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Resumen

Durante la ultima década, la irrupcion de nuevos paradigmas tecnologicos
como el "Internet-of-Things (IoT)” (Internet de las cosas) o los diagnosticos “Point-
of-Care (POC)” (en el punto de atencion) ha generado un incremento significa-
tivo en la demanda de sensores low-cost. El desarrollo de estos paradigmas
ha coincidido con la consolidacion de los modelos de aprendizaje automatico,
0 “Machine Learning (ML)”, como los métodos de analisis y clasificacion mas
prometedores. Por lo tanto, esta tesis doctoral aborda la inevitable convergen-
cia de estas tendencias y sus potenciales sinergias para la implementacion de
sensores low-cost.

La principal ventaja de este tipo de sensores es precisamente la accesibili-
dad de su precio, que les permite ser un elemento clave para democratizar el
acceso a la tecnologia. De este modo, investigadores, pequenas empresas y co-
munidades con recursos limitados o en paises en desarrollo pueden afrontar
con las herramientas necesarias los grandes desafios de nuestro tiempo, como
pueden ser el monitoreo ambiental o la mejora de la salud publica. Por ejemplo,
los dispositivos Point-of-Care podrian ser utilzados por los trabajadores de la
salud (o incluso los propios pacientes) para obtener diagnosticos mas rapidos
que faciliten decisiones clinicas justo en lugar y el momento donde sean mas
necesarias. Ademas, al tratarse de pruebas fuera del laboratorio se reducen
en gran cantidad los gastos operativos, lo que es particularmente beneficioso
en regiones rurales o en vias de desarrollo. Por otro lado, el bajo coste de
estos sensores también permite su despliegue a gran escala en una amplia va-
riedad de entornos, incluyendo ubicaciones remotas donde la instrumentacion
tradicional puede resultar poco practica o ser extremadamente costosa. Esta
ubicuidad y escalabilidad permiten la medicion y la recopilacion de datos de
forma exhaustiva en tiempo real, lo que es imprescindible para monitorear en-
tornos urbanos, hospitales o campos agricolas. En definitiva, los sensores
low-cost también son la base tecnologica necesaria para que las aplicaciones
IoT sean viables, eficientes y accesibles.

Considerando las caracteristicas de este contexto, la investigacion realizada

durante esta tesis doctoral apuesta por la aplicacion de estructuras resonantes
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en el espectro de microondas como tecnologia clave para disenar sensores low-
cost. Este tipo de estructuras permite desarrollar dispositivos con una alta
sensibilidad y una geometria adaptable a las caracteristicas de la aplicacion.
Sin embargo, debido a la falta de especificidad, su utilidad puede verse li-
mitada en entornos con alto ruido ambiental o en aplicaciones complejas con
muchos compuestos involucrados. Por lo tanto, el principal objetivo de este
trabajo es aplicar técnicas de Machine Learning para mejorar la interpretacion
de los datos adquiridos para a obtener resultados mas fiables y precisos. La
integracion de ambas tecnologias representa una investigacion interdisciplinar,
cuyos resultados contribuyen a ampliar los limites y utilidades de los sensores

low-cost.

El primer capitulo de esta tesis doctoral es una breve introduccion al estado
del arte para ayudar al lector a adentrarse en el contexto de esta investigacion.
Primero se define sensor como cualquier dispositivo capaz de detectar infor-
macion de su entorno y reaccionar transformando esa informacion en una
senal eléctrica que puede ser utilizada por otros dispositivos (u operadores
humanos) en una infinidad de aplicaciones. Dado el fenomeno que define su
principio de funcionamiento, los sensores pueden clasificarse principalmente
entre quimicos o fisicos, de los cuales esta tesis se centra en los sensores elec-
tromagnéticos. Este tipo de sensores se basa en la interaccion entre la materia
y las ondas electromagnéticas como mecanismo de deteccion. Dependiendo de
la frecuencia de la onda incidente, se manifiestan diferentes fenémenos que
se pueden aprovechar para medir diferentes caracteristicas. Por ejemplo, los
sensores Opticos son la base de las técnicas de fluorescencia o espectrografia
que se utilizan ampliamente tanto en laboratorio como en la practica clinica.
Sin embargo, requieren de complejos sistemas de medida que dificultan su
miniaturizacion. Por lo tanto, de entre todos los tipos de sensores electromag-
néticos, esta tesis doctoral propone la aplicacion de estructuras resonantes en
el espectro de microondas como sensores capacitivos. Este tipo de sensores
detecta cambios en la capacitancia del medio cercano, que son proporcionales
a permitividad de la muestra de interés, y que se traducen en una variacion

de la frecuencia de resonancia del sensor. Entre sus principales ventajas se
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incluye su tamano ajustable y permitir un analisis no destructivo como muy

poca o nula preparacion de la muestra.

