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Abstract

Microwave sensing based on resonance microwave techniques has emerged as a
powerful approach to address the increasing demand for portable, cost-effective, and
stand-alone diagnostic tools. By exploiting the interaction between electromagnetic
(EM) fields and the material under test (MUT), these systems provide accurate
and reliable information across diverse application domains. In this context, the
integration of resonant structures with machine learning (ML) models plays a key
role, enabling adaptive and real-time sensing while enhancing the ability to process
complex and variable data.

This Thesis focuses on the design and experimental validation of microwave
sensors developed for applications in precision agriculture and biomedical scenar-
ios. In particular, novel solutions have been studied to secure the sensing accuracy
and at the same time to ensure portability of the sensing system, thus getting rid
of cumbersome laboratory instruments, as is usual the case for microwave sensing
scenarios.

Two sensing approaches are studied in this Thesis: one for in-situ tree trunk
moisture content monitoring, and another for skin hydration assessment. For tree
trunk moisture monitoring, a low-profile self-oscillating antenna-based sensor is de-
veloped, introducing an innovative sensing strategy based on monitoring the oscilla-
tor’s steady-state regimes, which vary with the antenna loads. By tracking the DC

power consumption of each oscillator regime only, this approach provides a robust



alternative to conventional and cumbersome radiofrequency (RF) measurement in-
struments. In the biomedical domain, non-invasive and electrode-less resonators are
developed to assess skin hydration for different operating frequency. In particular
a high-resolution resonator is designed to isolate and characterize the most superfi-
cial, non-vascularized layer of the skin, enabling the detection of microscopic fissures
associated with atopic dermatitis (AD).

The design of each sensor, including the choice of operating frequency and res-
onant structure, is driven by the required field penetration depth.

The presented systems are compact, cost-effective, and demonstrate the effec-
tiveness of combining resonance-based microwave sensing with machine learning,
enabling robust, autonomous, and adaptable diagnostic platforms for a wide range

of applications.
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Chapter 1

Introduction

Microwave sensing based on resonance techniques has recently emerged as a
reliable, non-invasive, solution to allow for real-time and accurate monitoring of
materials across a wide range of applications, including biological monitoring, preci-
sion agriculture, structural health assessment, and environmental sensing. The abil-
ity of electromagnetic waves to penetrate materials allows the extraction of crucial
information without damaging the sample, making microwave sensors particularly
attractive for on-field and wearable applications. Moreover, these sensors are com-
pact, cost-effective and easy to manufacture, aligning with the increasing demand
for portable and stand-alone diagnostic devices [1-5].

In agricultural applications, monitoring the moisture content of tree trunks is
crucial for maintaining plant health, facilitating cellular processes, and supporting
sustainable growth, particularly under changing climate conditions. Similarly, in
biomedical applications, monitoring skin hydration levels is of particular interest,
as deviations from normal hydration can impair cognitive and physical abilities and
contribute to dermatological conditions such as burns, edema, inflammation, and
atopic dermatitis.

Nonetheless significant challenges remain, as conventional resonator-based systems
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typically rely on bulky, laboratory-based, or invasive instruments, which are in-
compatible with IoT and SWaP-C (Size, Weight, Power, and Cost) requirements,
limiting their applicability in real-time, in-field, or wearable scenarios. Furthermore,
most existing skin sensors are subject to measurement variability caused by exter-
nal factors, including sensor pressure, skin deformation, and sweating, which can
compromise the accuracy and reliability of the readout. In addition, they often lack
the spatial resolution necessary to discriminate multilayered structures or detect
biomarkers associated with conditions such as atopic dermatitis.

This thesis aims to overcome these challenges by developing and experimen-
tally validating autonomous microwave sensors tailored for both agricultural and
biomedical applications. These sensors exploit resonance-based sensing principles
in combination with low-complexity machine learning models to provide compact,
cost-effective, real-time monitoring solutions. The proposed devices are validated
by rigorous circuital and electromagnetic simulations, followed by the fabrication
process and experimental campaign. The development of the predictive models pre-
sented in this thesis has been carried out in close collaboration with Professor Marco

Tartagni’s research group.

1.1 Self-Oscillating Antenna for Tree-Trunk Mois-
ture Content Monitoring

In recent years, microwave-based moisture content sensors have gained increas-
ing interest, as they enable the acquisition of critical information in a non-destructive
manner and with high sensitivity. Traditional approaches typically employ resonant
structures, such as split ring resonators (SRRs) or open-end probes, connected to

vector network analyzers (VNAs) or spectrum analyzers to monitor shifts in reso-
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nance frequency or output power. However, these solutions are bulky, expensive,
and unsuitable for IoT deployment [6,7].

To overcome these limitations, this Thesis introduces a compact, lightweight, and
stand-alone self-oscillating antenna, operating in the 2.4 GHz band, capable of mon-
itoring tree trunk moisture content. The operating principle is based on the nonlin-
ear relationship between the oscillator’s steady-state regimes, under different loading
conditions, and its DC operating points. By monitoring the DC power consumption
of the self-oscillating antenna, it is possible to retrieve the correct moisture content
of the wood sample with a simple microcontroller, avoiding the need for any bulky
and expensive RF instrumentation [8,9].

A combination of nonlinear and electromagnetic simulations is performed to an-
alyze the self-oscillating antenna’s behavior in both unloaded and loaded conditions
across the relevant frequency range. Extensive experimental campaigns validated
that the moisture content of the wood could be accurately inferred by observing
only the static drain current. The robustness of the sensor in varying in-vivo condi-
tions is enhanced through the integration of partial least squares regression (PLSR),
a low-computational machine learning method capable of handling small datasets,
managing missing values, and extracting latent features from raw DC power mea-
surements. This represents the first demonstration of a portable microwave moisture
sensor assisted by machine learning, fully compatible with IoT constraints.

Building on this technology, ongoing work is exploring its extension to biomed-
ical and sport-related applications, where non-invasive and localized monitoring of
tissue hydration and other tissue characteristics could provide new insights and

practical tools for real-time physiological assessment.
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1.2 Resonator-Based Sensor for Skin Hydration
Monitoring

The application of microwave sensors in biomedical fields has been growing, due
to their non-invasive nature, use of non-ionizing radiation, and cost-effective fabri-
cation. Accurate measurement of skin hydration is crucial for maintaining overall
health, as deviations in epidermal water content are associated with various disor-
ders, including burns, edema, inflammation, and even skin cancer. Several technolo-
gies have been proposed in the literature or assessing skin hydration status. However,
these approaches are often costly and not easily accessible. In addition, their imple-
mentation in routine screening is limited by the large size and non-portable nature
of the devices [10-12]. Moreover, most of these methods do not incorporate machine
learning algorithms, which could enhance their accuracy.

This Thesis presents a resonator-based skin hydration sensor employing a low-
cost complementary split-ring-resonator (CSRR) operating in the 2-3 GHz frequency
band. The sensor is integrated with machine learning algorithms to classify hydra-
tion levels directly from skin measurements, thereby enabling real-time and au-
tomatic monitoring. The system is non-invasive, portable and wearable, demon-
strating the feasibility of combining microwave sensing with low-complexity data

processing for biomedical applications [13,14].

1.3 High-Resolution Resonator for Atopic Der-
matitis Detection

Atopic dermatitis is a common skin condition affecting hundreds of millions

of people worldwide. One of its key features is the structural and functional im-
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pairment of the stratum corneum (SC), the outermost layer of the skin, leading
to increased trans-epidermal water loss (TEWL), dryness, inflammation, and sus-
ceptibility to infection [15]. Most existing skin sensors treat the skin as a single
and homogeneous layer, neglecting its multilayered structure, including the stratum
corneum (SC), epidermis (EP), and dermis (DR). Some studies specifically focus on
the SC, however, literature lacks well defined dehydration threshold or quantitative
hydration values specific to AD affected skin, making it difficult to distinguish be-
tween normal and pathological dryness [16,17].

To overcome these limitations, this Thesis introduces a novel high-resolution
EM sensing approach capable of probing the superficial, non-vascularized layers of
the skin, where AD biomarkers are localized. The proposed system detects local
EM variations induced by structural alterations in the stratum corneum caused by
atopic dermatitis. These alterations serve as specific markers of the AD rather that
general indicators of hydration or dryness. The system is designed for non-invasive
and cost-effective monitoring of AD-related alterations, providing a more specific

and reliable detection of AD-induced structural changes in the skin. [18].
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Chapter 2

Predictive-Model-Assisted
Self-Oscillating Antenna for

Moisture Content Sensing

This Chapter is based on the following publications:

A. Di Florio Di Renzo, S. Trovarello, O. Afif, M. Tartagni, D. Masotti and A.
Costanzo, ”A Predictive-Model-Assisted Moisture Content Sensor by Monitoring
the DC-Unstable States of a Microwave Self-Oscillating Antenna,” in IEEE Trans-
actions on Microwave Theory and Techniques, vol. 73, no. 8, pp. 5580-5591, Aug.
2025.

A. Di Florio Di Renzo et al., ”A Stand-Alone Moisture Content Sensor Based on a

Loaded Self-Oscillating Antenna,” in 2024 IEEE/MTT-S International Microwave
Symposium - IMS 2024, Washington, DC, USA, 2024, pp. 284-287.
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2.1 Introduction of the Chapter

The continuous expansion of the Internet of Things (IoT) and wireless sensor
networks (WSNs) is deeply transforming the way the physical world is observed
and interpreted. In fact, the next generation of IoT devices will increasingly rely
on compact, low-cost, and portable solutions, as these characteristics are essential
for guaranteeing scalability in real-world deployment scenario. Typical applications
range from structural and biomedical monitoring to smart home systems and pre-
cision agriculture, where many sensors must cooperate autonomously and reliably
to provide meaningful information about the surrounding environment. Through
widespread and distributed data collection, WSNs enable real-time understanding
of environmental dynamics, thereby supporting smarter and more sustainable re-
source management [19].

Given the intensifying climate crisis, monitoring the water content of trees
has become essential, as it plays a decisive role in preserving plant health, main-
taining cellular functionality, ensuring leaf turgidity, and supporting overall plant
growth [20]. Accordingly, in recent years, the use of sensors for real-time plant
hydration monitoring has gained increasing importance. Conventional technologies
for measuring moisture content typically rely on resistive or capacitive methods.
Resistive sensors estimate moisture by detecting changes in electrical resistance be-
tween inserted probes, which vary with humidity. However, they are invasive, as
the insertion of probes causes physical damage to the material. Additionally, these
sensors tend to degrade over time, since electrodes exposed to humidity are prone to
corrosion, resulting in reduced measurement accuracy. Capacitive sensors, in con-
trast, retrieve moisture content information by tracking variations in capacitance
between two electrodes that embed the sample. Although these sensors are gener-

ally considered non-invasive, their use is limited to surface-level monitoring due to
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their superficial penetration depth of less than 10 mm. In trees, this limitation con-
fines the sensor’s sensitivity to the outermost layers beneath the bark, preventing a
comprehensive assessment of the internal hydration state [21].

For these reasons, microwave-based approaches have been widely investigated in
the literature as promising alternatives. Thanks to their ability to penetrate materi-
als, electromagnetic waves enable the non-destructive acquisition of moisture-related
information. Several implementations have been proposed, including sensors based
on resonant components, such as SRRs or open-end probes. These architectures
typically operate by detecting shifts in resonance frequency and return loss under
varying loading conditions using RF measurements. In addition, oscillator-based mi-
crowave sensors have been developed for material characterization, where changes
in oscillation frequency or output power are analyzed with external RF instruments,
such as vector VNAs or spectrum analyzers. Despite their high sensitivity, such
solutions are not fully compatible with IoT-oriented applications, as they rely on
bulky and expensive instrumentation, which significantly increases the overall size,
weight, power consumption, and cost of the system. Attempts have been made to
partially overcome these limitations by incorporating additional circuitry to convert
RF signals into DC values; however, this approach increases system complexity and
reduces suitability for large-scale deployment [22-27].

This work addresses the challenges of moisture content (MC) sensing by devel-
oping a compact, lightweight, and stand-alone system. The architecture is based on
a self-oscillating antenna operating in the 2.4 GHz band, which is placed directly in
contact with the tree trunk. The operating principle exploits the nonlinear relation-
ship between the oscillator’s steady-state regimes under different loading conditions
and its DC operating point. In particular, sensing is performed by monitoring only
the DC drain-source driven current value, which reflects how the antenna’s loading

conditions, governed by the moisture-dependent dielectric properties of the wood,
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affect the oscillator steady-state behavior. The direct coupling between oscillator
and antenna, with the antenna acting as a dispersive load, provides two main ad-
vantages: it relaxes constraints on oscillation conditions, thanks to the lower quality
factor compared to a common split resonator, and it allows deeper penetration of
wave inside the wood, enabling the detection of internal moisture.

Extensive theoretical and simulation analyses are conducted to characterize the
system under different loading conditions. Experimental results confirm that varying
hydration levels can be distinguished simply by monitoring the static drain current,
without the need for complex RF measurement equipment. This approach ensures
non-invasive operation and allows access to internal moisture information, avoiding
destructive sampling or drilling. Such capability is particularly valuable for assess-
ing tree health and detecting early signs of internal decay. To address the variability
in in-vivo scenarios, where both the material’s electrical characteristics and ambient
conditions fluctuate, raw DC power data alone is insufficient for precise MC iden-
tification. To overcome this limitation, partial least squares regression is employed.
PLSR is particularly suited for modeling the relationship between environmental
factors and moisture content in wood, as it can handle small datasets, accommo-
date missing values, and identify latent variables that capture the underlying data
variance [28-30]. This capability enables real-time MC prediction, extracting in-
sights from raw data that are otherwise remain imperceptible.

