 10−4 (6.3 ± 0.05) ⋅ 10−5

1.0 (6.4 ± 0.05) ⋅ 10−4 (4.4 ± 0.05) ⋅ 10−4

1.5 (1.4 ± 0.05) ⋅ 10−3 (1.3 ± 0.05) ⋅ 10−3

2.0 (2.5 ± 0.05) ⋅ 10−3 (2.6 ± 0.05) ⋅ 10−3

2.5 (3.9 ± 0.05) ⋅ 10−3 (4.1 ± 0.05) ⋅ 10−3

3.0 (5.6 ± 0.05) ⋅ 10−3 (6.0 ± 0.05) ⋅ 10−3

Table 6.1: Relative sensitivity of 𝜎 per 0.1∘C shift at specific frequencies.
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Freq. (GHz) 𝜂𝜀𝑟
Debye (%) 𝜂𝜀𝑟

Measured (%)

0.5 (4.4 ± 0.05) ⋅ 10−2 (4.9 ± 0.05) ⋅ 10−2

1.0 (4.3 ± 0.05) ⋅ 10−2 (4.9 ± 0.05) ⋅ 10−2

1.5 (4.2 ± 0.05) ⋅ 10−2 (4.5 ± 0.05) ⋅ 10−2

2.0 (4.0 ± 0.05) ⋅ 10−2 (4.6 ± 0.05) ⋅ 10−2

2.5 (3.9 ± 0.05) ⋅ 10−2 (4.4 ± 0.05) ⋅ 10−2

3.0 (3.6 ± 0.05) ⋅ 10−2 (4.1 ± 0.05) ⋅ 10−2

Table 6.2: Relative sensitivity of 𝜀𝑟 per 0.1∘C shift at specific frequencies.

6.2 Microwave Imaging System
A Rohde & Schwarz ZNA26 vector network analyzer [151] serves as the core of the
acquisition setup, driving four broadband antennas. Building on the protocols defined
in [152, 145], this configuration allows for the immediate retrieval of the 4 × 4 scatter-
ing matrix. The use of a native four port interface removes the reliance on auxiliary
switching hardware, effectively preserving signal quality.

We selected the frequency range of the VNA to be from 0.5 to 3GHz (201 points)
to balance two competing physical requirements: penetration depth and resolution.
Lower frequencies allow deep signal propagation into the brain phantom, while higher
frequencies provide shorter wavelengths for better imaging precision. To optimize the
acquisition rate without sacrificing stability, the intermediate frequency (IF) bandwidth
was set to 10 kHz, achieving total scan times in the tenths of a second. Finally, we
utilized an input power of 0 dBm to maximize the signal to noise ratio while keeping
the system within the linear operating region of the antennas.

The antenna array consists of two orthogonal pairs arranged along a 100mm radius
circle, matching the scale of the human head. As illustrated in Figure 6.4, Antennas 1
and 2 are spaced by an angular distance of 𝛼 = 35∘, with an identical spacing applied to
Antennas 3 and 4. This specific topologywas derived from cranial imaging studies [152]
to solve the problem of mechanical overlap while providing comprehensive angular
views. Consequently, the geometric arrangement focuses the interrogation field on the
central ROI, allowing for precise monitoring of the SNpc.

The antennas are housedwithin a cylindrical phantomwith an internal radius 𝑅𝑤 of
105mm, providing sufficient clearance for the mounting hardware. Inside this volume,
the ROI occupies a circular area with a 100mm radius on the common transverse plane.
The sensors are oriented so that their boresight directions converge at the phantom
mid height (50mm from the base). This geometric optimization ensures high beam
density within the ROI, which is critical for improving spatial resolution and mitigating
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boundary reflection errors.

Figure 6.4: Experimental system architecture: (left) Vector network analyzer integra-
tion. (right) Geometric antenna distribution within the phantom boundaries. The tar-
get coordinate for the dielectric contrast is indicated by the red marker. Grid units are
inmm.

6.2.1 Antennas
The system employs four extended gap ridge horn (EGRH) antennas, previously charac-
terized in [153] for biomedical sensing applications. These components are engineered
forwideband performance, delivering stable near field characteristics andminimal cross
polarization. When interfacing with biological media, the frequency response extends
from 0.5 GHz to 3GHz. This combination of stable spectral behavior and physical com-
pactness makes the EGRH design highly effective for the constraints of this imaging
modality.