La revision del estado del arte destaca el interés exponencial en la literatura
cientifica por la combinacion de sensores y Machine Learning, destacando el
impacto y la relevancia de esta tesis. Ademas, las publicaciones presentes en
la literatura se centran unicamente en la combinacion con sensores electro-
quimicos u opticos. Por lo tanto, la ausencia de sensores capacitivos basados
en resonadores de microondas se presenta como una clara oportunidad de in-
vestigacion. Este campo de la Inteligencia Artificial consiste en el aprendizaje
automatico de patrones complejos en un conjunto de datos para poder realizar
predicciones sobre nuevas adquisiciones. De este modo, los modelos de ML
permiten analizar las senales del sensor, mejorando significativamente la ca-
pacidad de deteccion. Hay dos principales tipos de aprendizaje, supervisado y
no-supervisado, dependiendo de si los modelos tienen acceso o no a informa-
cion previa sobre el conjunto de datos. Los modelos supervisados se aplican
a tareas de regresion o clasificacion automatica, mientras que los modelos
no-supervisados se utilizan para clustering o reduccion de dimensionalidad.
Ambos tipos de aprendizaje son utilizados en esta tesis doctoral, ya que ofrecen
una metodologia alternativa para calibrar el sensor y mejorar su robustez ante
el ruido. Ademas, los modelos generativos de Deep Learning pueden apren-
der de manera no-supervisada una representacion latente de la informacion
contenida en las senales adquiridas. De este modo se puede lograr la gene-
racion sintética de senales para mejorar la calidad del conjunto de datos de

entrenamiento del sensor.

Terminada la revision del estado del arte, los Capitulos 3, 4 y 5 forman un
compendio de articulos publicados en revistas de alto impacto y representan
el corpus principal de esta tesis doctoral. El primero de ellos (Capitulo 3) es
un proyecto colaborativo con la Universidad de Pisa: “Measuring Sedimenta-
tion Profiles for Nanoparticle Characterization through a Square Spiral Resonator
Sensor”. Este trabajo propone un novedoso método para caracterizar disper-
siones de nanoparticulas en parafina liquida utilizando un sensor basado en

resonadores planos de espiral cuadrada. El articulo desarrolla un protocolo
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de medida para inferir las caracteristicas de las nanoparticulas a través de la
valoracion de sus perfiles de sedimentacion. Los resultados demuestran que
el método propuesto es una alternativa rapida y de bajo coste en comparacion
a los procedimientos tradicionales para caracterizar nanoparticulas. Este tra-
bajo es un ejemplo practico de como los sensores low-cost son una alternativa a
las técnicas tradicionales de laboratorio, como pueden ser la microscopia elec-
tronica o la espectrografia de rayos X; técnicas que en hoy en dia son esenciales

para la fabricacion controlada de nanoparticulas.

Sin embargo, el principal inconveniente del trabajo anterior es la necesidad
de utilizar instrumentacion electronica comercial para operar con los sensores
capacitivos. Por lo tanto, el segundo articulo de este compendio, “"Low-Cost
Electronics for Automatic Classification and Permittivity Estimation of Glycerin
Solutions Using a Dielectric Resonator Sensor and ML Techniques”, explora una
alternativa al analizador vectorial de redes (VNA). Aunque este dispositivo no es
comparable a instrumentos mas sofisticados con protocolos mas limitantes, el
VNA sigue siendo un aparato de un precio significativo, voluminoso y contrario
a las necesidades de las aplicaciones I6T/PoC. Por esta razon, el objetivo de
este articulo (Capitulo 4) es comparar la calidad de los resultados de un VNA
comercial con respecto a un novedoso lector portatil basado electronica low-
cost disenado por investigadores del Instituto de Investigacion Tecnologica (IIT).
En esta investigacion se utiliza un sensor basado en un resonador dieléctrico
con una pequena cavidad para analizar la concentracion de disoluciones de
glicerina. Las senales adquiridas sirven como datos de entrenamiento para
diferentes modelos de Machine Learning. A través de la clasificacion automatica
de estas disoluciones y la estimacion de su permitividad mediante regresion se
pueden evaluar ambos sistemas de medidas. Los resultados demuestran que
la aplicacion de estos modelos permite que el lector electronico low-cost tenga