This research presents the first demonstration of a fully portable microwave
moisture content sensor, enhanced with low-computational machine learning tech-
niques capable of distinguishing different hydration states of tree trunks. The system
seamlessly converts the RF sensing signal into DC information, eliminating the need
for RF instrumentation or additional external circuits, representing a significant step
toward practical, loT-ready solutions for precision agriculture, smart forestry, and

sustainable environmental monitoring. A schematic overview of the complete system
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Figure 2.1: Tree trunk moisture sensor using a patch-loaded microwave oscillator, with a
predictive model detecting moisture from DC current variations [9] (©) 2025 IEEE.

is shown in Fig. 2.1. The self-oscillating antenna, polarized with a DC gate-source
voltage and a DC drain-source voltage, is directly attached to the tree-trunk. De-
pending on the moisture content inside the trunk, the self-oscillating antenna mod-
ifies its steady-state oscillatory regime, affecting the generated RF output power,
the oscillation frequency, and the DC power consumption. By monitoring only a
DC parameter, the DC driven drain-source current, the system can distinguish dif-
ferent levels of moisture within the tree trunk. For each moisture content level,
the corresponding curve of drain-source current as function of gate-source voltage is
measured and provided to a predictive model. The model exploits the entire curve
shape to accurately infer the moisture content, since its shape reflects the dielectric
proprieties variation of the wood with humidity. Both the read-out and the model
can be implemented on a lightweight, low-cost microcontroller, eliminating the need

for RF instrumentation.
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2.2 Microwave Self-Oscillating Antenna: Design
and Performance Evaluation

As anticipated in the introductory chapter, most microwave-based approaches
presented in the literature rely on near-field resonators. While such devices provide
high sensitivity, they are mainly suited for retrieving the electrical properties of thin
samples. In contrast, a resonant antenna, such as a patch antenna, is more appro-
priate for characterizing thicker materials, since it exploits the radiative near-field.
This aspect is particularly relevant in the context of moisture content detection,
where MC detection may involve even larger volumes of wood.

Taking into account the typical SWaP-C constraints critical for IoT-oriented
systems, a multilayer self-oscillating antenna architecture is developed. In this de-
sign, the circuit is implemented on a thin substrate (0.6 mm ROGERS4360G2, ¢, =
6.15, tan § = 0.0038 at 2.45 GHz), improving field confinement and reducing fringing
effects, while the antenna is realized on a thicker layer (1.52 mm ISOLA FR408HR, e,
= 3.68, tan 6 = 0.0092 at 2.45 GHz) to ensure good radiation. Both substrates share
the same ground plane, which simplifies fabrication and reduces cost. This multi-
layer approach optimizes footprint, weight, power consumption, and cost, making

the system well suited for compact, low-power, and cost-sensitive IoT applications.

2.2.1 Characterization of the Aperture-Coupled Patch An-

tenna Resonator

The selected antenna, an aperture-coupled patch, is designed to be attached to
the tree trunk. Its compact profile, and low thickness make it particularly suitable
for this application. The aperture-coupled patch antenna is shown in Fig. 2.2, and

its dimensions are summarized in Table 2.1 (all values are given in mm).
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Figure 2.2: Exploded view of the aperture-coupled patch antenna structure serving as
the oscillator load.

Lp:Wp LC Wc Wf Lf LS
30.1 2.15 | 13.74 | 0.85 | 20 | 12.5

Table 2.1: Geometrical dimensions of the aperture-coupled patch antenna.

The aperture-coupled feeding scheme enables a compact dual-layer layout, where
the resonant antenna is placed on the top layer, minimizing interference effects. The
operating frequency is chosen within the Industrial, Scientific, and Medical (ISM)
band, as a compromise between circuit miniaturization and electric field penetration
in the wood.

In this application, the antenna operates in the radiative near-field region of
the tree-trunk, where the electromagnetic fields are strongly influenced by the prox-
imity of the dielectric load. In this region, parameters such as radiation patterns,
gain, and efficiency are less straightforward to measure or interpret. Under this con-

dition, the reflection coefficient is strongly sensitive to the nearby load, making it
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the primary parameter for assessing antenna performance directly on the tree. This
approach allows monitoring how the antenna responds to variations in the trunk’s
dielectric properties without relying on far-field measurements.

The one-port reflection coefficient quantifies the fraction of the incident wave at
the antenna port that is reflected back due to impedance mismatch. In the context
of scattering parameters, the reflection coefficient at the antenna input is represented
by 511, defined as:

Si=— (2.1)

where a; and b; denote the amplitudes of the incident and reflected waves at the
antenna port, respectively. Although S-parameters are generally used to describe
a multi-port networks, for a single-port antenna only the diagonal element S; is
present.

The comparison between simulated and measured | S|, shown in Fig.2.3 , shows
excellent agreement at the fundamental operating frequency of 2.45 GHz, while a
less precise but still acceptable agreement is observed at higher harmonics.

In self-oscillating designs, resonators such as split-ring resonators or comple-
mentary split ring resonators are commonly employed as the sensing element due
to their favorable sensing properties. These structures exhibit a high quality fac-
tor (Q), resulting in sharp resonance peaks and high sensitivity to small variations
in the surrounding environment. Their reactive near-field is strongly confined, al-
lowing precise detection of materials located adjacent to the resonator. However,
for applications requiring penetration beyond the surface layer of a wooden trunk,
patch antennas are preferred, as their radiative near-field penetrates deeper into the
the wood, whereas the reactive near-field of SRRs, or CSRRs interacts only with
very thin layer near the surface, providing limited sensitivity to deeper regions. To

further investigate this behavior, a comparison with a CSRR is carried out, both

32



—Simulated
—Measured

_40 I I I I I I I I
1 2 3 4 5 6 7 8 9 10

Frequency (GHz)

Figure 2.3: Comparison of simulated and measured |S11| of the patch antenna in
free-space, intended as the oscillator load, over the 1-10 GHz frequency range, covering
up to the fourth harmonic of the oscillator [9] (©) 2025 IEEE.

designed to operate at the same frequency. A detailed description of the CSRR
structure, which has been tuned to operate in vacuum, will be provided in the fol-
lowing chapter. Each device is tested using a wooden block phantom measuring
95 x 95 x 150 mm?3, with a relative permittivity of ¢, = 2.33 when dry and ¢, =
11.3 when wet, and the corresponding loss tangent of tand = 0.013 and 0.22, at
2.45 GHz, respectively, as reported in [31]. Electromagnetic simulations performed
in CST Microwave Studio highlighted the different behavior of the two resonators.

The mean value of the discrete samples of the electric field norm, taken over
an area in the XY-plane, is monitored along the Z-direction, which corresponds to
the penetration depth inside the material, at different penetration levels z,. For
consistency, the same area, corresponding to the dimensions of the patch antenna,
is considered for both the CSRR and the patch antenna, as it is larger than the area

circumscribed around the CSRR and thus adequately covers both cases. The result-
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Figure 2.4: EM simulation of the mean value of the normalized E-field norm within a
wood sample, excited by a patch antenna and a CSRR resonator, at 2.45 GHz for
varying moisture levels [9] (©) 2025 IEEE.

ing values are normalized to their respective maxima, since the different structures

exhibit different field intensities, and calculated as:

e ||E x'wy]?'zk ||
E E E 2.2
<H <Zk H N N lllaxk HE Zk || ( )

where N, and N, are the number of cells along the X- and Y- directions, respectively,
and z; denotes the longitudinal position of the k-th XY-plane. As illustrated in Fig.
2.4, the normalized mean E-field inside the wooden block decreases much more
rapidly when excited by the CSRR, becoming negligible after approximately 2.5
mm in wet wood and 3 mm in dry wood. In contrast, the aperture-coupled patch
antenna preserves a significant E-field intensity beyond 3 mm in both conditions,
confirming its superior ability to probe deeper regions of the material and thus to
sense thicker volumes.

To validate the extended penetration depth of the electric field excited by the

34



—Measured

—Simulated

VNA

-

W,
1!‘ Wood sample

L

1 1.5 2 2.5 3 3.5 B
Frequency (GHz)

Figure 2.5: (a) Experimental setup and (b) measured transmission coefficient (|Sa1]) of a
wireless link formed by two aperture-coupled patch antennas positioned face-to-face on
opposite sides of a 150 mm thick dry-wood block [9] (©) 2025 IEEE.

patch antenna inside the wood, an experiment is carried out in which two identical
aperture-coupled antennas are placed face-to-face on opposite sides of a 150 mm dry-
wood block (e, = 2.33, tand = 0.013, at 2.45 GHz), thus establishing a wireless link
through the material. The measurement setup and the corresponding transmission
coefficient |Sy;| are shown in Fig.2.5, compared with the results obtained from EM
simulations. The parameter |Sy;| represents the transmission from port 1 to port
2, providing a direct indication of the efficiency with which the electromagnetic
field propagates through the sample. A satisfactory agreement between simulation
and measurement is observed around the operating frequency, although a slight
difference in the resonant frequency can be noticed. This discrepancy is attributed
to the fact that the dielectric properties of wood used in the simulations are taken
from literature, whereas the actual material employed in the measurements may
exhibits slightly different permittivity values. Since the same wood sample is used

throughout the experimental campaign, the measured data are considered more
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representative of its true EM behavior. At the resonant frequency, the measured
transmission coefficient |Sy;| reaches —33 dB. Despite the relatively high losses of
the wooden material, a clear coupling between the two antennas is still observed.
The introduction of the wooden block leads to a resonant frequency shift of 70 MHz
compared to the free-space case, and a reduction in the transmitted signal, due to the
dielectric absorption and to the impedance mismatch between the antenna and the
load. Regardless of these degradations, the persistence of a distinct transmission
peak confirms that the electromagnetic field effectively penetrates the block and
interacts with its entire volume, thus supporting the validity of the proposed sensing
approach.

In practical applications, the cylindrical shape of tree trunks introduces natural
curvatures that may affect the performance of planar and rigid sensors. In particular,
the imperfect contact between a flat sensing surface and the curved bark could
lead to small air gaps, potentially influencing the electromagnetic coupling and,
consequently, the accuracy of the measurements. For this reason, it is crucial to
evaluate the robustness of the proposed system with respect to variations in trunk
curvature and diameter.

For this purpose, numerical simulations are performed using dry-wood cylindri-
cal models with diameters ranging from 10 mm to 200 mm. The results, reported
in Fig. 2.6, show that the shift in resonant frequency between the smallest diameter
case and the ideal flat configuration is approximately 15 MHz. In addition, the effect
of trunk curvature on the reflection coefficient magnitude is found to be limited, with
only minor variations observed over the considered diameter range. This relatively
minor deviation highlights the robustness of the antenna and confirms its suitability
even for slender trunks, where curvature effects are most pronounced. Moreover, to
account for possible air gaps arising not only from curvature but also from surface

irregularities of the trunk, additional numerical simulations are carried out by in-
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troducing a periodic distribution of air-filled fractures within the wood sample. The
air-filled fractures span the entire YZ cross-section of the sample and are periodi-
cally repeated along the X-direction, so that varying the fracture width effectively
controls the volumetric fraction of air. The results, reported in Fig. 2.7, show that
as the fracture width increases, both the resonant frequency and the |Sy;| progres-
sively approach the free-space response, consistent with the increasing dominance of
air in the effective medium. Conversely, narrow fractures, corresponding to a low air
fraction, result in an antenna response very close to that obtained with a homoge-
neous dry-wood load. In all cases, the observed variations remain small, indicating
that moderate air gaps may result only in a slight underestimation of the effective
dielectric permittivity and loss tangent. In all cases, the observed variations remain
limited, indicating that moderate air gaps lead only to a slight underestimation of
the effective dielectric permittivity and loss tangent. Based on these results, the
assumption of a flat and continuous wood surface is therefore considered adequate

for this thesis work.

2.2.2 Design of the Self-Oscillating Loaded Antenna: NL/EM

Co-Design Approach

A Microstrip oscillator based on the ROGERS4360G2 substrate is designed
using Harmonic Balance (HB) simulations [32-34]. The selected active compo-
nent is the SAV-331+, a depletion-mode pHEMT manufactured by Mini-Circuit.
A pHEMT device is chosen due to its superior efficiency, output power, and fre-
quency stability compared to alternative devices, such as BJTs [35]. The circuit
schematic is presented in Fig.2.8. The pHEMT is embedded in a microstrip layout
comprising a stub matching network at the drain port, two capacitive stubs at the

source terminal and an inductive stub at the gate, forming the feedback network.
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Figure 2.8: Schematic circuit of the proposed system [9] (©) 2025 IEEE.

The design variables includes the widths (w) and the lengths (1) of the microstrip
lines, as well as the external gate and drain biases. Frequency tuning is achieved
using the gate and source open stubs, combined with gate bias adjustments. The
output network is designed in conjunction with the other active antenna subcircuits
to simultaneously optimize the RF output power (i.e., the antenna input power) and
the oscillator stability range under varying antenna loading conditions. To achieve
this, the output network is co-designed with the oscillator and incorporated into the
overall optimization process. This approach ensures stable RF oscillations and high
DC-to-RF conversion efficiency across all antenna loads of interest, despite the sig-
nificantly different equivalent load impedance values resulting from varying moisture
conditions.

Before connecting the dispersive antenna load, the oscillator is first evaluated
using a standard 50 €2 termination. This preliminary step allows a precise assessment
of the loop gain and phase and provides a baseline for verifying the conditions
required for oscillation. The design procedure is based on the Barkhausen criterion,
which states that the steady-state oscillations occur when the loop gain magnitude is

unity and the total phase shift around the feedback loop is 0° or an integer multiple

39



90°

135° 45°

180°

S =1.2+504

225° 315°

270°

Figure 2.9: Nyquist plot of the oscillator with a 5082 load. At 2.45 GHz, the loop gain is
1.26 with phase equal to 18°, satisfying the Barkhausen criterion and confirming stable
oscillation.

of 360°. In mathematical terms, this condition can be expressed as:

|8 (jwo) Ay (jwo)| = 1, Z(B(jwo)Av(jwo)) =2mn, né€Z. (2.3)

where [(jwg)A,(jwy) denotes the loop gain at the oscillation angular frequency wy.
This condition can be derived from the classical feedback oscillator model, in which
A, (jw) represents the amplifier gain and ((jw) the feedback network. In the absence
of an external input signal, the closed-loop transfer function requires its denominator

to vanish, leading to the fundamental relation:

1= B(jw)A(w) =0 = Bjw)A,(jw) =1 (2.4)

This condition corresponds to a pair of complex-conjugate poles entering the

right-half plane (RHP), indicating that the feedback is sufficient to sustain oscilla-
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tions.

To systematically assess these conditions in practice, the loop gain is evaluated
using a small-signal loop-breaking methodology. The oscillator loop is conceptually
opened at a point in the feedback path where the signal propagates along a single
path and the source impedance is much smaller than the load impedance. A small-
signal perturbation is injected at this point, and the returning wave is measured.
Under these conditions, the loop gain is directly obtained as a one-port scatter-
ing parameter. In this configuration, Si; is equivalent to the loop gain product
B(jwo) Ay (jwo), allowing verification of the Barkhausen criterion without explicitly
separating the amplifier and feedback networks. The resulting Sy; inherently con-
tains both magnitude and phase information as a function of frequency and is there-
fore directly suitable for representation on a polar or Nyquist diagram. The Nyquist
diagram provides a systematic approach to verify whether the oscillation condition is
satisfied. In particular, clockwise encirclements of the critical point 1+ j0 indicates
the presence of RHP poles, generated by the closed-loop system. Fig. 2.9 shows the
Nyquist plot of the oscillator with 50 2 load.