In this configuration, the antennas operate within deionized water (𝜀𝑟 ≈ 74–79)
rather than the originally intended coupling medium (𝜀𝑟 ≈ 50). While the nominal de-
sign ensures a reflection coefficient |𝑆11| better than −10 dB (VSWR≤2) up to 1.5 GHz
and lower than −5 dB (VSWR≤3.5) up to 3GHz, the change in background material
alters the response. The higher permittivity of the water imposes additional dielec-
tric loading, resulting in a slight deviation of the operating frequency bands from the
original specifications.

Figure 6.6 and Figure 6.7 present the measured scattering parameters for reflection
(𝑆𝑖𝑖) and transmission (𝑆𝑖𝑗) respectively. All data points were acquired using the spatial
arrangement depicted in Figure 6.4 with the array immersed in deionized water. Anal-
ysis of the reflection profile in Figure 6.6a shows a consistent magnitude below −5 dB
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throughout the spectrum. Furthermore, the plot highlights two distinct operating win-
dows: 0.75GHz to 0.9 GHz and 2GHz to 2.3 GHz. In these windows the return loss
improves to reflection parameters lower than −10 dB.

Analysis of the spectral response identifies a critical operational boundary at 2.3 GHz.
As shown in Figure 6.7a, signal magnitude suffers severe attenuation above this fre-
quency, falling below −80 dB. This energy loss renders the upper spectrum effectively
useless for the inverse scattering problem. Furthermore, the phase stability deterio-
rates in this region; while the response remains coherent at lower frequencies, Figure
6.7b shows a transition to stochastic behavior beyond the 2.3 GHz threshold. Conse-
quently, the reconstruction algorithm is configured to discard this noisy data, focusing
exclusively on the bandwidth where the signal to noise ratio guarantees measurement
validity.

(a) (b) (c)

Figure 6.5: Extended gap ridge horn antenna architecture: (a) Isometric 3D view. (b)
Longitudinal cross section. (c) Aperture front view.

(a) (b)

Figure 6.6: Measured reflection coefficients of the sensors immersed in water at 25∘C:
(a) Magnitude response. (b) Phase response.
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(a) (b)

Figure 6.7: Measured transmission coefficients between antenna pairs in water at 25∘C:
(a) Magnitude response. (b) Phase response.

6.2.2 Phase Center Determination
To ensure the fidelity of the reconstructed image, we performed full wave electromag-
netic simulations using a frequency domain solver. The radiated field distribution was
analyzed at discrete intervals of 0.1 GHz across the 0.5 GHz to 3GHz band. This rig-
orous examination allows for the precise location of the phase center, defined as the
theoretical point source from which equiphase wavefronts originate. Accurate deter-
mination of this effective origin is critical, as it dictates the reliability of propagation
path estimation and the correctness of phase alignment within the imaging algorithm.

During the simulations, the antenna was placed in a homogeneous water environ-
ment at a temperature of 25∘C, matching the conditions adopted in the experimental
measurements. Since the radiation properties of the antenna vary with frequency, the
phase center was determined independently at each frequency point. Although the an-
tenna operates in the near-field region, where wavefronts deviate from ideal spherical
behavior, the horn geometry provides sufficient symmetry such that, in the area corre-
sponding to the region of interest, the intersection of thewavefronts with the transverse
plane yields an approximately circular equiphase contour.

To locate the phase center, we computed the centroid of the equiphase surface points
within the transverse plane. The input data was generated from a rectangular compu-
tational domain designed to match the physical setup: 200mm in front of the antenna,
100mm behind the rear housing, and 200mm in each transverse direction. By process-
ing the electric field distribution within this specific volume, we ensured the numerical
model aligns with the physical capture zone.

To verify the stability of the estimator, we perturbed the simulation domain bound-
aries by ±5mm along each axis. The computed centroid location remained invariant
across the full frequency band, confirming that the method is insensitive to minor setup
variations. Figure 6.8 presents the resulting phase center distance relative to the aper-
ture, modeled by a fifth order polynomial fit. While the physical response follows a
smooth trend, the raw data exhibits slight irregularities, particularly around 2GHz.
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These deviations arise from imperfect wave sphericity and weak numerical reflections
from the absorbing boundaries of the computational volume. Despite these minor ar-
tifacts, the derived model provides the accuracy required for phase compensation, en-
suring precise focusing in multi frequency imaging scenarios.