un rendimiento comparable a la instrumentacion comercial.

Aunque los resultados del Capitulo 4 fueron prometedores, el desarrollo del
articulo estuvo limitado por las formulas empleadas para estimar la permi-
tividad de la mezcla de liquidos binarios. Esta limitacion es critica ya que la

permitividad es el valor requerido para entrenar correctamente los modelos de
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regresion y realizar predicciones sobre las muestras analizadas por los sen-
sores capacitivos. Por lo tanto, el tercer articulo, “A ML approach for enhancing
permittivity mixing rules of binary liquids with a Gaussian modification and a
new interaction factor estimation”, propone utilizar estos modelos de regresion
para investigar la permitividad de las disoluciones y de que factores depende.
En la literatura cientifica se propone modificar estas formulas de mezcla con un
parametro que conceptualiza la interaccion molecular entre los componentes
de la disolucion. Este articulo (Capitulo 5) parte de esta linea de investigacion,
y propone obtener mejores estimaciones de permitividad encontrando el rango
optimo del factor de interaccion que minimiza el error de regresion de los mo-
delos ML. Los resultados indican que este enfoque también se podria utilizar
para validar medidas experimentales de permitividad o seleccionar que for-
mula de mezcla es la mas adecuada para una disolucion binaria especifica.
Ademas, aplicando esta metodologia como demostracion, el articulo propone
una formula para estimar el factor de interaccion utilizando las propiedades
los componentes de la mezcla. Ademas, se propone una formula de modifi-
cacion alternativa basada en una funcion gaussiana multiparamétrica. Am-
bas propuestas permiten mejorar el modelado de las propiedades dieléctricas

de mezclas binarias y obtener estimaciones de permitividad mas fidedignas.

Finalmente, como continuacion a los articulos publicados, el Capitulo 6 in-
troduce una aplicacion indirecta para mejorar las capacidades de los sensores
aumentando el tamano y la calidad de los datos de entrenamiento. Mediante
un Variational Autoencoder (VAE) entrenado para generar senales sintéticas se
propone rectificar posibles problemas durante la adquisicion de medidas del
sensor. Por ejemplo, un desequilibrio de clases en el conjunto de datos de en-
trenamiento o un tamano insuficiente de senales pueden limitar la precision
de los modelos ML. Por otro lado, generar senales sintéticas también podria re-
ducir el namero de experimentos necesarios y reducir el coste de construccion
del dataset, que para ciertas aplicaciones podria ser una tarea extremada-
mente costosa. Ademas, el aprendizaje representativo del VAE también per-
miten la interpolacion de senales no medidas por el sensor. Los resultados

preliminares plantean una base so6lida para desarrollos futuros para mejorar
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los conjuntos de datos de entrenamiento. Actualmente una version extendida
de este capitulo se esta preparando para su publicacion a una revista de re-
vision por pares.

En conclusion, las publicaciones incorporadas a esta tesis doctoral han
abierto muchas lineas de investigacion interesantes que pueden ser continua-
das en futuros trabajos. De hecho, las metodologias propuestas para mejorar
el rendimiento de los sensores capacitivos basados en estructuras resonantes
en el espectro de microondas no se limitan exclusivamente a este tipo de sen-
sores. De hecho, podria aplicarse a cualquier tecnologia o diseno de sensores.
Por lo tanto, se deben realizar mas estudios probando nuevos objetivos analiti-
cos para confirmar la versatilidad de estas metodologias y alcanzar todo su
potencial. En definitiva, la aplicacion de técnicas de Machine Learning han

conseguido contribuciones significativas al desarrollo de sensores low-cost.