At 2.45 GHz, the loop-gain magnitude and phase, computed as:

18(w) A ()] = [Sul = / (Re{S1})? + (Im{S11})? (2.5)

Im{SH}

£(Bjw)Au(jw)) = £5n = arctan p Zee

(2.6)

are 1.26 and 18°, respectively, satisfying the Barkhausen criterion and confirming
that the circuit can sustain stable oscillations at the desired frequency. This prelim-
inary evaluation ensures that the active device and feedback network are properly
biased, and that the oscillator loop exhibits sufficient gain and appropriate phase

conditions to initiate oscillations.
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Following the preliminary optimization with the 50 {2 termination, the oscillator
is connected to the patch antenna, where the output microstrip line feeds the patch
antenna through aperture coupling, with the patch antenna acting as the oscillator’s
dispersive load. The assembly layout is shown in Fig.2.10a and a perspective view
of the entire system is reported in Fig.2.10b.

To ensure proper mechanical robustness and prevent damage to the active cir-
cuitry, a multilayer structure is employed. In this configuration, only the microstrip
patch, acting as the resonator, is placed in direct contact with the wood sample un-
der different hydration conditions, while the active components and biasing network
are positioned on the lower substrate layer. This arrangement guarantees that the
electromagnetic interaction occurs primarily between the resonator and the wood,
while simultaneously protecting the oscillator circuitry from environmental stress

and mechanical contact with the sample surface.
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Figure 2.10: (a) Layout view of the self-oscillating antenna, with all dimensions in
millimeters, and (b) 3D representation of the proposed system, showing its radiation
direction. The antenna, positioned on the top substrate, is aperture-coupled to the
active circuit located on the bottom substrate [9] ©) 2025 IEEE.

The combined use of HB simulations and full-wave electromagnetic simulations
allows the characterization of the steady-state oscillatory regimes, taking into ac-
count the frequency-dependent behavior of the antenna at all harmonics of interest.
The oscillator is subsequently analyzed with the antenna in free space, accounting for
eight harmonics plus the DC component in HB simulations. The entire microstrip
network is optimized to maximize RF output power and ensure high DC-to-RF con-

version efficiency. The optimized microstrip line dimensions (in mm) are reported
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Figure 2.11: Predicted bifurcation diagram of the self-oscillating antenna for different
Vaso values at Vpgg = 2.5 V, and predicted tuning range and validation of the HB
analysis through transient simulation. All results refer to the unloaded self-oscillating
antenna [9] (©) 2025 IEEE.

in Fig.2.10a.

To evaluate the stability of the oscillatory regimes, a bifurcation analysis is
performed by tuning the gate bias while simultaneously tracking both the oscillator
frequency and the RF output power. This approach provides a convenient method
to characterize circuit states using a single scalar quantity. Hopf bifurcations play a
central role in this analysis, as they identify the transition points between the DC-
stable and oscillatory states. Specifically, a supercritical Hopf bifurcation indicates
the gradual onset of stable oscillations, whereas a subcritical Hopf bifurcation can
indicate region of potential instability. Mapping these bifurcations allow the de-
termination of safe operating regions for the oscillator and provides insight into the
dynamic response of the system under varying load conditions, such as the dispersive
antenna in contact with wood.

The results, depicted in Fig.2.11 , show two critical points, H; and Hs, corresponding
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to the Hopf bifurcations of the DC bias conditions [36]. The bifurcation is super-
critical at Hy, while Hs corresponds to an inverse Hopf bifurcation when Vggg is
increased. Along the branch HyAH,, all RF states are stable, including the nominal
operating point A, corresponding to a DC gate-source voltage Vigso = —0.1 V with
the drain-source voltage maintained fixed at Vpgo = 2.5 V. On the contrary, all
the DC states lying between H; and H, are unstable due to a couple of complex
conjugate natural frequencies with positive real parts as solutions of the system
characteristic equation. Oscillation buildup is ensured when Vpg is fixed at 2.5 V
and Vo is varied between —3.1 and 1.8 V. For the selected operating point, the
maximum predicted output power, corresponding to the antenna input power, is ap-
proximately 16.4 dBm at Vg9 = —0.1 V. Fig. 2.11 illustrates the predicted tuning
range of the self-oscillating antenna in free-space condition. A monotonic trend is
observed for all negative values of Vg, driven by the strong nonlinear dependence
of the gate-source capacitance (Cgg) on Vigso. Oscillations are still achievable for
slightly positive Vizgo values, though with a modified trend, as they are sustained by
nonlinear reactive effects other than Cng. Given the electrical characteristics of the
depletion-mode device, where a positive Vg9 may compromise the device integrity,
all subsequent measurements are performed using only non-positive Vigo values.
The predicted steady-state oscillatory regimes have been validated through
transient analysis. For transient analysis, a time step of 25 ps and a total simu-
lation time of 1 ns are used. The system operates at a fundamental frequency of
2.45 GHz and accounts for harmonics up to the eighth order, corresponding to a
maximum frequency of 19.6 GHz. The time step is chosen in accordance with the

Nyquist-Shannon theorem, which requires a sampling interval:

1
At <
2fmax

(2.7)
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Figure 2.12: Output power spectrum of the self-oscillating antenna, computed at
Vps = 2.5V and Vgg = —1.5 V, under unloaded conditions, with both HB and transient
simulations [9] (©) 2025 IEEE.

to accurately represent a signal. The selected value of 25 ps, smaller than the
Nyquist limit of about 25.5 ps for 19.6 GHz, ensures sufficient temporal resolution
to capture both the waveform and fast transient. The total simulation time cov-
ers multiple cycles of the fundamental frequency, providing a complete evaluation
of the system’s dynamic behavior. Fig.2.11 compares the Self-Oscillating antenna
frequency range as function of Vggg for Vpgo = 2.5 V, predicted by both HB and
transient simulations, showing a good agreement between the two approaches. Fig.
2.12 presents the predicted output power spectrum for a DC bias of Vpgg = 2.5 V
e Vgso = —1.5 'V, corresponding to the regime “B”. The results demonstrate close
correspondence between the simulations. The small discrepancies are attributed to

the different modeling of dispersive linear components.
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2.3 Moisture Content Assessment and Analysis of
the Dispersive Oscillator Load

The experimental characterization of the antenna-loaded wood specimen is
carried out by systematically measuring both the moisture content (MCy) of the
sample and the complex input impedance of the antenna throughout the drying pro-
cess. This approach enables the creation of a synchronized dataset linking the tem-
poral evolution of the wood moisture to the corresponding input impedance of the
loaded antenna. The simultaneous acquisition of My and input impedance of the
wood-loaded antenna provides a solid foundation for analyzing the sensing capabil-
ities of the Self-Oscillating Antenna. In particular, the measured input impedances
serve as load conditions in the NL-EM co-simulations of the dispersive oscillator,
allowing a direct correlation between the antenna response and the moisture inside
the specimen.

The following analysis discusses in detail the gravimetric procedure employed to
determine the moisture content and the methodology used to measure the complex
input impedance of the antenna under different moisture conditions, highlighting

both the measurement times and the frequency ranges considered.

2.3.1 Moisture Content Measurements by Drying Process

An independent and standardized gravimetric drying procedure is carried out
to determine the MC of the wood specimen. This method, widely reported in inter-
national standards [14,37], provides a reliable reference for subsequent validation of
the sensing approach. In fact, the oven-dry technique is generally regarded as the
most accurate method for determining wood moisture, since it directly measures the

mass of water removed from the specimen. Unlike indirect electrical techniques, its
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Figure 2.13: Measured MCy, over the 4-day drying process [9] (C) 2025 IEEE.

outcome is not influenced by wood species, or grain orientation, and when performed
under controlled conditions it offers excellent reproducibility. For these reasons, it
has been universally adopted as the reference method and is employed to validate
alternative non-destructive approaches.

The moisture content percentage at a given time t;, denoted as MCy(t;), is calcu-

lated as:

MCy(t;) = e — My (2.8)

Mdry
where, where my, is the specimen mass at time ¢;, and mg,, is the oven-dry mass.
Both quantities are measured in grams (g). A standard scale with a sensitivity of
1 g has been used for the proposed measurements. The fir-wood specimen used
in the study is first dried in a microwave oven for one hour, yielding an oven-dry
mass of mgq,y = 626 g. The same specimen is then immersed in water for three days
to achieve full saturation, and its mass is recorded again. At this initial condition

(t = to), the measured moisture content is MCy(ty) = 28.75%, corresponding to a
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mass of my, = 806 g. After saturation, the specimen is left to dry at controlled room
temperature for four days, with measurements taken twice daily. On the last day, an
additional measurement is performed after the specimen is returned to the oven-dry
state, confirming the correct determination of mgq,y. The temporal evolution of the
MCy during the drying process is reported in Fig. 2.13. It should be noted that no
measurement is taken between t; and tg, as the specimen is transferred directly from
the last room-temperature drying step to the microwave oven to reach its final oven-
dry condition. Consequently, the transition from t; to the oven-dry state occurs in

a single step.

2.3.2 The Dispersive Oscillator Load

Simultaneously with the moisture content measurements, the complex input
impedance of the antenna loaded with the wood sample is measured using a VNA
at the same time intervals. This procedure allowed the creation of a dataset of the
corresponding scattering parameters, which is then used as the oscillator load in
NL-EM co-simulations. This approach allows correlating the measured impedance
variations with the oscillator’s output behavior under realistic load conditions.

Measurements are performed performed not only across the fundamental fre-
quency band but also at higher harmonics up to 20 GHz. The results are presented
in Fig. 2.14, showing the real and imaginary parts of the antenna input impedance
loaded with the wood sample over all time steps, from ¢t = tj, after the sample had
been immersed in water for three days, to t = tg, when the sample is oven-dried. For
clarity,only the first three harmonics are shown. The input impedance differs signif-
icantly from the ideal 50 4+ j0€2 both at the fundamental frequency and at higher
harmonics, for all moisture conditions considered. At ¢t = tg, the input impedance

Zq1 18 3014-5227.5 €2, while at t = tg is 7847100 2. It should be noted that, when the
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Figure 2.14: (a) Real and (b) imaginary components of the input impedance of the
antenna loaded with the wood sample, measured across the frequency bands
corresponding to the first three harmonics of the oscillator. Measurements are performed
at multiple time intervals throughout the sample’s drying process [9] (©) 2025 IEEE.
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antenna is loaded by a wooden medium, its resulting input impedance deviates from
the ideal 50 + 70 €2 condition observed in free space. The presence of the material
effectively loads the antenna, thereby altering both the real and imaginary compo-
nents of its input impedance. This impedance variation constitutes the fundamental
operating principle of the proposed stand-alone sensor. These results confirm that
the dispersive behavior of the loaded antenna enables the sensing capabilities when
attached to cm-thick materials. A resonator would not differentiate moisture content
effectively, as the wood surface would dry out in just a few hours. In contrast, the
patch antenna can monitor humidity changes continuously over extended periods,

making it suitable for thick materials.

2.4 HB Simulations of the Loaded Self-Oscillating
Antenna

The experimentally measured antenna data are incorporated into the nonlinear
oscillator design framework to realistically represent the actual load condition over
a frequency band covering both the fundamental free-running oscillator frequency
and its higher harmonics up to the eighth order. This approach accounts for the
dispersive impedance behavior of the loaded antenna across all the harmonics of
interest, which significantly deviates from the ideal 502 reference load. By inte-
grating experimentally derived impedance information into the HB simulations, the
oscillator’s performance can be predicted under realistic electromagnetic interaction
conditions. Consequently, the steady-state oscillatory regime is evaluated under
different scenarios corresponding to the measured moisture content levels, ranging
from ¢ to tg.

For clarity, only the two limiting cases, ¢y and tg, are presented in Fig.2.15.
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Figure 2.15: (a) Predicted bifurcation diagrams and (b) steady-state oscillation
frequencies for a 50— load and three different loading conditions: unloaded, tg, and tg.
Simulations are based on the measurements shown in Fig. 2.14 [9] © 2025 IEEE.
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These graphs show the HB-simulated bifurcation diagrams and the steady-state os-
cillation frequencies, with the unloaded antenna and the ideal 502 load included
as reference cases for comparison. In the simulations, the drain-source bias is fixed
at Vpso = 2.5 V, while the gate-source bias Vg is swept to investigate the system’s
nonlinear response. For Vizg0 = —0.1 V| the computed RF power delivered through
the antenna reached 16.3, 13.2, and 11.3 dBm for the unloaded, tg, and ¢y cases, re-
spectively. When an ideal 502 load is assumed, the RF is overestimated compared
to real cases, particularly in the lower Vigo region, since the ideal case neglects
the intrinsic losses and dispersive effects associated with varying moisture content.
Indeed, as the moisture level increases, the electromagnetic losses within the wood
and the dielectric dispersion of the antenna structure become more pronounced,
leading to a significant reduction in the available RF power of the self-oscillating
system. This phenomenon highlights the sensitivity of the oscillator’s behavior to its
load impedance characteristics. As expected, the oscillation frequency Fosc shows
a strong dependence on the antenna’s complex input impedance, and therefore on
the moisture conditions. For instance, with Vpgo = 2.5 V and Vggg = —0.1 V,
the predicted oscillation frequencies are 2.498 GHz, 2.48 GHz, and 2.47 GHz for
the unloaded,tg, and ¢y conditions, respectively, whereas the ideal 50— load yields
Fosc = 2.52 GHz. These results clearly demonstrate that including the measured
dispersive load responses across the relevant harmonics leads to distinct oscillatory
regimes and improved prediction accuracy.

In this case, a patch antenna is employed as a load element instead of a high
Q-resonant structure. This is motivated by the fact that the quality factor of the
patch is lower, resulting in a broader impedance bandwidth and, consequently, a
more tolerant oscillation condition. For self-oscillating circuits, the feedback loop
must satisfy both the phase and amplitude conditions over a frequency range deter-

mined by the active device and the load. Using an element with low Q-factor, such
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as a patch antenna, simplifies the fulfillment of these conditions, allowing the sys-
tem to sustain oscillations even in the presence of significant variations in the load
impedance or in the material characteristics. Further, the application of a radiating
element as a load directly couples the oscillation to the EM field in the surround-
ing medium, enabling the generation and sensing of radiation without requiring an
additional resonant element within the loop. This reduces the complexity of the
self-oscillating antenna structure and makes it more robust for sensing applications

involving lossy or dispersive materials.
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Figure 2.16: Simulated DC drain current, Ipgo, versus Vigso at Vpsg = 2.5 V [9]
© 2025 IEEE.