Figure 6.8: Phase center reconstruction: The simulated position of the phase center
relative to the antenna aperture is indicated by the blue curve with circular markers,
while the red curve with triangular markers shows the corresponding polynomial fit.
Representative top-view maps of the electric field distributions employed for the phase
center estimation are reported at 0.8 GHz and 2.0 GHz.

6.3 Multi-Frequency Bi-Focusing Imaging Algorithm
The Multi Frequency Bi Focusing (MFBF) algorithm constructs an image by syntheti-
cally focusing measured fields rather than solving the full nonlinear inverse scattering
problem. For every voxel in the reconstruction domain, the method back propagates
both the incident and scattered waves using free space Green’s functions. It then co-
herently sums the contributions from all transmitting receiving antenna pairs across
the available spectrum. As detailed in [154], this approach generates an intensity map
that identifies regions of strong induced currents. Consequently, the output provides
a qualitative localization of scattering structures rather than a quantitative profile of
permittivity.

6.3.1 Algorithm Description
The signal processing stage aims to generate a two dimensional image that indicates the
position of the dielectric contrast created in the phantom target tube. To achieve this, it
is necessary to define a reconstruction zone. The chosen zone covers the entire interior
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of the head phantom, and is a circular ROI with a 100mm radius, with the center of
the ROI corresponding to the center of the antenna configuration in 6.4. The imaging
process operates on this domain using a grid resolution of 1mm2. This specific granu-
larity was selected to ensure the system can resolve small anomalies without incurring
excessive computational overhead.

The final spatial image is generated by computing the differential signal between a
dynamic test state and a static reference baseline. We established the “healthy” physio-
logical standard using a backgroundmeasurement where the internal target is stabilized
at 40.5∘C. The reconstruction engine processes the VNA scattering parameters for each
discrete pixel to quantify the contrast against this reference. As the target cools via nat-
ural thermal dissipation, its permittivity rises, thereby providing the data necessary to
simulate the onset of a pathological condition. For every discrete temperature interval,
the differential scattering matrix Δ𝑆 is determined as:

Δ𝑆 = 𝑆𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 − 𝑆𝑡𝑎𝑟𝑔𝑒𝑡 (6.5)

where 𝑆𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 is the scattering matrix obtained at the reference healthy tempera-
ture and 𝑆𝑡𝑎𝑟𝑔𝑒𝑡 is the matrix recorded at the specific pathological temperature under
investigation. These differential inputs allow the algorithm to isolate permittivity de-
viations from the healthy baseline. This methodology is well suited for detecting early
stage brain-first PD, where the inherent hemispheric asymmetry allows the contralat-
eral side of the brain to serve as a natural reference standard.

Each pixel in the grid corresponds to a specific focal point (𝑥𝑓𝑝
, 𝑦𝑓𝑝

) where the re-
constructed intensity is computed via the following summation:

𝐼(𝑥𝑓𝑝
, 𝑦𝑓𝑝

) = ∑
𝑓

∑
𝑇𝑖

∑
𝑅𝑗
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(𝑓 )
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In this equation, 𝐼(𝑥𝑓𝑝
, 𝑦𝑓𝑝

) is the intensity at the focal point, 𝑓 represents the op-
erational frequency, and Δ𝑆𝑇𝑖𝑅𝑗

(𝑓 ) is the differential transmission parameter between
the transmitting sensor 𝑇𝑖 and the receiving sensor 𝑅𝑗. The wavenumber 𝑘(𝑓) of the
electromagnetic signal within the coupling medium is defined as:

𝑘(𝑓) =
2𝜋𝑓√𝜀𝑟(𝑓 )

𝑐
(6.7)

where 𝜀𝑟(𝑓 ) is the relative permittivity of the background medium and 𝑐 is the velocity
of light in a vacuum. The variables 𝜌𝑇𝑖,𝑓𝑝

and 𝜌𝑅𝑗,𝑓𝑝
represent the Euclidean distances

from the focal point to the respective transmitting and receiving apertures:
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(6.8)
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The intensity value assigned to each pixel serves as a dimensionless metric of lo-
cal dielectric contrast, reflecting the magnitude of permittivity variation relative to the
established background.