Summary

During the last decade, new technological paradigms such as the Internet-of-
Things (IoT) or Point-of-Care (POC) diagnostics have significantly increased de-
mand for low-cost sensors. The development of these paradigms has coincided
with the consolidation of Machine Learning (ML) models as the most promis-
ing methods for analysis and classification. Thus, this PhD thesis addresses
the inevitable convergence of all these trends and their potential synergies for
implementing low-cost sensors.

The main advantage of this type of sensor is precisely their price accessibi-
lity, which appoints them as the key element to democratize access to sensing
technology. Thus, researchers, small businesses, and communities with limit-
ed resources or in developing countries can address the major challenges of
our time with more resources, such as environmental monitoring or improving
public health. For example, Point-of-Care devices could be used by healthcare
workers (or even patients themselves) to obtain faster clinical decisions right at
the place and moment they are most needed. Additionally, since the POC diag-
nostics are conducted outside the laboratory, operational costs are significantly
reduced, which is particularly beneficial in rural or developing regions. Fur-
thermore, the affordability of these sensors enables a large-scale deployment
in a wide variety of settings, including remote locations where traditional in-
strumentation might be impractical or extremely expensive. This ubiquity and
scalability achieve comprehensive real-time data measurement and collection,
which is essential for monitoring urban environments, hospitals, or agricul-
tural fields. Therefore, low-cost sensors are the fundamental technology that
makes IoT applications viable, efficient, and accessible.

Considering the characteristics of this context, the research conducted dur-
ing this PhD focuses on the application of microwave resonant structures as
the key technology for designing low-cost sensors. These structures enable the
development of high-sensitivity devices with a geometry adaptable to the cha-
racteristics of the application of interest. However, due to their lack of speci-
ficity, their performance may be limited in environments with high ambient

noise or for complex applications with several mixed compounds. Therefore,
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the main objective of this work is to apply ML techniques to enhance the inter-
pretation of the acquired data to obtain more reliable and accurate results. The
integration of both technologies represents an interdisciplinary investigation
whose results contribute to expanding the limits and capabilities of low-cost

SENSOrs.

The first chapter of this thesis is a brief introduction to the state-of-the-art
for presenting the context of this research to the reader. First, a sensor is de-
fined as any device capable of detecting information from its environment and
reacting by transforming that information into an electrical signal interpreted
by other devices (or human operators) in countless applications. According to
the phenomenon that defines its operating principle, sensors can mainly be
classified as chemical or physical, with this thesis focusing on electromagnetic
sensors. This type of sensor is based on the interaction between matter and
electromagnetic waves as a detection mechanism. Depending on the incident
wave frequency, different physical phenomena can be exploited to measure
target characteristics. For example, optical sensors are the basis for fluores-
cence or spectroscopy techniques, which are widely used both in laboratory
and clinical practice. However, they require complex measurement systems
that hinder their miniaturization. Therefore, among all types of electromag-
netic sensors, this PhD thesis proposes the application of microwave resonant
structures as capacitive sensors. These types of sensors detect changes in the
nearby medium capacitance, which are proportional to the permittivity of the
sample of interest, and it is detected as a variation of the sensor’s resonance
frequency. Their main advantages include their tuneable design and enabling

a non-destructive analysis with minimum sample preparation.

The review of the state of the art highlights the exponential interest in the
scientific literature regarding the combination of sensors and Machine Learn-
ing, emphasizing the impact and relevance of this PhD thesis. Additionally,
the publications currently available in the literature focus exclusively on the
combination with electrochemical or optical sensors. Therefore, the absence
of capacitive sensors based on microwave resonators presents a clear research

opportunity. This field of Artificial Intelligence involves the automatic learning
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of complex patterns in the dataset in order to make predictions on new acquisi-
tions. Thus, ML models analyzing the sensor signals can significantly improve
their detection capabilities. There are two main types of learning, supervised
and unsupervised, depending on whether the models have prior information
about the dataset. Supervised models are applied for regression or automatic
classification tasks, while unsupervised models are used for clustering or di-
mensionality reduction. Both types of learning are used in this doctoral the-
sis, as they offer an alternative methodology for calibrating the sensor and
improving its robustness against noise. Moreover, unsupervised Deep Learn-
ing generative models can learn the latent representation of the information
of the acquired signals. Thus, synthetic signal generation can be achieved to

enhance the quality of the sensor’s training dataset.