Additionally, the variation of the DC operating point of the active device with
the antenna load is evaluated as a proof of concept. Fig.2.16 shows the simulated
DC drain-source current, Ipgg, as a function of Vggo at Vpgg = 2.5 V, for the
selected cases of MC levels t; and tg, along with the unloaded and 50-2 ideal-load
as reference.

In the self-oscillating, the quiescent point (Q-point) of the active device varies

with the load impedance of the loaded patch antenna, which is influenced by the
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dielectric properties of the wood under different hydration conditions. The resulting
steady-state oscillating regime therefore determines the circuit’s electrical quantities,
such as the RF output power, the oscillation frequency, and the DC operating point,
from which the relevant information about the loading conditions can be obtained.

Nonlinear simulations for a wide range of V5o reveal that distinct Ipgo values,
and therefore various DC power consumption, are associated with each moisture
content condition. The variations in wood’s moisture content directly regulate the
Q-point of the active device, providing a measurable signature in the DC character-
istics that can be utilized for continuous sensing. This correlation indicates that the
oscillator’s DC bias values reflect the antenna load, and in turn, the wood’s mois-
ture content, providing a low-cost, energy-efficient method for continuous sensing.
It enables the extraction of environmental parameters, such as material moisture
content, directly from the DC characteristics of the self-oscillating antenna circuit,

without requiring additional RF measurement hardware.

2.5 Fabrication and Experimental Validation of

the Loaded Self-Oscillating Antenna

The fabrication of the self-oscillating antenna system is carried out through a
two-step process, wherein the patch antenna and the oscillator circuit are manu-
factured separately. Both components are produced using a precision laser-etching
techniques,ensuring minimal fabrication tolerances. After individual fabrication, the
two modules are carefully aligned and glued back-to-back, sharing a common ground
plane. A rectangular aperture is etched in the shared ground plane, as illustrated
in Fig.2.10, to enable electromagnetic coupling between the oscillator and the patch

antenna.
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60 mm

105 mm

Figure 2.17: (Left) Top view and (right) bottom view of the fabricated device. The
overall dimensions are 105 x 60 x 2.2 mm? [9] (© 2025 IEEE.

Photos of the assembled system are presented in Fig.2.17. It is particularly note-
worthy that the fabrication strategy ensures compact dimensions and lightweight
construction, which are essential for practical deployment, as they allow the sensor
to be easily mounted on tree trunks of varying sizes without imposing mechanical
stress.

The performance of the self-oscillating antenna is first evaluated in free-space
conditions, with the antenna unloaded, to characterize its nominal oscillatory be-
havior. Subsequently, the system is tested in wood-loaded conditions, where the
antenna interacts with samples exhibiting different moisture content levels. These
measurements provide a comprehensive understanding of how the self-oscillating an-
tenna’s oscillatory behaviors are influenced by the electromagnetic properties of the
attached material, enabling the correlation of the measured DC and RF responses
with the wood’s hydration state. The proposed fabrication methodology combines
precision, compactness and adaptability, allowing the self-oscillating antenna system
to operate as a portable, reliable, and versatile sensor for environmental monitoring

applications.
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Figure 2.18: Rendering of the measurement setup for the unloaded self-oscillating
antenna in free-space conditions [9] (C) 2025 IEEE.

2.5.1 Free-Space Characterization of the Self-Oscillating An-

tenna

The performance of the self-oscillating antenna are initially assessed in free-
space conditions, with the antenna operating in transmission mode and unloaded,
to validate the fabricated prototype. A horn antenna, with a gain of 10.1 dBi, is
employed as the receiving element and positioned at a distance of 1.7 m from the
transmitting antenna. Both antennas are placed at a height of 2 m above ground
level to minimize ground effects and ensure unobstructed propagation. At this
distance, the far-field criteria are satisfied in terms of wavelength and with respect
to the receiving horn antenna’s aperture. The received power and the oscillation
frequency are measured using a spectrum analyzer connected to the receiving horn
antenna.

Fig.2.18 illustrates the experimental free-space setup, while Fig.2.19 presents the
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Figure 2.19: Measured power spectrum of the signal received from the self-oscillating
antenna with the active device biased at Vpgg = 2.5 V and Vggg = —1.5 V in free-space
conditions [9] (©) 2025 IEEE.

measured received power spectrum, which includes the fundamental component and
its first three harmonics. The reported measurements correspond to a represen-
tative bias point, Vpgo = 2.5 V and Vgsg = —1.5 V. Under these conditions, a
received power of —23 dBm and an oscillation frequency of 2.52 GHz are recorded.
The measured harmonic suppression levels are approximately 35 dBc for the second
harmonic and 31 dBc for the third harmonic, demonstrating the oscillator’s ability
to maintain spectral purity under the specified biasing condition. Similar spectral
purity is also observed for other polarization states.

The effective radiated power of the self-oscillating antenna in free-space condi-
tion is estimated indirectly. The estimation accounts for the free-space path loss, the
gains of the transmitting and receiving antennas (G; = 4.9 dBi, G, = 10.1 dBi),

and the losses introduced by coaxial cables and connectors (L. = 3 dB). The free-
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space path loss (F'SPL) is calculated using the standard Friis formula:

4
FSPL [dB] = 201og,,(d) + 201og;,(f) + 201og, (—W> (2.9)
c
where d is the distance between the antennas in km and f is the frequency in M Hz.

For the present setup, this corresponds to approximately 45 dB at the measured

frequency. The received power can then be estimated as:
P, [dBm| = P, [dBm] + G, [dBi] + G, [dBi] — FSPL [dB] — L. [dB] (2.10)

This indirect valuation allows for an accurate estimation of the oscillator’s radiated
performance without the need for direct on-board RF probing, which could perturb
the oscillatory behavior.

The tuning capabilities of the proposed self-oscillating antenna are measured
by sweeping Vo over the range [—3 V, 0 V], while maintaining Vpgo = 2.5 V. Both
the oscillation frequency and the radiated RF' power are measured and compared
with the nonlinear simulations results, as shown in Fig. 2.20, demonstrating good
agreement across the entire bias range and thereby validating the accuracy of the
NL-EM co-simulation approach. At Vpgo = 2.5V, and Vggg = —1.5 V, the measured
radiated power is 10 dBm, in close agreement with the 10.7 dBm predicted by HB
simulations. The corresponding oscillation frequency is 2.52 GHz in measurement
and 2.56 GHz in simulation, confirming the reliability of the proposed modeling
approach.

Measurements are performed exclusively for Vggo < 0 V to prevent potential

degradation or damage to the pHEMT device, ensuring reliable long-term operation.
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Figure 2.20: Comparison between predicted and measured bifurcation diagrams and
oscillation frequency of the self-oscillating antenna in the unloaded configuration, for
different Vizgo values at Vpgo = 2.5 V [9] (©) 2025 IEEE.

2.5.2 Measurements of the DC-States of the Self-Oscillating
Antenna

The DC drain source current measurements for moisture content detection are
carried out over a four-day experimental campaign. To guarantee uniform and re-
peatable humidity conditions, the measurements procedure followed the same con-
trolled drying protocol described in 2.13 ensuring that each measurement corre-
sponded to a well-defined moisture content state. A photo of the experimental
setup is presented in Fig.2.21 where the self-oscillating antenna is placed in direct
contact with the wood sample.

As a representative result, Fig.2.22 shows the measured Ipgo at Vpsg = 2.5V

for the nine distinct loading conditions, while varying V0.
The plots exhibit clearly distinguishable curves corresponding to each MC level,
demonstrating good agreement with the prediction of 2.16. These results confirm

that the DC operating point of the self-oscillating antenna can reliably reflect the
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To DC
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Figure 2.21: Measurement setup for MC detection: the system is in direct contact with
the wood sample [9] (©) 2025 IEEE.
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Figure 2.22: Measured Ipgg as a function of Vizg9, with Vpgg = 2.5 V, under the same
moisture content conditions as in Fig 2.13 [9] (©) 2025 IEEE.
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Figure 2.23: (Left) Measured moisture content (%) over the 4-day drying process.
(Right) Measured DC drain-source current of the oscillator for Viggo = —2.6 V and
Vbso = 2.5 V [9] © 2025 IEEE.

material’s moisture content. In Fig.2.23, the measured DC drain-source current
is superimposed on the measured MCy data over the same time intervals (from
ty to tg), revealing a clear and predictable correlation between the wood’s mois-
ture content and the DC states of the self-oscillating antenna. These experimental
observations fully corroborate the behavior predicted by the harmonic-balance sim-
ulations, confirming the feasibility of DC-based moisture sensing without requiring
RF measurements.

By correlating the measured wood moisture content with the measured DC
drain-source current under different bias conditions, it is possible to uniquely estab-
lish an analytical relationship between the actual moisture level and the nonlinear
DC operating states of the self-oscillating antenna. A possible closed-form expression

representing this behavior has been found to be a decreasing sigmoidal function:

fa) = (2.11)
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which naturally captures the saturation behavior of the Ipgy with respect to M Cl.
To fit the measured data, this function is extended by introducing a translation
along the Ipgy axis and a scaling factor to adjust the amplitude. The resulting

analytical model is then expressed in closed form as:

1
1 + eb(Vaso)-MCoy(t:)

Ipso(MCy(t;), Vpso, Vaso) = a(Vbso) - + ¢(Vpso, Vaso) (2.12)

where a(Vpsg) = 6 - 101 - V3gy, b(Vaso) = —0.28 - Vgso, and c(Vpso, Vaso) =
Viso — Véso- The coefficients are determined by fitting the measured Ipgg across
the full range of bias conditions. This procedure ensures that the model repro-
duces both the nonlinear shape of the Ipgg response and its dependence on the
Vpso and Vgso. Fig. 2.24 illustrates the superposition between the measured and
modeled values of Ipgg (M Co(t:), Vbso, VGSO) for three representative drain voltage
(Vpso = 2.5V,3V and 3.5V), while keeping Vg0 = —2.6 V constant. Comparable
agreement is achieved across a wider range of biasing conditions (Vpgo = 2.5-3.5V
and Vggo = —2.7 to —1.5V), confirming the model’s robustness and its ability
to reproduce the nonlinear interaction between the active device and the moisture-
dependent dispersive load. No data point is reported for the lowest moisture con-
tent condition (tg), as the oven-dry state represents a limiting case corresponding
to MCy = 0. Due to the limited number of measurements between approximately
14% moisture and the fully dried condition, the inclusion of this point would result
in an excessively coarse interpolation over a wide interval, ultimately providing a
misleading representation of the underlying trend. Therefore, the oven-dry point is
omitted from Fig. 2.24 to unsure physical consistency and data readability.

From the measured DC states, a system sensitivity (S) can be defined as the

incremental ratio between the variation of Ipgy and a 1% change in the measured
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Figure 2.24: Comparison between measured and modeled Ipgo(MC%, Vpso, Vaso) [9]
© 2025 IEEE.

MCy, that is:

_ Alpso _ Ipso(Vbso, Vaso, ti) — Ipso(Vpso, Vasos t))
AMC% MC%(ti) — MC%(tj)

S (2.13)

where ¢; and ¢; correspond to two time instants separated by a 1% variation in the
moisture content, according to the available measurement resolution.

As shown in Fig.2.24, the sensor exhibits maximum sensitivity at low moisture
levels, where even a minimal humidity changes induce significant variations in the
DC drain current. This high responsivity is particularly relevant for critical hydra-
tion conditions, such as those encountered in partially dried or stressed wood tissues.
Conversely, as the MCy increases, the sensor’s ability to discern small variations
gradually decreases, although the correlation remains monotonic and easily recogniz-
able. It is worth noting that the apparently flat interval of the curve, while exhibiting
lower sensitivity, still show measurable and monotonic variations in /pgg, which are

sufficient to ensure reliable sensing. This behavior can be physically interpreted by
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considering that, at higher moisture levels, the antenna impedance departs consid-
erably from a purely resistive behavior, introducing additional reactive components
that attenuate the influence of the moisture variation on the oscillator’s steady-state
regime. In contrast, as the material approaches its dry state, the impedance tends
to a more resistive behavior, thus reinforcing the nonlinear coupling between the

active device and the dispersive load and resulting in higher Ipg sensitivity.

uA

My measured at

Quantitatively, the lowest sensitivity of approximately 2
Vbso = 2.5V, Vaso = —2.7V, is observed around MCy ~ 28%, while the high-
est sensitivity reaching 9 ]\2“—(‘;7 is achieved at MCy ~ 15% under bias condition of

Vbso =3.5V and Vggg = —2V.

2.6 Statistical Inference and Predictive Model

In the context of data analysis from self-oscillating antenna, the M Cy can be
derived from the raw data of the DC steady states. However, the use of manual
monitoring methods can be slow and prone to errors, especially when the number of
measurements and the complexity of the data increase. In this scenario, the adop-
tion of Machine Learning algorithms represents a strategic approach, as it allows the
simultaneous handling of multiple variables and nonlinear relationships, providing
more accurate, consistent, and scalable results [38].

For the present study, a regression-based predictive model is chosen, represent-
ing Ipso data versus Vggo values, using a limited set of experimental measurements.
These measurements are organized into a data matrix X (N x K), where N repre-
sents the number of acquired observations and K the number of independent Vigo
variables considered. The matrix X therefore constitutes the starting dataset for
the predictive analysis. Moisture content information, which is the target of predic-

tion, is collected in an output vector Y (N x 1). To model the relationship between
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the independent (predictor) and dependent (response) variables, the Partial Least
Squares Regression (PLSR) technique is adopted. This method allows the identifi-
cation of latent variables LV's, that capture the shared variance between X and Y,
thus describing the underlying data structures. Thanks to this representation,the
model remains robust even in presence of collinearity among predictor variables or
when the number of variables exceed the number of observations, ensuring reliable
predictions even with limited or highly correlated data [39].

Using a conventional regression, the dataset matrix X can be expressed as a

linear combination of latent components according to
X =TP' +E (2.14)

where PT(A x K) defines an orthonormal subspace composed of A latent variables,
T (N x A) represents the corresponding projection scores of the observation onto
these latent directions, and E denotes the residual matrix. When the directions of
P' are optimized to minimize E, an approximation of the dataset can be obtained
as

X =TP' (2.15)

where X is a lower-dimensional representation of X onto a subspace defined by
A < K orthogonal components that capture the maximum variance. In this context,
the T scores effectively summarize the information contained in X through the
loadings P, as in the classical Principal Component Analysis (PCA).

In PLSR, however, it is also necessary to consider the output dataset Y, which

can be decomposed in an analogous manner as

Y=UQ" +G (2.16)
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where U and Q are the score and loading matrices for Y, respectively. Since the
score matrix T derived from X is also predictive of Y, the model can be rewritten
as:

Y=TQ"+F (2.17)

where F represents the residuals of Y.