6.4 Experimental Phantom Design and Fabrication
To quantify the minimum detectable permittivity variations at deep brain coordinates,
we engineered a specialized 3D printed head phantom. This design prioritizes experi-
mental repeatability over anatomical realism through two primary structural abstrac-
tions. First, we replaced the stratified tissue architecture of the human head with a
homogeneous volume of deionized water, thereby eliminating the complex impedance
mismatches and variable attenuation rates found in biological environments. Second,
the geometry was reduced to a 2D cylindrical format, modeling both the cranial cavity
and the SNpc target as vertical cylinders. These simplifications create a controlled test
scenario that allows for precise benchmarking, at the cost of yielding a more favorable
signal environment than a real cranium.

The phantom structure, shown in Figure 6.9, wasmanufactured fromPolylactic Acid
(PLA) using Fused Deposition Modeling (FDM) on an Original Prusa XL system. The
vessel features a cylindrical geometry with an internal radius of 105mm, a wall thick-
ness of 5mm, and a vertical span of 100mm. To accommodate the sensing hardware, the
design includes four integrated apertures equipped with mechanical supports. These
fixtures rigidly position the antenna apertures at a radial distance of 100mm from the
central axis. Finally, the internal cavity is filled with room temperature deionized water,
which functions as both the propagation medium and a dielectric matching layer.
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(a) (b)

Figure 6.9: Experimental phantom utilized for system validation: (a) The empty PLA
structure prior to VNA integration. (b) The fully assembled and water-filled system
during data acquisition. External stabilizing strips were utilized to maintain the vertical
alignment of the Teflon target.

To ensure hydraulic integrity, the external antenna surfaces were treated with a
conformal lacquer coating, while silicone sealant was applied to the phantom interfaces
to create a watertight assembly. Within this sealed volume, we introduced a Teflon
tube (8mm internal diameter, 1mmwall thickness) to replicate the transverse geometry
of the SNpc. Mirroring the lateralized degeneration typical of early stage Parkinson
disease [155], the target was mounted at the coordinates x=−25mm and y=10mm, as
defined in Figure 6.4. The simulation protocol begins with the tube filled with deionized
water at 40.5∘C, representing the healthy reference state. Subsequent natural thermal
dissipation induces a permittivity rise, thereby providing a controlled analog for the
dielectric shifts associated with astrogliosis and neuronal attrition.

6.5 Thermal Analysis and Stability of the Phantom
Environment

The experimental volume consists of a cylinder filled with water (radius 105mm, height
100mm) holding a total capacity of approximately 3.46 L. Within this bulk medium,
we positioned a thermal target: a vertical tube defining a 4mm internal radius, 1mm
wall thickness, and 100mm length. This subvolume contains a discrete mass of 7.8 g
of deionized water raised to an initial temperature of 40.5∘C. To quantify the system
stability, we calculate the heat capacity C for the specified water mass m using the
fundamental expression:

𝐶 = 𝑚 𝑐𝑝, (6.9)
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where 𝑐𝑝 = 4186 J/(kg⋅∘C) represents the specific heat capacity of water. Based on these
parameters, the bulkwater volume in the phantom (mass ≈ 3.46 kg) possesses a thermal
capacity of approximately 1.45×104 J/∘C, whereas the water within the localized target
(mass ≈ 0.0078 kg) has a significantly lower capacity of roughly 33 J/∘C.

The total energy 𝑄 dissipated by the target during its cooling phase from 40.5∘C to
36∘C (Δ𝑇 = 4.5∘C) is determined by:

𝑄 = 𝐶target ⋅ Δ𝑇 ≈ 148 J, (6.10)

where 𝐶target is the thermal capacity of the internal target volume. Under the conser-
vative assumption that the entirety of this energy is absorbed by the surrounding bulk
medium, the resulting temperature shift in the phantom is calculated as:

Δ𝑇phantom = 𝑄
𝐶phantom

≈ 0.01∘C, (6.11)

where 𝐶phantom is the thermal capacity of the bulk water volume. Furthermore, the
characteristic time constant 𝜏 for convective cooling in a water volume 𝑉 is expressed
as:

𝜏 =
𝜌𝑐𝑝𝑉
ℎ𝐴

, (6.12)

The resulting thermal time constant 𝜏 ranges from 3 to 6 hours, a value several
orders of magnitude greater than the total experimental duration of 237 s. This calcula-
tion assumes a standard laboratory environment where the air to water convective heat
transfer coefficient h falls between 5 and 10 Wm−2K−1. Given this significant disparity
in time scales, we model the ambient conditions and the bulk phantom temperature as
effectively invariant during the measurement window. Consequently, any thermal drift
within the coupling medium is considered negligible when compared to the 0.1∘C reso-
lution threshold defined for the dielectric characterization. In the governing expression,
𝜌 represents the water density and A corresponds to the exposed surface area.