After the state-of-the-art introduction, the following chapters 3, 4 and 5 rep-
resent a compendium of articles published in high-impact journals, which is
the main corpus of this PhD thesis. The first article (Chapter 3) is a collabora-
tion with the University of Pisa:"Measuring Sedimentation Profiles for Nanopar-
ticle Characterization through a Square Spiral Resonator Sensor”. This work
proposes a novel method for characterizing nanoparticle dispersions in liquid
paraffin using a sensor based on planar spiral resonators. The article devel-
ops a measurement protocol to infer the nanoparticle’s characteristics through
the assessment of their sedimentation profiles. The results demonstrate that
the proposed method is a fast and low-cost alternative compared to traditional
procedures for characterizing nanoparticles. This work is a practical example
of how low-cost sensors are an alternative to traditional laboratory techniques,
such as electron microscopy or X-ray spectroscopy, which are essential today

for nanoparticle-controlled fabrication.

However, the main drawback of the previous work is the need to use com-
mercial electronic instrumentation to operate with capacitive sensors. There-
fore, the second article in this compendium, "Low-Cost Electronics _for Automatic
Classification and Permittivity Estimation of Glycerin Solutions Using a Dielectric
Resonator Sensor and ML Techniques”, explores an alternative to the vector net-

work analyzer (VNA). Although this device is not comparable to more complex
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instruments with more limiting protocols, the VNA remains as a significantly
expensive, bulky device that does not fulfill the requirements of IoT/PoC appli-
cations. For this reason, the aim of this article (Chapter 4) is to compare the
quality of the results between a commercial VNA and a novel portable reader
based on low-cost electronics designed by researchers at the Institute of Tech-
nological Research (IIT). This work uses a sensor based on a dielectric resonator
with a small cavity to analyze the concentration of glycerin solutions. The ac-
quired signals serve as training data for different ML models. Both measure-
ment systems can be evaluated by automatically classifying glycerin solutions
and estimating their permittivity through regression. The results demonstrate
that the application of these models ensures that the low-cost electronic reader

performs comparably to commercial instrumentation.

Although the results from Chapter 4 were promising, the development of
the article was limited by the mixing-rules used to estimate the permittivity of
binary liquid mixtures. This limitation is critical because permittivity is the
required value for training regression models and making predictions about
the samples analyzed by capacitive sensors. Therefore, the third article, "A ML
approach for enhancing permittivity mixing rules of binary liquids with a Gaus-
sian modification and a new interaction factor estimation”, proposes using these
regression models to investigate the solution’s permittivity. The scientific liter-
ature suggests modifying these mixing-rules with a parameter that conceptual-
izes the molecular interaction between the solution’s components. This article
(Chapter 5) follows this research line and proposes obtaining better permit-
tivity estimations by finding the optimal interaction factor that minimizes the
regression error from ML models. The results indicate that the proposed ap-
proach could be applied to validate experimental permittivity measurements
and select the most suitable mixing-rule for a specific binary solution. Be-
sides, by applying this methodology as a demonstration, the article proposes
a formula to estimate the interaction factor using the properties of the mix-
ture’s components. In addition, an alternative modification formula based on
a multiparametric Gaussian function is proposed. Both proposals improve the

modeling of the dielectric properties of binary mixtures and provide more ac-
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curate permittivity estimation.

Finally, as a continuation of the published articles, Chapter 6 introduces an
indirect application to enhance sensor capabilities by increasing the size and
quality of training data. A Variational Autoencoder (VAE) trained to generate
synthetic signals is proposed to address potential issues during sensor data
acquisition. For example, class imbalance in the training dataset or insuffi-
cient signal size can limit the accuracy of ML models. Additionally, generating
synthetic signals could reduce the number of necessary experiments and de-
crease the cost of dataset construction, which can be expensive for certain
applications. Moreover, representation learning from VAE can interpolate sig-
nals that are not measured by the sensor. Preliminary results establish a solid
foundation for future research for improving training datasets. Currently, an
extended version of this chapter is being prepared for submission to a peer-
reviewed journal.