The optimal set of loadings is obtained by simultaneously maximizing: i) the
variance captured in X; ii) the variance captured in Y; and iii) the correlation
between X and Y. This is achieved by maximizing the covariance between the score
matrices T and U.

In summary, the regression model can be described as:

X =TP' +E (2.18)

Y=TQ" +F (2.19)

where E and F are the residual matrices for X and Y, respectively. Consequently,

the output model can be expressed as:

Y=TQ' +F=XPQ" +F=XB+ 5 (2.20)

In the context of this work, the PLSR model allows the prediction of the mois-
ture content M Cy, from the measured Ipgy values by estimating a set of regression
coefficients 5 (K x 1). These coefficients enable the computation of the predicted
output Y for any newly acquired dataset X.

Fig.2.25 provide a visual representation of the entire PLSR workflow as applied

in this work. Fig.2.23a illustrates the calibration dataset X, which corresponds
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Figure 2.25: Map of the adopted PLSR model: (a) first calibration variable set X; (b)
first output Y; (c) the predictive model behavior; (d) new input X; (e) new
predictions [9] (©) 2025 IEEE.

to various moisture conditions, while Fig.2.23b shows the associated Y calibration
dataset derived from independent reference measurements. The PLSR model es-
timates the coefficients 5 (K x 1) to predict MCy, and the relationship between
predicted and actual values is presented in Fig.2.23c, where points closer to the
bisector indicate higher predictive accuracy. Once calibrated, the model can pro-
cess new inputs, as shown in Fig.2.23d, and generate new predictions, as shown in
Fig.2.23e.

The PLSR algorithm employed here is based on the Nonlinear Iterative Par-
tial Least Squares (NIPALS) method, a robust iterative procedure for determining
eigenvalues and eigenvectors of matrices, which is particularly suitable for regression

analysis when dealing with datasets containing missing values [40].
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2.6.1 The Self-Oscillating Antenna Predictive Model and

Results

The predictive model described in this work relies on the dataset obtained from
the conducted measurement campaign. Specifically, the independent variables are
the Ipgo, measured N = 9 times over the drying period (96 hours plus 1 hour in
oven) for K = 43 values of Vigo. To validate the procedure, several PLSR models are
derived for differentVpgo values. The data are organized into the matrix X (N x K),
while the dependent outputs (dataset moisture contents) are stored in Y, which in
this case is a 9-element vector.

Prior to model building, outliers are identified in X, and test validations are
performed to evaluate the model’s predictive ability with unusual samples, avoiding
the need for additional measurements. The performance of the PLSR models is

assessed using the following metrics, calculated across all y; and g;:

N
1
N ;(@/ i) (2.21)
N 0.2
Zi:l(yi — 7i)?
1 N
Bias = 1 > (vi — ) (2:23)
=1

Here, RM SFE (root mean square error) quantifies model accuracy relative to the
ideal case (RMSE = 0). R? measures the correlation between predicted and ob-
served values, with R? = 1 indicating perfect correlation. Bias represents the mean
difference between predicted and actual values, indicating systematic errors (Bias =
0 in ideal conditions). The performance of the models is summarized in Table 2.2.

The best results are obtained at Vpgy = 2.5 V, with R? = 0.869 (explaining 86.9%
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Table 2.2: PLSR Performance Parameters for Different Vpgg

Vbso = 2.5V | Vpso = 3V | Vpgo = 3.5V
LVs 3 3 3
R? 0.869 0.511 0.695
RMSE 0.066 0.0197 0.0659
Bias -0.0491 -0.018 -0.011
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Figure 2.26: Observed versus predicted MCy, from the PLSR model [9] (©) 2025 IEEE.

of the variance) and RMSE = 0.066, indicating high predictive accuracy and min-
imal error. The Bias of -0.05 shows only a slight underestimation, confirming the
model’s reliability.

Fig.2.26 compares observed and predicted moisture contents for the first model
(Vpso = 2.5 V). The green line represents the ideal 1:1 relationship, while the red
line shows the model fit, closely following the ideal line. Calibration points (gray
dots) cluster near the 1:1 line, and test points (red diamonds) remain close, con-

firming strong predictive accuracy and low Bias. Two of the three test points align
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closely with the ideal line, while the third exhibits a larger residual. This deviation is
considered acceptable for two main reasons. First, the gravimetric reference MCly,
computed according to Eq. 2.8, represents a bulk-average moisture content. During
the drying process, moisture distribution within the specimen may be non-uniform,
therefore, the bulk-average M Cy does not necessarily correspond to the region most
strongly influencing the sensor-based predictors at a given time. Second, due to the
necessarily limited dataset (N=9), the 80/20 calibration-validation split results in
only three validation samples. Consequently, a single atypical point can have a no-
ticeable visual impact without indicating a systematic generalization issue. Overall,
the regression performance at Vpgg = 2.5 V remains strong (R? = 0.869 with low
bias), and the fitted line closely follows the ideal trend. The limited number of
test points reflects the controlled experimental conditions and the discrete nature
of the drying measurements. Validation samples are randomly selected to ensure
representative coverage of both low and high moisture content levels throughout
the drying cycle. Due to its low computational demand, the predictive model can
be stored on the sensor’s pController, allowing calculation of moisture content Y
from a new measurement X, as in Eq.2.20. The performance metrics confirm the
PLSR model’s accuracy and efficiency in dimensionality reduction, making it suit-
able for resource-constrained applications such as IoT, highlighting its practicality

and reliability.

2.7 Ongoing Project: Muscle Hydration Assess-
ment Exploiting the Self-Oscillating Antenna

The operating principle of the self-oscillating antenna, paves the way for extend-

ing this technology from wood moisture monitoring to muscle hydration sensing.

71



Monitoring muscle hydration is important because fluid balance directly affects mus-
cle function, metabolism, and recovery. Adequate hydration supports optimal blood
flow, nutrient delivery, and waste removal within the muscle tissue [41-43]

Compared to traditional systems based on Bioelectrical Impedance Analysis (BIA),
the self-oscillating antenna offers significant advantages. BIA systems measure the
resistance and reactance of the human body to alternating currents, typically using
multiple frequencies (from 1 kHz to 1 MHz), to estimate the intra- and extracellular
water content and overall body composition. However, these systems rely on global
and segmental electrical models of the body, require multiple electrodes, usually
wight, positioned on the hands and feet, and measure the impedance across the
entire anatomical segments such as limbs and trunk. Consequently, while provid-
ing an overall assessment of body composition, these methods are not sensitive to
localized hydration variations, particularly in the trunk or specific muscle regions,
where small impedance changes correspond to minimal variations in the estimated
parameters [44]. In contrast, the self-oscillating antenna enables direct and local-
ized monitoring of tissue hydration, enabling the detection of local variations in
permittivity associated with the water content of the tissue, making this technol-
ogy inherently sensitive and spatially localized, eliminating the need for complex
RF measurements. Furthermore, the self-oscillating antenna system is portable,
and low-cost, paving the way for wearable and real-time sensing systems for non-
invasive assessment of muscle hydration. This approach therefore represents an
evolution toward more precise monitoring, capable of detecting localized variations

that traditional BIA-based methods cannot identify.
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2.7.1 Experimental Validation of the Muscle Hydration Con-

tent

To verify the feasibility of employing the same antenna architecture used in
wood moisture sensor for muscle hydration sensing, both EM simulations and ex-
perimental measurements are carried out. Seven biological phantoms are designed
and fabricated, in collaboration with the University of Pavia, to replicate the dielec-
tric properties of human tissues, including skin, fat, and muscle. While the skin and
fat layers are kept constant to maintain realistic tissue properties, the muscle layer
is represented by a mixture of water and oil, with the oil content varied from 10%,
corresponding to the most hydrated condition, to 70%, corresponding to the most
dehydrated condition, in increments of 10% to simulate a range of muscle hydration
levels. Each phantom is characterized to determine its complex electric permittiv-
ity over the frequency range from 0.5 GHz to 40 GHz using a probe measurement
technique.

The measured complex permittivity values, reported in Fig. 2.27, are used as
input parameters in the EM simulations to accurately model the different tissue
layers. The simulations predict the mean E-field norm according to the Eq.2.2,
indicating that the E-field effectively penetrates the superficial layers and reaches
the muscle region. Throughout the tissue volume of interest, the E-field preserves a
significant intensity, confirming the patch antenna’s capabilities to perform localized
sensing and probe deeper muscle regions, thereby demonstrating its suitability for
non-invasive muscle hydration monitoring.

As previously carried out for moisture content detection in wood sample (see
Subsection 2.3.2), a dataset of S;; measurements is developed to investigate the
relationship between muscle hydration and the patch antenna response. Specifically,

S11 is measured on all seven phantoms, with each measurement repeated three times
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Figure 2.27: Measured complex relative permittivity of the phantoms with varying
muscle hydration levels: (a) real part, (b) imaginary part.
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Figure 2.28: Measurement setup of the patch antenna in contact with two
tissue-mimicking phantoms, showing the muscle layer with 10% oil (most hydrated) and
70% oil (most dehydrated), along with the skin and fat layers.

to ensure data consistency. The measurement setup, shown in Fig. 2.28, illustrates
the patch antenna placed on the phantom, allowing clear visualization of the tissue
layers and ensuring consistent contact during the testing.

The dataset, illustrated in Fig. 2.29, will subsequently be employed in NL-EM co-
simulations of the self-oscillating antenna to predict variations in the steady-state
regime and, consequently, in the sensing parameter Ipgy as a function of muscle
hydration. To obtain reliable S7; measurements, its is essential to ensure measure-
ment repeatability by maintaining identical electrical and geometrical properties of
the skin and fat layers across all phantoms. The S;; response spectra demonstrate
that the patch antenna is sensitive to variations in the oil-to-water ratio, which
reflect different hydration levels. Nevertheless, efforts are ongoing to enhance the
detectability of these variations by isolating the muscle contribution from the su-

perficial skin and fat layers.
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Figure 2.29: Measured S7; variations of the phantoms with different oil-to-water ratio
levels: (a) magnitude, (b) phase.
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2.8 Conclusions of the Chapter

In summary, this chapter presented the design, implementation, and experi-
mental validation of a self-oscillating antenna operating in the 2.4 GHz band, for
non-invasive moisture content sensing by monitoring the DC behavior of the non-
linear circuit. The design process involved a detailed investigation of the impact
of different load conditions on the oscillatory steady-state regimes, using Harmonic
balance simulations to ensure a robust and stable operation under realistic sce-
narios. Particular attention is devoted to the resonant structure design, where both
electromagnetic simulations and measurements confirmed the superior field penetra-
tion and sensing performance of patch antenna compared to conventional resonant
structures. The fabricated prototype is characterized under free-space and wood-
loaded conditions, clearly revealing variations in its oscillation regimes and in the
corresponding DC operating points. These experimental results validate the effec-
tiveness, repeatability, and sensitivity of the proposed system, demonstrating that
accurate M Cy estimation can be achieved solely through DC monitoring, without
the need for complex RF measurement setups. Furthermore, to enhance the practi-
cal usability of the system, an offline predictive model based on PLSR is developed
and trained using the experimental data. The integration of predictive model with
the proposed hardware design allows for real-time autonomous operation, meet-
ing the constraints of low-power and embedded [oT platforms. The self-oscillating
antenna is lightweight, energy-efficient, and fully portable, making it a promising
candidate for next-generation smart sensing systems, enabling continuous and dis-
tributed monitoring of moisture-related phenomena in environmental applications.
Extending the demonstrated capabilities of the self-oscillating antenna, ongoing
work is exploring its application for non-invasive monitoring of muscle hydration.

Preliminary studies using biological phantoms have demonstrated the patch an-
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tenna’s sensitivity to localized variations in muscle water content, highlighting its
potential as precise alternative to BIA systems. The approach offers significant ad-
vantages, including spatially localized sensing, portability, low-cost implementation,
making it suitable for wearable and real-time monitoring applications. These de-
velopments indicate that the self-oscillating antenna technologies can be extended
beyond environmental sensing for biomedical and sport-related applications, provid-

ing a versatile platform for continuous, non-invasive, and high resolution assessment.
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Chapter 3

Machine Learning-Enhanced
Microwave Sensor for Skin

Hydration Monitoring

This Chapter is based on the following publications:

S. Trovarello, O. Afif, A. Di Florio Di Renzo, D. Masotti, M. Tartagni, and A.
Costanzo, ”A Non-Invasive, Machine Learning Assisted Skin Hydration Microwave
Sensor,” in 2024 54th European Microwave Conference (EuMC), Paris, France, 2024,
pp. 932-935.

O. Afif, A. Di Florio Di Renzo, S. Trovarello, A. Costanzo and M. Tartagni, " Boost-
ing Microwave Hydration Sensors Performance with Machine Learning Techniques,”
in 2024 International Microwave and Antenna Symposium (IMAS), Marrakech, Mo-
rocco, 2024, pp. 1-4.
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3.1 Introduction of the Chapter

In recent years there has been a growing interest in the application of microwave-
based sensing technologies within the biomedical domain. These sensors offer dis-
tinct advantages, including their non-invasive operation, the use of non-ionizing
electromagnetic fields, and the ability to provide fast, repeatable, and low-cost mea-
surements. Such characteristics make microwave sensors particularly attractive for
continuous and real-time physiological monitoring, especially in the context where
safety and user comfort are essential. The majority of microwave biomedical sensors
reported in the literature rely on resonance-based mechanism, leveraging devices
such as split-ring resonators, complementary split-ring resonators,and planar an-
tenna structures. Meanwhile, machine learning has emerged as a pivotal technology
in numerous research fields. This acceleration is largely driven by the increased
availability of computational resources and the proliferation of digital data collected
from a wide array of sensing systems. In the biomedical field, ML has been suc-
cessfully applied to tasks including dielectric property estimation, temperature and
thermal variation monitoring, tumor and breast cancer detection, and non-invasive
glucose level estimation [45-48]. The synergy between microwave sensors and ML
method thus represents a promising pathway toward intelligent, adaptive, and per-
sonalized health monitoring solutions.

Maintaining a proper level of hydration is essential for human physiology, as
even mild deviations can significantly affect cognitive performance, thermo-regulation,
and metabolic efficiency. Variations in epidermal water concentration are associated
with numerous dermatological conditions, including edema, inflammation, burns,
and early-stage skin cancer. Consequently, accurate and accessible skin hydration
assessment has become an important diagnostic and preventive goal. Although sev-

eral technologies exist for evaluating skin hydration, they often suffer from high im-
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plementation costs, large and cumbersome hardware, and limited portability, which
restrict their usability in routine clinical screening or wearable applications. Addi-
tionally, many of these systems lack integrated ML-based, data-driven intelligence,
which reduces their ability to adapt to individual variability or environmental fluc-
tuation that influence the dielectric response of skin tissue. Recent studies [49] have
highlighted the importance of robust data acquisition strategies and the need for
compact, energy-efficient, and user-friendly hardware. These insights have guided
the development of next-generation microwave sensors, emphasizing the miniatur-
ization, on-board processing, and smart calibration mechanism.