6.5.1 Measurement Setup and Protocols
System accuracy is established through a calibration procedure utilizing a Rohde &
Schwarz ZN-Z151 electronic unit at the antenna reference ports. Once the VNA is
ready, the phantom is prepared to simulate the thermal contrast: themain body receives
ambient temperature deionized water, while the target cylinder is injected with fluid
heated to above 40.5∘C. To capture the cooling profile, we employ a digital thermometer
with 0.1∘C precision to record the target temperature continuously.

The acquisition protocol, illustrated in Figure 6.10, operates within a thermal win-
dow of 40.5∘C to 36.0∘C. Inside this range, the Debye relaxation model predicts a linear
shift in dielectric parameters here, ensuring predictable material behavior. As the tar-
get cools, 𝑆-parameters are recorded for the full array at every 0.1∘C decrement. To
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Figure 6.10: Measurement protocol for the PD experiment: hot water (40.5∘C) is poured
in the target tube and each time a 0.1∘C decrease is detected the 𝑆-parameters are
recorded.

preserve the integrity of these fine grain measurements, the experimental setup is left
untouched, preventing any artifacts related to physical movement or vibration.

The acquisition of all 46 experimental samples required a total duration of 237 s, en-
compassing 45 cooling intervals. Temporal data extracted from the VNA timestamped
files indicate that the mean duration for a 0.1∘C thermal decrease is 5.27 s with a stan-
dard deviation of 0.98 s. Analysis of the cooling rate reveals that the initial 23 intervals
occurred more rapidly, with an average duration of 4.78 s (standard deviation 0.99 s),
compared to the final 22 intervals, which averaged 5.77 s (standard deviation 0.68 s).
This deceleration in the cooling rate is consistent with the reduction in the thermal
gradient between the target and the bulk medium as the system approaches room tem-
perature. The resulting scattering data are utilized for sequential image reconstruction
to determine the minimum dielectric contrast threshold at which the target becomes
spatially resolvable. This threshold serves as a critical benchmark for evaluating system
sensitivity relative to the subtle permittivity variations anticipated in the early stages
of Parkinson disease.

6.6 Experimental Results and Discussion
To establish a performance baseline, a validation phase is carried out utilizing a high di-
electric contrast scenario. We generate differential data by comparing a test case where
the target tube only contains air against the case where is contains ambient temperature
water. The transmission scattering parameters, plotted in Figure 6.11, show a distinct
decline in signal quality for frequencies exceeding 2GHz. Accordingly, the reconstruc-
tion algorithm operates on a bandwidth restricted to the 0.5 GHz to 2GHz window, for
a total of 121 frequency points. As shown in Figure 6.12, the final image accurately
resolves the target coordinates, thereby verifying the computational approach.
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(a) (b)

Figure 6.11: Frequency analysis regarding differential transmission scattering parame-
ters. Data reliability decreases above 2GHz, necessitating the use of the 0.5 to 2GHz
band for imaging. (a) Magnitude. (b) Phase.

Figure 6.12: Differential reconstruction comparing an air filled target against a water
background. The magenta circle denotes the actual target site, which is correctly iden-
tified by the algorithm.

The impact of bandwidth and frequency sampling on image quality was evaluated
through a series of reconstruction tests. While the signal magnitude approaches the
noise floor near 1.9 GHz, including the data up to 2GHz was found to improve the
spatial resolution of the localized target. Truncating the bandwidth below this threshold
resulted in a broader main lobe and reduced image sharpness. The 121 frequency points
represent the entire dataset acquired during the measurement phase. The necessity of
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these points and the selected bandwidth was verified by testing the reconstruction with
a reduced subset of the data. This reduction led to a broader main lobe and a general
loss of image detail. Consequently, the full frequency range was retained to maximize
spatial resolution and ensure the best possible localization of the target.

We evaluated the minimum detectable contrast by analyzing the system response
to thermal steps between 0.1∘C and 0.9∘C (Figure 6.13). The results indicate a specific
detection threshold at ΔT=0.4∘C; at this value, a distinct intensity peak first emerges
at the target location. Conversely, for smaller shifts where ΔT≤0.3∘C, the signal is in-
sufficient to generate a clear maximum, confirming that the dielectric contrast remains
below the noise floor. As the temperature difference widens beyond the 0.4∘C threshold,
the reconstruction quality improves, characterized by higher peak intensity and tighter
spatial confinement.

Figure 6.13: Reconstructed differential maps for temperature gradients ΔT between
0.1∘C and 0.9∘C. The target location is highlighted with a magenta circle in all frames.

Figure 6.14 presents the metric analysis of the imaging results. First, we evaluated
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spatial fidelity by calculating the Euclidean distance between the actual target coordi-
nates and the reconstructed maximum; as plotted in Figure 6.14(a), this error metric
stabilizes once the thermal gradient reaches 0.4∘C. Second, Figure 6.14(b) illustrates the
peak magnitude as a function of ΔT. The resulting curve exhibits a linear trend, indi-
cating that the recovered intensity scales proportionally with the permittivity pertur-
bation.

(a) (b)

Figure 6.14: Quantitative reconstruction metrics: (a) spatial offset between the recon-
structed peak and the true target center versus ΔT; (b) peak magnitude as a function of
ΔT including a linear regression fit. The 𝑅2 value is provided in the inset.

The linear regression presented in Figure 6.14b yields a coefficient of determination
𝑅2 = 0.9703, confirming that the imaging output scales predictably with the permit-
tivity variation. This reliable response allows for precise characterization down to a
thermal shift of 0.4∘C. At this specific operating point, the system resolves relative vari-
ations as low as 0.17% for 𝜀𝑟 and 0.0047% for 𝜎. Consequently, we establish thermal
modulation as a viable and effective tool for evaluating microwave sensor performance
under conditions of low dielectric contrast.
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Chapter 7

Conclusion and Perspectives

This final chapter synthesizes the research conducted on microwave based sensing and
imaging for neurodegenerative disease early detection. By integrating hardware devel-
opment, numerical modeling, and signal processing, this work establishes a framework
for non invasive early detection of Alzheimer’s Disease and Parkinson’s Disease. Even
if the cure for these widespread illnesses has not yet been found, a timely intervention
can highly improve the life quality of patients and caregivers. The factors that push the
research on microwave techniques for these diseases are mainly two:

• current technologies able to detect the earliest signs of the pathologies are not
suitable for mass-screening, because of their cost, bulk, and invasiveness;

• having more and more diverse detection methods allows for pathologies with
such a variety of symptoms and physiological changes to be detected with higher
accuracy.

7.1 Summary of Contributions
This thesis work is divided in two parts: one regards the exploration of microwave
techniques for Alzheimer’s disease early detection, carried out at Politecnico di Torino,
and the other one is about Parkinson’s disease early detection, carried out at Universitat
Politécnica de Catalunya.

7.1.1 Alzheimer’s disease
Regarding the research activity on AD, the investigation focused on the classification
of simulated scenarios where the disease is simulated using permittivity variations in
the cerebrospinal fluid inside a dielectric phantom, exploiting neural networks to build
the classifier due to the non-linearity and the small differences between the healthy and
the pathological scenario simulated.
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A first proof-of-concept study was carried out using four antennas adopted from a
previous work by our group, where they had been optimized for stroke detection. The
phantom employed in this experiment was not specifically designed for the present
application; however, it could be emptied and refilled with custom liquids represent-
ing healthy and pathological CSF. A measurement campaign was conducted by acquir-
ing the antennas’ scattering parameters when placed on the phantom filled with liq-
uids simulating the healthy condition and different severities of Alzheimer’s disease,
thereby generating a labeled dataset. Various training, validation, and test splits of
this dataset were then used to train, optimize, and evaluate machine-learning binary
classifiers, specifically MLP, to distinguish between the healthy and the pathological
cases. Despite the non-optimized experimental setup, this approach achieved high bi-
nary classification accuracy on the test data, over 90%, motivating the development of
a more advanced system and a more realistic experimental framework to further assess
feasibility in real-case scenarios.