In this context, the work presented in this Thesis introduces a resonator-
based skin hydration sensor that emplys a low-cost CSRR topology operating in
the 2.4 GHz ISM band. The proposed system combines a portable, non-invasive,
and wearable microwave sensing probe with an embedded classification algorithm
capable of predicting hydration levels from measured reflection coefficients. The al-
gorithm is based on a small dataset and statistical analysis to predict the hydration
status of the human body directly from skin-sensing measurements.

Through this combination of hardware innovation and data-driven algorithms,
the presented approach demonstrates the potential for next-generation microwave
sensors that are compact, intelligent, and easy to use, paving the way for continuous

and non-invasive skin health monitoring.

3.2 Coaxial-fed CSRR Design and and Electro-
magnetic Characterization

Microwave sensors based on complementary split-ring resonators have attracted

significant attention for superficial biological sensing applications due to their in-
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trinsic ability to strongly confine the electromagnetic field in the near-field region.
Unlike radiating structures such as patch antennas, CSRRs operate predominantly
in purely reactive near-field region, enabling a localized interaction between electro-
magnetic field and the material under test. This characteristic makes CSRR-based
sensors particularly suitable for applications requiring sensitivity to dielectric varia-
tions confined within the outermost region of biological tissues, such as non-invasive
skin hydration monitoring. In addition, CSRRs can be fabricated using standard
printed circuit board processes and easily integrated with standard RF connectors,
resulting in compact, low-cost, and mechanically robust sensing devices, well suited
for biomedical implementations [50].

From a theoretical perspective, the electromagnetic behavior of the CSRR can
be effectively described using an equivalent parallel LC circuit. In this representa-
tion, the inductance L., is associated with the circulating currents flowing along the
metallic rings surrounding the etched slots, while the capacitance C,, arises from
the narrow gaps of the resonator and from the capacitive coupling between adjacent
rings. Under the assumption of a homogeneous surrounding medium, the resonance

frequency of the CSRR can be expressed as:

1

h 27/ LeqCeq

Although simplified, this equivalent circuit provides valuable physical insight

fo (3.1)

and serves as a first-order design tool for predicting the resonant behavior of the
structure. In particular, it highlights the direct relationship between geometry and
operating frequency. The inductive contribution increases with the total effective
length of the current paths, which depends on the ring radii, the number of rings,
and the spacing between the inner and outer rings. Conversely, the capacitive con-

tribution is mainly governed by the gap width and by the inter-ring separation,
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which control the intensity of the fringing electric fields. Narrower gaps and smaller
inter-ring distances lead to increased capacitance and stronger electric-field confine-
ment, whereas wider gaps reduce capacitance and shift the resonance toward higher
frequencies.

In this implementation, the CSRR is directly excited by a coaxial SMA con-
nector. Therefore, a more complete circuit representation must include the feeding
structure. The coaxial feed can be modeled as a transmission line with characteristic
impedance Z, = 50€2. For electrically short lengths at the operating frequency, this
section can be approximated by an equivalent series inductance Ly, accounting for
the parasitic effects of the conductor. Additional shunt capacitance associated with
the dielectric regions between the hot wire and the nut of the SMA is represented by
C'y. Moreover, the finite conductivity of the coaxial cable conductors, both the nut
and the hot wire, introduces ohmic losses, which can be represented by a series resis-
tance [y in the equivalent circuit. This resistance accounts for the power dissipated
as heat due to the current flowing through the metallic conductors. Furthermore,
the dielectric material filling the coaxial structure exhibits a non-zero loss tangent,
this effect can be modeled by a shunt conductance Gy placed in parallel with Cf,
accounting for dielectric losses. Accordingly, the complete equivalent circuit of the
coaxial-fed CSRR, shown in Fig. 3.1, consists of a series inductance Ly, a series
resistance Ry, a shunt capacitance Cf, a shunt conductance G, and the intrinsic
parallel resonant tank formed by L., and C,, which models the CSRR itself.

Eq. 3.1 assumes a homogeneous surrounding medium such as vacuum and
therefore cannot directly predict the behavior of a CSRR operating in contact with
biological tissue. When the resonator is loaded by skin, the effective permittivity
of the surrounding medium increases significantly, modifying the electric field dis-
tribution, particularly in the gap region. From an equivalent circuit point of view,

this effect can be modeled as an additional capacitance Cjoeq in parallel with Ce,,
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Figure 3.1: Lumped-element equivalent circuit of the coaxial-fed CSRR sensor, including
the equivalent circuit model of the coaxial cable, and the parallel resonant tank formed
by Leq and the effective capacitance C’;‘q = Ceq + Cload-

yielding an effective capacitance:
C:q = Ceq + Cload (32)

The new resonance frequency becomes:

1
e — 3.3
= e (3.3)

An increase in the effective permittivity results in a higher equivalent capacitance
and therefore a downward shift in resonance frequencies. This circuit interpretation
provides a clear physical explanation for the frequency variations observed under
different hydration conditions.

For design purpose, the CSRR dimensions are initially tuned and optimized in
vacuum to obtain a preliminary resonance within the desired frequency range. Sub-
sequently, the structure is further refined through full-wave electromagnetic simula-
tions including a realistic multilayer skin model. This approach allow the dielectric
loading effects introduced by biological tissue to be accurately captured and ensures

that the final operating frequency lies within the desired range under actual sensing
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conditions.

The electromagnetic response of the sensor is modeled using a three-layer skin
phantom representing the epidermis, dermis and hypodermis. The adopted layer
thicknesses are 1 mm for the epidermis, 1 mm for the dermis, and 4mm for the
hypodermis, consistent with literature data for the palmar region [51]. The di-
electric properties of skin at 2.4 GHz are taken from the literature [52,53|, with a
relative permittivity of 38.1 and an electrical conductivity of 1.44 % To account
for variations in skin hydration, these dielectric parameters are modified by +5%.
Dehydrated skin is modeled with a 5% lower relative permittivity and a 5% higher
conductivity, while hydrated skin is modeled with 5% higher relative permittivity
and 5% lower conductivity. These variations reflect the expected dielectric changes
associated with water content and ion concentration in biological tissues. The di-
electric properties of the hypodermis are kept unchanged, as adipose tissue exhibits
limited sensitivity to hydration compared to the epidermal and dermal layers. Table
4.2 summarizes the dielectric properties and thicknesses adopted for the three-layer

skin model under different hydration conditions.

Layer Thickness (mm) | Dehydrated Normal Hydrated
er | o(S/m)| & |o(S/m)| & |o(S/m)
Epidermis 1mm 36.2 1.51 38.1 1.44 40.0 1.37
Dermis 1mm 36.2 1.51 38.1 1.44 40.0 1.37
Hypodermis 4mm 10.8 0.26 10.8 0.26 10.8 0.26

Table 3.1: Thickness and dielectric properties of skin layers under different hydration
states. The layer dimensions refer to the palmar region.

The sensor is fabricated on a low-cost FR4 substrate (e, = 4.3, tand = 0.025 at
2.4 GHz) with a thickness of 1.52 mm. This substrate is selected to ensure mechanical
stability, ease of fabrication, and compatibility with standard PCB manufacturing

process. To achieve seamless integration with the measurement instrumentation, the
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Figure 3.2: (a) Lateral and (b) bottom view of the proposed CSRR-based skin hydration
sensor [13] (©) 2024 EuMA.

CSRR is directly mounted on a low-profile SMA connector. In this configuration,
the ground plane is connected to the outer conductor of the SMA connector, while
the central conductor is connected to the inner ring of the CSRR. Five via holes
electrically connect the top and bottom layers of the PCB, minimizing parasitic

inductance and improving electrical continuity. To prevent direct contact between
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Figure 3.3: EM simulation of the mean value of the normalized E-field norm within a
skin layer, excited by a patch antenna and a CSRR resonator at 2.4 GHz, considering
the hydrated-skin condition [13] (©) 2024 EuMA.

the metallic resonator and the skin, an 8 ym PET layer is placed beneath the
CSRR, enabling electrode-free operation while preserving the near-field coupling
between the resonator and the skin surface. The lateral and bottom views of the
fabricated CSRR and its geometrical parameters (G = 0.2 mm, R; = 1.5 mm, Ry =
1.7 mm, R3=1.9 mm, Ry =2.1 mm, L =8 mm) are shown in Fig.3.2.

Full-wave electromagnetic simulations are performed in CST Studio Suite to
evaluate both the electric field penetration and the resonance behavior of the skin-
loaded CSRR. The mean electric field norm penetration depth is computed according
to the method described in Chapter 2 (see Eq. 2.2). For comparison, a patch an-
tenna operating at the same frequency is simulated under identical conditions. As
shown in Fig.3.3, the CSRR confines the majority of the electric field near the skin
surface, whereas the patch antenna allows deeper penetration beyond 6 mm, retain-
ing approximately ~ 40% of its field strength. In contrast, the CSRR exhibits an

~ 85% reduction in electric-field intensity within the first 3 mm, confirming its oper-
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Figure 3.4: Reflection coefficient at the SMA port, with a 92 MHz shift observed across
the simulated hydration range [13] © 2024 EuMA.

ation in the non-radiative near-field region and its suitability for superficial sensing.

To assess sensitivity to hydration-induced dielectric variations, the CSRR is
simulated in contact with the skin model under different hydration conditions. The
reflection coefficient at the SMA port is evaluated for each case, as shown in Fig.3.4.
For normally hydrated skin, the return loss reaches 17.6 dB at 2.06 GHz, while
for hydrated and dehydrated states, the resonance peaks shift to 2.024 GHz and
2.116 GHz, respectively. These results confirm the high sensitivity of the CSRR to
small dielectric variations associated with skin water content, validating the pro-

posed sensing approach for non-invasive, real-time skin hydration monitoring.

3.3 Experimental Validation and Integration with
Machine Learning

This section presents the experimental validation of the CSRR-based skin hy-

dration sensor and the integration of machine learning techniques for hydration
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assessment. A systematic measurement campaign is conducted across multiple
anatomical sites, including the thenar eminence, proximal wrist crease, and cheek,
capturing spectral responses under varying hydration conditions. Measurements are
performed using a portable, low-cost setup combining the CSRR sensor with a com-
pact nanoVNA controlled via a Raspberry Pi, enabling repeated and reproducible
data acquisition in real-life conditions.

The collected spectral data are used to develop a multivariate classification
model capable of distinguishing between hydrated and dehydrated skin states. Sta-
tistical analysis based on the Soft Independent Modeling of Class Analogy (SIMCA)
method is applied to derive the model, which is validated through cross-validation
and confusion matrix analysis. In addition, an extended measurement campaign is
performed over multiple days and time slots to capture natural daily variations in
skin hydration. For this larger and more complex dataset, a Principal Component
Analysis (PCA)-based multivariate approach is adopted to perform unsupervised
clustering, revealing natural grouping in the spectral data corresponding to multi-
ple hydration levels. The use of compact, non-invasive sensing hardware together
with data-driven algorithms demonstrates the feasibility of accurate and adaptive

skin hydration monitoring.

3.3.1 Data Acquisition Procedures and SIMCA-Based Mul-

tivariate Modeling

The CSRR sensor is fabricated on an FR4 substrate, with the overall dimensions

of 1.4 x 1.4 x 0.74 cm, as illustrated in Fig. 3.5.
Spectral acquisitions are systematically performed twice per day across mul-
tiple anatomical sites: the thenar eminence, the proximal wrist crease, and the

cheek. Measurements are obtained using a custom setup, which combined a low-
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(a)

Figure 3.5: (a) Top view and (b) bottom view of the fabricated CSRR-based skin
hydration sensor [13] (©) 2024 EuMA.

cost nanoVNA controlled via a Raspberry Pi connected to the CSRR, enabling
flexible and portable data collection at different body locations.

During the initial validation phase, the volunteer followed a 12-hour fasting
protocol, abstaining from both food and liquids. The first measurement (¢;) is con-
ducted 6 hours after the start of fasting, and the second (t3) 14 hours after, resulting
in approximately an 8-hour interval between acquisitions. The experimental proce-
dure is repeated over two consecutive days to ensure consistency and reliability of
the collected spectra. At each anatomical site, 2 x N measurements (with N > 3)
are acquired, each lasting roughly one minute, to ensure the spectral data is reliable.

A classification model is developed to distinguish between hydrated and dehy-
drated skin based on the amplitude of the measured reflection coefficient. For this
purpose, a Soft Independent Modeling of Class Analogy (SIMCA) is employed, a
multivariate statistical technique suitable for handling spectral datasets [54,55]. The
process is divided into three steps: model creation, cross-validation, and validation,
as depicted in Fig.3.6

For calibration, measurements collected from the selected anatomical region on
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Figure 3.6: Illustration of the procedure followed by the SIMCA algorithm [13]
©) 2024 EuMA.

the volunteer’s body are used as independent variables (X). These data are organized
into a matrix of K = 800 variables (frequency points) x N = 54 measurements. The
full dataset is then divided into training and test sets, with 80% of the sample used
for model calibration and 20% reserved for testing. The split is performed randomly
and uniformly across all classes. Once trained, the model classified the spectra into
their respective hydration categories. The predicted class labels are compared to the
actual classes, generating a confusion matrix, where rows represent the true class and
columns the predicted class. This matrix, along with additional statistical metrics,
provides a quantitative assessment of the robustness and accuracy of SIMCA-based
classification model.

The experimental setup and the recorded spectra are shown in Fig. 3.7. The
CSRR, operating in the RF range, is interfaced with a compact measurement unit
that integrates a NanoVNA and a Raspberry Pi Zero W platform. This arrange-
ment facilitates easy measurement and recording of the frequency response from
50 kHz up to 4.4 GHz. The measurements reveal a clear frequency shift across all

three examined anatomical sites. Specifically, the resonant frequency of the CSRR
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Figure 3.7: (a) Measurement setup and (b) the average of N spectra acquired at each
position, for times ¢, and ¢ [13] © 2024 EuMA.

increases when comparing the ¢; and ¢, measurements. The cheek exhibited a shift
of 143 MHz, the proximal wrist crease showed a shift of 90 MHz, and the thenar emi-
nence had a shift of approximately 75 MHz. These trends provide a solid foundation
for the development of statistical models aimed at classifying skin hydration levels.
Moreover, the measured spectra are in good agreement with the simulated reflection
coefficients reported in Fig. 3.4, confirming the sensor’s predicted response. It is
reasonable to interpret that the t5 spectra correspond to a higher resonant frequency

because the t; measurements are taken shortly after the onset of fasting, still re-
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flecting the effects of recent food and fluid intake. Therefore, t; can be considered
representative of hydrated skin, while ¢ corresponds to the dehydrated condition.
This distinction is crucial for accurate model calibration and validation in subse-
quent multivariate analysis.