The new microwave sensing system employed six wideband antennas specifically
optimized for this application. A realistic multitissue head phantom was fabricated,
with particular improvements to the thickness, dielectric properties, and geometry of
the outer layers (i.e., the solid components external to the brain). The dimensions of the
CSF layer were also refined, and the pathological CSF-mimicking liquids were formu-
lated to more closely replicate real-case dielectric properties. The measurement cam-
paign produced a balanced dataset comprising healthy and pathological cases and was
conducted over three days, with data collected on the final day reserved exclusively
for testing. Two different strategies for splitting the remaining data into training and
validation sets were investigated: one based on class labels and the other based on mea-
surement sessions. For each strategy, three training–validation ratios were evaluated
(60:40, 70:30, and 80:20). The dataset was further expanded using a data augmentation
technique. Data processing again relied on a MLP classification architecture. By lever-
aging data augmentation to enhance dataset diversity, the system achieved a binary
classification accuracy exceeding 94%. Moreover, a multiclass f1-score above 87% was
obtained when distinguishing between different levels of pathological severity. These
results demonstrate the capability of machine-learning approaches to extract diagnos-
tically relevant features from complex scattering-parameter data.

These results represent a significant advancement over previous microwave sensing
studies for neurodegeneration. Existing literature often focuses on brain atrophy, a
structural change that occurs in the later stages of the disease. In contrast, this work
targets the early accumulation of amyloid and tau proteins in the cerebrospinal fluid by
detecting their specific dielectric signatures. By achieving a classification accuracy of
94% within a realistic multi tissue environment, this research bridges the gap between
theoretical feasibility and practical clinical implementation.

In the broader landscape of early detection, blood based biomarkers have recently
demonstrated high diagnostic precision in clinical settings. However, microwave sens-
ing offers a distinct and complementary advantage. While blood tests measure systemic
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concentrations of biomarkers, microwave techniques provide an in situ assessment of
the brain environment. This enables the detection of localized physiological changes
without the need for invasive sampling or specialized laboratory processing required
for blood analysis.

Furthermore, the complexity of Alzheimer’s disease requires a multi modal diagnos-
tic strategy. No single biomarker or test is currently sufficient to capture the full het-
erogeneity of the pathology across diverse patient populations. Integrating microwave
sensing into a broader screening framework alongside digital cognitive tools and fluid
biomarkers allows for ensemble prediction. This diversity in detection methods in-
creases overall diagnostic accuracy by cross validating findings across different phys-
iological indicators. Providing a suite of non invasive, low cost tools is essential for
mass screening programs, ensuring that early intervention can be initiated with higher
confidence and broader accessibility.

7.1.2 Parkinson’s disease
The second contribution focused on the detection of PD usingmicrowave imaging tech-
niques. A four-antenna measurement setup was combined with a multi-frequency bi-
focusing algorithm to localize small dielectric anomalies associated with PD-related
physiological alterations in the brain. The system employed horn antennas specifically
designed for microwave imaging applications on the human body, ensuring wideband
operation and adequate spatial resolution. Experimental validation was performed us-
ing a dynamic cylindrical phantom designed and created for this specific application,
which enabled controlled and repeatable testing conditions. The phantom consists of
a bowl filled with room-temperature water, featuring dedicated openings for antenna
placement, inside which a tube containing hotter water is positioned. A key novelty of
this work lies in the controlled regulation of dielectric contrast within the target tube,
which represents the substantia nigra pars compacta region where PD-related changes
are most pronounced. This contrast was precisely controlled by adjusting the tempera-
ture of deionizedwater and exploiting its well-known temperature-dependent dielectric
properties. This approach allowed for fine-grained emulation of pathological variations
that are difficult to reproduce with static phantoms.

The experimental results demonstrated that the proposed system is sensitive to rel-
ative permittivity variations as small as 0.17%, highlighting its capability to detect sub-
tle physiological changes. Furthermore, this study introduced a symmetry-based pro-
cessing strategy that leverages the inherent left–right asymmetry observed in early-
stage, brain-first PD. By using the contralateral hemisphere as an internal reference,
this method has the potential to eliminate the need for subject-specific baseline mea-
surements, thereby improving clinical practicality and robustness.
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In the context of the current literature, the developed system addresses two ma-
jor bottlenecks in microwave imaging. First, the introduction of the temperature con-
trolled dynamic phantom overcomes the limitations of static dielectric targets, provid-
ing a benchmark for emulating physiological changes with a precision of 4.2 ⋅ 10−2%.
The dynamicity of the phantom allows switching between healthy and pathologic states
without invasive modifications that could alter the measurement. This provides a sig-
nificantly finer level of control compared to state of the art phantoms. Second, the
symmetry based processing strategy offers a solution to the reference problem preva-
lent in microwave imaging. Whereas standard differential imaging techniques typi-
cally require a healthy baseline measurement of the same patient, this work leverages
anatomical symmetry to provide an internal reference. This shift from absolute to rela-
tive hemispheric sensing positions microwave imaging as a viable tool for longitudinal
monitoring of PD.

Beyond these technical milestones, the work introduces a newmodality to the exist-
ing landscape of Parkinson’s Disease screening. Current clinical diagnosis relies heavily
on the observation of motor symptoms, which manifest only after significant degrada-
tion of the SNpc. By targeting the early dielectric variations associated with these phys-
iological changes, microwave imaging provides a unique diagnostic angle. Incorporat-
ing this technology into a multimodal framework alongside other emerging tools, such
as digital biomarkers fromwearable sensors or biochemical assays, increases the overall
precision of the screening process. Given the widespread prevalence of PD, the avail-
ability of diverse noninvasive technologies is critical. A redundant sensing approach
ensures that the disease is detected through independent physical markers, leading to
more robust early intervention strategies and better management of the pathology.

7.2 Open Challenges and Future Directions
Research intomicrowave sensing and imaging for neurodegenerative diseases detection
is still in its early stages. Several technical parameters require further exploration, as
antenna array configurations, signal processing algorithms for image reconstruction or
classification, and the development of high fidelity phantoms. Currently, simulating
Alzheimer’s and Parkinson’s disease within computational or physical environments is
limited by incomplete clinical understanding and significant interpatient physiological
variability.

Ultimately, the goal is to initiate in-vivo pilot studies to validate the performance
of these microwave systems in real biological conditions, paving the way for low cost,
portable, and non ionizing neurodiagnostic tools.
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7.2 – Open Challenges and Future Directions

7.2.1 Alzheimer’s disease
Even if the results are promising, several steps remain before clinical translation. A
primary limitation is the discrepancy between laboratory phantoms and the high com-
plexity of real human anatomy. While the phantoms used in this research included
multiple tissue layers, they do not fully capture the stochastic nature of biological tis-
sue distribution or the presence of hair and skin irregularities. The limitation of only
having one phantom was coped using a data augmentation technique, but it is neces-
sary to have hundreds, if not thousands, of different head models to acquire the data
diversity necessary to reproduce the real diversity of human physiology.

Furthermore, the sensitivity of the system to motion artifacts and environmental
noise presents an engineering challenge. In a clinical setting, patient movement could
introduce phase shifts that mask the subtle dielectric changes caused by disease. Be-
yond motion artifacts, the impact of repositioning error is a critical factor for the prac-
tical use of this technology. This study serves as a proof of concept conducted under
strictly controlled laboratory conditions where antenna placement remained constant.
In a clinical scenario involving repeated scans over time, achieving identical positioning
for every session is unlikely. Because the dielectric variations associated with the early
stages of Alzheimer or Parkinson are extremely small, the signal variations caused by
slight antenna misalignments could potentially exceed the target physiological signal.
To address this challenge, future work must focus on the robustness of the classifica-
tion algorithms. We anticipate that expanding the training dataset to include multiple
antenna orientations and diverse subject alignments will improve the system capacity
to generalize. By training the machine learning models on data that explicitly accounts
for these physical variations, the algorithm should learn to distinguish relevant permit-
tivity changes in the CSF from the noise introduced by repositioning. Quantifying these
effects and establishing clear tolerances for sensor placement will be essential steps in
transitioning this prototype into a reliable diagnostic tool for real world medical envi-
ronments.

A different strategy for AD detection that is being explored is the possibility of
imaging the CSF inside the spinal cord by applying the antennas on the neck surface.
Preliminary numerical analysis indicates that this approach is technically feasible [156].

Further experimental characterization of healthy and pathological CSF is required
to establish the precise correlation between protein concentration and dielectric per-
mittivity variations. Defining this relationship is critical for validating the sensitivity
of microwave systems to the biochemical changes associated with neurodegeneration.

7.2.2 Parkinson’s disease
The experiments were conducted in a highly simplified scenario. Future work on this
microwave imaging application will require more realistic experimental conditions, in-
cluding phantoms that reproduce the complexity of amultitissue environment andmore
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closely resemble the geometry of the human head.
In addition, a deeper understanding of the dielectric changes occurring in the brain

as a result of Parkinson’s disease is necessary to accurately model the early-stage di-
electric contrast associated with the pathology. Such knowledge will enable feasibility
studies to be carried out in close-to-realistic environments, particularly to assess the
potential of exploiting the asymmetrical alterations characteristic of brain-first Parkin-
son’s disease for reliable detection.
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