The acquired spectra are inevitably affected by noise originating from both
instrumentation and human factor. To mitigate these effects, the underwent pre-
processing before being fed into the SIMCA analysis. This preprocessing included
outlier removal, autoscaling, and application of the Savitzky-Golay filter to the X
dataset, ensuring each variable is centered and scaled to unit standard deviation.
Additionally, the spectra are transformed using polynomial terms and cross-terms
to account for non-linear trends in the data.

Model performance is evaluated using two standard metrics: the Root Mean
Square Error of Cross-Validation (RMSECV) and the Root Mean Square Error of
Calibration (RMSEC). The RMSEC quantifies the deviation between the model’s
predictions and the actual observed values in the calibration dataset, indicating how

well the model fits the training data. it is calculated as:

N
1 2
RMSEC =, | — i — Ui 3.4
N2 =) (34)
where y; represents the measured value, y; is the predicted value form the model,
and N is the total number of calibration samples. The RMSECV, on the other hand,
evaluates the model’s predictive capability on unseen data during cross-validation.In

this procedure, each sample is temporarily excluded from the training set, the model

is rebuilt, and the prediction error is computed for the excluded sample. This process
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is repeated for all samples, and the RMSECYV is defined as:

N
1 2
MSECV = | — > (4 — 4, .
RMSECV I 2 (Vi — Uiev) (3.5)

where g, . is the predicted value for the i-th sample when it is excluded form model
training.

For the t; condition, the RMSEC and RMSECYV are 0.2397 and 0.3908, respec-
tively, while for ¢,, they are 0.2511 and 0.4359. The slightly higher error observed
at to suggest that the model experiences increased prediction uncertainty under the
dehydration condition. These metrics, together with the subsequent confusion ma-
trix analysis, provide a comprehensive view of the model’s reliability and its ability
to generalize across different hydration states.

The confusion matrix, reported in Table 3.2, further evaluates the performance
of the SIMCA classification model by comparing the predicted and the actual hy-
dration states. Each row corresponds to the true class of the measured data, while
each column represent the class predicted by the model. Correct classification appear
along the diagonal, indicating agreement between measured and predicted hydration
states, whereas off-diagonal entries highlight misclassified instances. this represen-
tation provides a direct and intuitive understanding of the model’s accuracy and

error distribution across classes.

Predicted Hydrated in ¢; | Predicted Hydrated in to
Actual Hydration in t; 27 0
Actual Hydration in t9 3 24
Unsigned Class 0 0

Table 3.2: Confusion matrix of the SIMCA classification model.

From the confusion matrix, two additional statistical parameters are derived and are
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Class Err | F1

Hydration in ¢; | 0.26 | 0.80
Hydration in ¢, | 0.26 | 0.75

Table 3.3: Statistical Parameters Calculated from the Confusion Matrix

summarized in Table 3.3: the misclassification error (Err) and the F1 score. The
misclassification error quantifies the proportion of incorrectly predicted samples and

is calculated as:

TP+TN+FP+ FN
Err = il i i (3.6)
FP+FN

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and
false negatives, respectively. A lower Err value indicates a higher overall accuracy
of the classification model. The F1 core, instead, combines precision and recall into
a single metric that balances false positives and false negatives, particularly useful

when dealing with unbalanced dataset. It is defined as:

Precision x Recall
1=2 3.7
% Precision + Recall (3.7)

where Precision = %, and Recall = TPZ—%' The F1 score ranges from 0 to 1,
with values closer to 1 denoting high accuracy and a good trade-off between sen-
sitivity and precision. In this study, the confusion matrix (Table 3.2) shows that
the vast majority of samples are correctly classified, and the associated statistical
metrics (Table 3.3) confirm low Err values and high F1 scores for both ¢; and t,
conditions. These results validate the robustness of the SIMCA model, demonstrat-

ing that it can effectively discriminate between hydrated and dehydrated skin states

even with a limited dataset size.
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3.3.2 PCA-Based Multiclass Analysis for Extended Hydra-

tion Monitoring

Although the SIMCA-based classification model successfully validated the fea-
sibility of using microwave resonators for non-invasive skin hydration monitoring,
its performance is limited by the relatively small dataset and the binary nature of
the classification problem. This study, focused on two hydration states (¢; and t5),
served as a proof of concept, demonstrating the sensor’s capability to distinguish be-
tween hydrated and dehydrated conditions under controlled fasting protocol. How-
ever, to achieve a more comprehensive characterization of hydration dynamics and
to assess the robustness of the sensor under more realistic physiological conditions,
an extended experimental campaign is performed. The measurement protocol is
expanded, and measurements are performed over six consecutive days and at four
distinct time intervals per day, capturing natural daily variations in skin hydra-
tion. This allowed the collection of a larger dataset and the move from a binary
to a multiclass problem. In this case, a Principal Component Analysis (PCA) is
adopted instead of SIMCA to perform an unsupervised multivariate analysis. Un-
like SIMCA, where PCA is used internally to model known classes, in this case PCA
is employed to reveal and quantify the natural clustering of spectral data without
predefined class labels. The objective is to investigate whether the sensor response
could differentiate multiple hydration levels throughout the day, beyond the simple
hydrated and dehydrated classes. The PCA is used to reduce the size of the spec-
tral dataset while keeping most of the variance. The resulting principal component
clearly revealed distinct clusters corresponding to different measurement time slots,
confirming that the sensor is sensitive to gradual variations in skin permittivity and
conductivity associated with hydration changes.

The extended measurement campaign is conducted on the same volunteer to
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Figure 3.8: Schedule of the measurement campaigns.

ensure consistency with the previous study. The experimental protocol is set up
to monitor hydration dynamics over six consecutive days, with four scheduled mea-
surement sessions per day corresponding to specific time slots (7 am, 2 pm, 8 pm,
and 12 pm). This schedule, summarized in Fig.3.8, allowed the observation of daily
changes in skin hydration under real-life conditions, including periods of fasting and
after meals.  Spectral measurements are systematically acquired using the same
CSRR-based sensor operating in the 2-3 GHz range. Each acquisition consisted of
128 spectra. The measured reflection coefficients amplitude, illustrated in Fig.3.9,
exhibited noticeable shifts in resonance frequency across different time slots. In par-
ticular, frequency shift up to 250 MHz are observed between aftrnoon and evening
measurements, while smaller but consistent variation (~ 90 MHz) occurred between
morning and night acquisitions. These results confirm the high sensitivity of the
sensor to changes in dielectric properties of the skin, which are directly correlated
with hydration levels. To analyze these spectral variations, a PCA is applied to
the complete dataset. The spectral data matrix, composed of 128 spectra x 400

frequency points, is mean-centered and scaled before analysis. PCA is used to re-
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Figure 3.9: Spectra measured across time slots [14] (©) 2024 IEEE.
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duce the dimensionality of the data and to identify the principal sources of variance
while retaining most of the information contained in the original spectra. Principal
Components (PCs) are new variables derived form the original data that capture the
largest sources of variations. The first three principal components (PCy, PCy, and
PC}3) accounted for more than 95% of the total variance, highlighting the dominant
features associated with hydration-related spectra changes. The three-dimensional
PCS score plot, as shown in Fig. 3.10, shows a clear clustering of data points cor-
responding to different measurement times. The first principal component (PCh),
explaining 57.98% of the total variance, primarily captures the frequency shift associ-
ated with gradual dehydration throughout the day. The second and third principal
components, PCy, and PC3, explain 32.01% and 5.21% of variance, respectively,
and describe secondarily variations related, for example, to skin temperature and

environmental factors.

Observed | Observed Observed

For 2 pm | For 7 am For 8 pm

© P © a and 12 am
Predicted For 2 pm 37 0 0
Predicted For 7 am 0 20 0
Predicted For 8 pm and 12 am 0 0 55
Unsigned ) 0 3

Table 3.4: Confusion Matrix PCA-based Classification.

This separation demonstrates that the spectral data naturally group into distinct
clusters corresponding to different hydration levels, confirming the sensor’s ability
to discriminate intermediate conditions without predefined class labels.

To further evaluate classification performance, the clusters identified in the
PCA space are subsequently assigned to three hydration classes corresponding to

the main time interval: class 1 (2 pm), class 2 (8 pm-midnight), and class 3 (7
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am). Based on this labeling a confusion matrix, shown in Table 3.4, is generated
to quantify the separation accuracy among the three groups. The matrix indicates
high consistency between predicted and actual time intervals, with minimal overlap

between adjacent classes, confirming the robustness of the PCA-based model.

3.4 Conclusions of the Chapter

This chapter presented a thorough analysis on the development and experimen-
tal validation of a non-invasive, low-cost microwave sensor for skin hydration moni-
toring based on a CSRR resonator. The sensor is designed to operate at 2.4 GHz and
fabricated on an FR4 substrate, demonstrating compactness, mechanical stability,
and the ability to operate in electrode-free conditions. The sensor’s performance
is evaluated through both electromagnetic simulations and experimental measure-
ments, confirming the sensor’s high sensitivity to hydration changes. The collected
spectral data are initially used to develop a multivariate classification model employ-
ing SIMCA algorithm, capable of distinguishing between hydrated and dehydrated
states in different anatomical regions. The low misclassification error and high F1
scores indicate that the SIMCA-based model, even when trained on relatively small
datasets, is effective in accurately classifying hydration levels, validating both the
sensor and statistical approach. To extend these results to a more realistic and
comprehensive assessment of skin hydration, a multi-day measurement campaign
is conducted, acquiring spectral data at four different time slots per day over six
consecutive days. This extended dataset allowed the investigation of natural daily
variations in hydration and the transition from a binary to a multiclass classifica-
tion problem. For this purpose, a PCA-based unsupervised multivariate analysis is
performed. Unlike SIMCA, PCA revealed the natural clustering of spectral data

without predefined class labels, highlighting the sensor’s ability to detect gradual
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and intermediate variations in skin hydration. The first three principal components
captured over 95% of the total variance, and the PCA score plots clearly separated
the spectra corresponding to different time intervals, demonstrating the feasibility
of multi-level hydration monitoring.

The results confirm that the integration of compact, non-invasive sensing hard-
ware with data-driven algorithms, both supervised and unsupervised, enables accu-
rate, adaptive, and scalable skin hydration assessment. This approach demonstrates
significant potential for the development of autonomous, non-invasive devices capa-
ble of real-time skin hydration monitoring. Furthermore, the method can be adapted
to assess other hydration-related signals, thereby extending the sensor’s applicability

across a wide range of physiological and practical contexts.
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Chapter 4

Compact Ku-Band Sensor for

Atopic Dermatitis Detection

This Chapter is based on the following publications:

A. Di Florio Di Renzo, S. Trovarello, D. Masotti, M. Tartagni, and A. Costanzo,
” Atopic Dermatitis Detection with a Compact Ku-Band CSRR-Based Sensor,” in
2025 IEEE International Conference on RFID Technology and Applications (RFID-
TA), Valence, France, 2025, pp. 1-4.

4.1 Introduction of the Chapter

Atopic Dermatitis is characterized by significant dysfunction of the stratum
corneum, a thin layer which is only 15 pm thick, that acts as the main barrier
against TEWL. In patient with AD, the SC undergoes microstructural and com-
positional changes that compromise its integrity, resulting in dehydration, pruritus,
inflammation, and increased susceptibility to infections, as schematically illustrated

in Fig. 4.1.
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Figure 4.1: Cellular structure in healthy skin and AD-affected skin. Cracks in the
stratum corneum alter skin electrical properties [60] (©) 2024 IEEE.

Traditional approaches to AD sensing typically model the skin as a single ho-
mogeneous layer, neglecting its true multilayered structure composed of stratum
corneum, epidermis, and dermis. Since AD affects the SC, this simplification sig-
nificantly reduces the sensitivity to relevant biomarkers. More advanced multilayer
models have been proposed, but they mostly rely on hydration-based measurements.
These methods lack specificity for AD, as dehydration can result from various physi-
ological conditions. [56-60] A more selective approach is therefore required to detect
structural changes uniquely associated with AD.

In the work presented in this Thesis, AD is not treated as a manifestation of
dehydration, but rather as a condition characterized by the formation of micro-
scopic fissures within the SC. The size,density, and severity of these fissures depend
on the disease stage and serve as direct structural markers of AD. Targeting these
features enables a more specific and reliable diagnostic assessment than hydration-
based techniques. Detecting such microscopic fissures, however, require sensor with

both high spatial resolution and shallow E-field penetration depth to selectively
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probe the SC without interference from deeper vascularized tissues. To address
these requirements, a CSRR-based sensor operating in the Ku-band is employed.
The high operating frequency of the sensor confines the electric field primarily to
the SC and upper EP layer, minimizing interaction with the vascularized DR and
thereby enhancing sensitivity to superficial structural changes. Microscopic fissures
locally alter the permittivity and conductivity of the SC, leading to detectable shifts
in sensor’s resonance response. This approach enables a non-invasive, highly sensi-
tive detection of AD-specific alterations that conventional hydration-based sensors
cannot capture. Moreover, to ensure accurate characterization and prediction of
the sensor, a multilayer electromagnetic model of human skin is implemented. This
model accounts for the distinct electrical properties of each skin layer and simulates
the sensor’s response to varying degrees of SC fissures, offering a comprehensive tool
to explore the interactions between skin structure and sensor response, providing in-

sight into how structural changes affect sensor measurements.

4.2 Microstrip-Coupled CSRR Sensor Design for
Dermatitis Detection

The proposed solution for detecting different stages of AD relies on a near-field
resonant structure operating in the Ku-band. As discussed in the previous section,
AD primarily affects the outermost skin layer, the stratum corneum. Since the der-
mis and hypodermis are vascularized tissues, sensing beyond the non-vascularized
SC can introduce noise and lead to inaccurate detection. Therefore, the proposed
dermatitis sensors is specifically designed to selectively probe only the SC, minimiz-
ing interference from deeper biological tissues.

The sensing device employs a CSRR etched in a defected ground plane configu-
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ration and excited through an open-ended microstrip line. Its operating principle is
based on the interaction between the resonator’s near-field fringing field and the SC,
where structural disruptions caused by AD modify the local dielectric properties of
the skin surface and consequently alter the resonant response of the structure.

From an electromagnetic point of view, a CSRR etched in the ground plane
operates as an electrically small resonator. Unlike the coaxial-fed configuration pre-
sented in the previous chapter, in this case the excitation is provided by a microstrip
transmission line located on the top layer of the substrate, while the CSRR is etched
in the metallic ground plane on the bottom layer. The introduction of the CSRR
defect perturbs the local current distribution in the ground plane, thereby generat-
ing a resonant electric response.

The complete equivalent circuit model of the defected-ground CSRR sensor is
identical to that of the coaxial-fed loaded-CSRR presented in Fig. 3.1. The reso-
nance condition can therefore be described using the same parallel LC tank model
introduced for the coaxial-fed configuration in Section 3.2. When the CSRR is
positioned in close proximity to the stratum corneum, the surrounding dielectric
environment alters the electric field distribution within the slot regions. This di-
electric loading effect, analogous to that described for the coaxial-fed CSRR, can
be modeled in the equivalent circuit as an additional capacitance Cj,.4, placed in
parallel with the intrinsic resonator capacitance, C,,. Consequently, the effective
capacitance increases, and the resonance frequency shifts accordingly. An increase
in the effective permittivity of the SC leads to an higher equivalent capacitance,
resulting to a downward of the resonance frequency. Conversely, structural disrup-
tions caused by AD, such as fissures in the SC, reduce the effective permittivity
within the gap region. This reduction in capacitive loading leads to a shift of the
resonance toward higher frequencies.

Starting from the target operating frequency of 16 GHz, selected to ensure
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Figure 4.2: (a) 3D view of the loaded AD sensor, with a schematic of the AD fissures on
the SC layer, (b) top view of the proposed AD sensor, showing the CSRR on the bottom
layer [18] (©) 2025 IEEE.

both high surface sensitivity and maintaining a compact footprint, the resonator
is initially dimensioned using the parallel LC model to estimate the required ef-
fective inductance and capacitance. Preliminary geometrical parameters are cal-

culated to position the resonance near 16 GHz under reference loading conditions.
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In this phase, the dielectric loading induced by the multilayer skin model and by
the PVC isolation layer is considered through effective permittivity approximations.
The open-ended microstrip line is tuned to ensure efficient excitation of the CSRR
and proper impedance matching. Full-wave electromagnetic simulations are subse-
quently employed to refine the geometrical parameters and accurately position the
resonance at 16 GHz under healthy-skin loading conditions, which is defined as the
reference state. The multilayer structure of the resonator is schematically illustrated
in Fig. 4.2, along with a 3D representation of the skin slab used in EM simulations,
which acts as the resonator load. The CSRR is etched on the bottom layer of the
sensor and positioned to interact with the upper skin layer, where fissures of varying
thickness (t4p), and width (wap) appear depending on the severity of the dermati-
tis. To ensure a non-contact configuration, a 10 um polyvinyl chloride (PVC) layer
is inserted between the skin slab and the resonator. This layer provides electrical
isolation while maintaining sufficient electromagnetic coupling. The planar sensor
is designed to maintain full contact with the skin, without any air gap, because the
rapid decay of the E-field within the skin slab means that any air gap between the
PVC and the resonator could affect the sensor read-out. Therefore, firm adhesion
between the device and the skin is essential to ensure accurate detection. The final

design parameters are summarized in Table 4.1, with all dimensions in mm.

Ry | Ry | R3 | Ry | GAP | Lstup
05(108]10]11] 0.1 3.0

Table 4.1: CSRR-based sensor geometrical dimensions.

The electrical and geometrical properties of the multilayer skin model are obtained
from literature [61,62], and derived for the adopted operating frequency using the
Djordjevic-Sarkar dispersion model, as reported in Table 4.2. During the design

phase, a representative healthy skin model, without AD-related fissures, is first
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adopted as the sensor load to establish the reference response.

Skin Layer T}z:((r:ll;r:;ass e’ (S7m)
SC 0.015 3.9 0.65
Epidermis 0.05 23.4 ] 15.19
Dermis 1.4 23.4 | 15.19
Hypodermis 4.3 6.51 4.4

Table 4.2: Geometric and electric properties of the skin slab at 16 GHz.

Full-wave electromagnetic simulations, performed in CST Studio Suite, are con-
ducted to evaluated both the reflection coefficient at the excitation port and the
E-field penetration of the loaded-resonator. Fig. 4.3 shows the reflection coefficient
both in magnitude and phase for healthy SC condition. The magnitude exhibits
—36dB at 15.97 GHz,indicating strong coupling and proper impedance matching
between the resonator and the dielectric load. The phase shows a rapid transition
around the resonance frequency, confirming the resonant behavior of the structure.
To verify that the electric field excited by the CSRR interacts exclusively with the
superficial, non-vascularized layers of the skin, the mean norm of the electric field,
taken over an XY area approximately corresponding to the square circumscribed
around the CSRR, is computed over a set of discrete XY-planes at various depths
2 along the Z-direction. The normalized mean field norm is computed as in Eq.
2.2.

The results, depicted in Fig. 4.4, confirm that the E-field intensity is maximum at
the interface between the resonator and the PVC layer, decreasing by approximately
20% at the SC interface. Within the SC, the E-field intensity drops by 50%, and
beyond a penetration depth of about 30 ym, the mean E-field norm is reduced to
10% of its maximum value. This result confirms that the sensor is able to selectively

probe the SC, while remaining insensitive to the deeper, vascularized layers.
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Figure 4.3: Magnitude and phase of the S7; for the CSRR-based sensor loaded with the
multilayer skin model, considering a healthy SC [18].
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Figure 4.4: EM simulated mean value of the normalized E-field norm along the
penetration direction for the healthy skin case. The plot is limited to z; = 100 um, as
the E-field becomes negligible at greater penetration depths [18] (©) 2025 IEEE.
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Figure 4.5: Predicted S11 of the CSRR resonator loaded with SC exhibiting fissures of
varying thickness, with the healthy skin condition included for reference [18]
©) 2025 IEEE.

4.3 EM Simulation of the Atopic Dermatitis Sen-
sor: Detection Principle and Sensitivity Anal-
ysis

This section presents the electromagnetic response of the CSRR-based sensor
interacting with stratum corneum affected by atopic dermatitis. The analysis focuses
on how variations in fissure thickness (t4p) and width (wap) affect the sensor’s re-
flection coefficient and E-field distribution within the multilayer skin model. By
systematically modifying the SC to emulate AD-induced fissures, the study eval-
uates the sensor’s ability to discriminate between different severities of AD, while
confirming that deeper vascularized layers, dermis and hypodermis, have negligi-
ble influence on its response. In the EM simulations, AD-affected SC regions are

represented as small air cavities, corresponding to fissures of varying geometry.
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Figure 4.6: Normalized mean E-field norm along the first 30 um of the skin layer,
obtained from EM simulations, for varying fissure thicknesses [18] (C) 2025 IEEE.

EM simulations are first carried out to investigate the behavior of both the
reflection coefficient and the mean E-field norm as function of the SC fissure thick-
ness. In this analysis, t4p is varied form 0 to 15 um, representing the transition
from healthy skin to fully damaged SC. The fissure width and length are fixed to
200 um. Fig. 4.5 shows the variation in both the magnitude and phase of S,
highlighting the sensor’s high sensitivity to changes in AD severity. Specifically,
a monotonic upward shift in the resonance frequency is observed as the fissures
increase in thickness: the S;; negative peak occurs at 15.97 GHz for healthy skin
and shifts to 16.2 GHz for fully damaged SC, corresponding to a frequency shift of
230 MHz. These observations are further supported by the trends of (||E(z)||) with
varying tap, as shown in Fig. 4.6. The (]|E(z)||) vanishes beyond the SC even in
AD-affected skin, confirming that deeper vascularized layers have negligible impact
on the sensor response. Moreover, increased t4p, associated with deeper fissures,

reduces the effective conductivity of the SC, allowing the E-field to penetrate more
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Figure 4.7: Predicted S1; of the CSRR resonator loaded with SC exhibiting fissures of
varying width, with the healthy skin condition included for reference [18] () 2025 IEEE.

deeply into the superficial layers.

After validating the sensor concept for variations in fissure thickness, an ad-
ditional set of simulation is carried out to further assess its response to lateral
geometrical changes. This analysis aims to confirm the sensor’s capability to detect
three-dimensional variations in fissure geometry, thereby providing a more compre-
hensive validation of its electromagnetic sensitivity. In this case, the fissure length
and thickness are fixed at [xp = 200 um and tpp = 11 um, respectively, while the
fissure width (wap) is varied to evaluate its effect on the sensor’s Si; and (|| E(z)]]).
Fig. 4.7 presents the predicted Sy; for wap ranging from 0.1 mm to 0.3 mm, high-
lighting the sensor’s capability to detect AD-induced fissures with varying lateral
dimensions within the SC. A clear upshift in the resonant frequency is observed
with increasing fissure width: from 16 GHz for a wap = 0.1 mm to 16.15 GHz for
wap = 0.3mm, corresponding to a 150 MHz shift. As in the case of thickness vari-

ations, similar trends in the E-field distribution are observed, as shown in Fig.4.8.
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Figure 4.8: Normalized mean E-field norm along the first 30 um of the skin layer,
obtained from EM simulations, for varying fissure width [18] (©) 2025 IEEE.

Wider fissures lead to a deeper field penetration within the skin slab, due to the
enhanced coupling between the resonator and the larger air-filled regions. This se-
lective dependence of the EM response on fissure geometry confirms the sensor’s
capability of distinguishing different AD severities.

The sensitivity of the CSRR~based sensor to changes in the stratum corneum
fissure geometry is systematically evaluated. For a generic geometrical parameter
d, in this case fissure thickness t,p or fissure width wp, the sensor sensitivity Sy
is defined as the ratio of the change in resonant frequency to the corresponding

variation in the parameter:

S . Afres o fres,i-i—l - fres,i
4= =
Ad diy1 — d;

[MHz/ pum] (4.1)

where fresit1  and  fres; are the sensor resonant frequencies corresponding to two
consecutive values of the geometrical parameter d. In the proposed analysis, a step

size of 1 um is used for t4p and 10 um for wap.
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EM simulations demonstrate that the sensor exhibits high sensitivity to both
thickness and width variations of fissures. Specifically, the worst-case sensitivity
values are found to be S;,, = ”’Tl\anZ and Sy,,, = %, confirming the sensor’s
ability to accurately detect microscopic structural changes in the SC. These results
indicate that the proposed sensor is well suited for the quantitative assessment of

AD severity, providing a robust metric for distinguishing between fissures of different

geometries and enhancing its applicability in real-time skin condition monitoring.

4.4 Conclusion of the Chapter

This chapter presented the design and electromagnetic evaluation of a minia-
turized CSRR-based sensor for the detection of atopic dermatitis. Operating in the
Ku-band, the sensor confines the fringing E-field to the stratum corneum, where
AD-related biomarkers are located, effectively isolating the response from deeper
vascularized layers. The sensor concept is thoroughly assessed through full-wave
EM simulations, analyzing the impact of fissures in the stratum corneum by sys-
tematically varying their thickness and width. A multilayer skin model, comprising
the stratum corneum, epidermis, and dermis, with real geometric and dielectric
properties, is adopted to ensure accurate representation of the biological load. The
high operating frequency is chosen not only to enhance the spatial resolution of the
measurements but also to restrict the sensing to superficial layers, enabling selec-
tive detection. The proposed sensor demonstrates high sensitivity, with measured

frequency shift of K’—hleZ

and % for fissure thickness and width variations,
respectively. These results confirm the capability of the device to detect micro-
scopic structural changes in the stratum corneum, highlighting its potential as a

reliable tool for non-invasive AD assessment. The CSRR-based sensor is compact,

lightweight, and easily miniaturized, and its design can be extended to detect other
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skin pathologies affecting the stratum corneum. This study shows that combin-
ing resonators with high-frequency electromagnetic sensing offers an effective and

reliable approach for selective and sensitive skin diagnostics.
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Conclusion

This Thesis has presented the design, development, and validation of innovative
microwave sensing devices based on resonance techniques, addressing the growing
requirements for low-cost, small, and stand-alone diagnostic tools in both environ-
mental and biological applications. The common thread across all the proposed
solutions is that they are autonomous, non-invasive, adaptive, and accurate, some-
times further enhanced by the synergy between resonant electromagnetic structures
and data-driven algorithms. The presented research demonstrates that, by tailoring
the resonator’s operating frequency and geometry to the specific penetration depth
required by the application, it is possible to achieve selective and reliable material
characterization without the need for complex and bulky RF instrumentation.

In the first part of this work, a self-oscillating antenna-based sensor operat-
ing in the 2.4 GHz band is developed for the non-invasive monitoring of tree trunk
moisture content. The sensor exploits the nonlinear steady-state behavior of the
self-oscillating antenna to infer variations in the wood’s dielectric properties di-
rectly from DC measurements. This approach removes the need for external RF
instrumentation, thereby simplifying the measurement setup and minimizing power
consumption, which enables fully stand-alone operation. The integration with a
PLSR predictive model led to a compact, energy-efficient, and autonomous sensing
platform. Experimental validation of the prototype confirms its suitability for dis-

tributed environmental monitoring and loT-based smart agriculture system.
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Then, a study on microwave sensor architectures for non-invasive and electrode-
free skin hydration monitoring is presented. A CSRR operating at 2.4 GHz is de-
signed and fabricated on a low-cost FR4 substrate, achieving compactness and me-
chanical robustness. The integration with multivariate statistical models proved
the system’s ability to accurately detect and track skin-hydration levels over time.
These results underline the potential of combining resonant microwave sensing with
data analytics to achieve continuous and autonomous assessment of physiological
parameters in real-world conditions.

Finally, the study extends resonance-based sensing to high-frequency biomed-
ical diagnostics, introducing a miniaturized CSRR-based sensor operating in the
Ku-band for AD detection. By confining the E-field within the superficial, non-
vascularized skin layer, the stratum corneum, the sensor achieved high spatial resolu-
tion and selective sensitivity to microstructural fissures associated with AD. The nu-
merical analysis, revel the system’s capability to detect microscopic changes in fissure
thickness and width, confirming its potential for non-invasive and high-resolution
dermatological diagnostics. A prototype of this Ku-band resonator is under con-
struction at the time of this Thesis writing.

Overall, this Thesis work shows that resonance-based microwave sensing is a
versatile and scalable approach for diagnostics. The proposed systems share the
advantages of compactness, cost-effectiveness, non-invasiveness, and the ability to
operate without the need for complex RF equipment. Moreover, the integration
with machine learning enables the development of intelligent and autonomous sens-

ing systems.
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