In conclusion, the publications included in this PhD thesis have opened
many interesting lines of research that can be continued in future works. In
fact, the methodologies proposed to improve the performance of capacitive sen-
sors based on microwave resonant structures are not limited exclusively to this
type of sensor. Indeed, they could be applied to any sensor technology or de-
sign. Therefore, further studies should be conducted to test new analytical tar-
gets in order to confirm the versatility of these methodologies and achieve their
full potential. Definitively, the application of Machine Learning techniques has

made significant contributions to the development of low-cost sensors.
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CHAPTER 1

INTRODUCTION

1.1. Motivation: Why Low-Cost sensors?

Over the past decade, the irruption of the Internet of Things and Point-of-
Care diagnostics has increased the demand for low-cost (bio) sensors. At the
same time, this trend has evolved in parallel to the growing field of Machine
Learning (ML), and therefore, this PhD research addresses the inevitable con-
vergence of both technologies (Figure 1.1).

The importance of low-cost sensors lies precisely in their price accessibility
for any user, making them available to small businesses, researchers, and es-
pecially for communities with limited resources in developing countries. Thus,
low-cost sensors are the key to democratizing sensor technology, empowering
communities and individuals to address challenges in diverse domains such as
environmental monitoring or public health surveillance. For example, Point-
of-Care devices could be employed by healthcare workers or even patients to
obtain rapid results and clinical decisions outside the laboratory, thus reduc-
ing the associated operational costs, which is particularly beneficial in unde-

veloped or rural regions.
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Figure 1.1: An overview of low-cost sensors applications and advantages and the pro-
posed technologies to develop them.

In fact, their affordability enables the deployment of sensors on a large scale
across a wide variety of environments, including remote or challenging loca-
tions where traditional instrumentation may be impractical or cost-prohibitive
(Figure 1.1). This ubiquitous and scalability align perfectly with the needs of
the Internet of Things applications, enabling extensive monitoring and data col-
lection. Therefore, low-cost sensors can lead to a better understanding of com-
plex systems, such as urban environments, hospitals, or agricultural fields.
In that way, open data initiatives and collaborative platforms can leverage low-
cost sensor networks to create shared repositories of real-time data, fostering

transparency and collaboration.

Low-cost sensors provide the technological foundation that makes these ap-
plications feasible, efficient, and accessible (Figure 1.1). Given this context,
this PhD research focuses on Microwave (MW) resonant sensors as the key
technology for developing low-cost sensors. Although this sensor type has the
potential to be both cost-effective and highly sensitive, due to the lack of speci-
ficity, its performance can be hindered by environmental noise or complex ap-
plications with many analytes involved. Nevertheless, by integrating ML tech-
niques, this PhD research aims to enhance sensing data interpretation, lead-

ing to more accurate and reliable measurements. This integration is expected
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to result in significant performance improvements, pushing the boundaries
of what low-cost sensors can achieve and contributing to the broader field of
sensor technology and its applications.

In summary, this PhD thesis is driven by the urgent need for affordable
sensing solutions and the potential for significant technological progress. In-
deed, the intersection of ML and MW resonant structures represents a rich
interdisciplinary research area. Therefore, this PhD research aims to make a

meaningful contribution to developing the next generation of low-cost sensors.

1.2. Objetives: Machine Learnig, How?

The principal objective for this PhD thesis is to leverage ML techniques to
enhance the capacitive sensing capabilities of MW resonant structures, thereby
developing low-cost, high-performance sensors. In order to fulfill this objective,

this research established the following secondary objectives as milestones:

* (0-0) - Explore the state-of-the-art to identify gaps in current research
and potential areas where ML could significantly contribute to improve
sensing applications. This includes an analysis of the electromagnetic
sensing principle, its advantages, limitations, and possible synergies with

ML techniques.

* (O-1) - Establish a baseline example of how MW resonant sensors can

offer a low-cost alternative to traditional laboratory practices.

¢ (0-2) - Implement ML models to enhance the sensitivity and reliability of
sensors, therefore enabling the substitution of complex instrumentation

by low-cost electronics and open-hardware.

* (0-3) - Demonstrate how the trained models with sensor signals can help
investigate the sensing principle’s nature and improve the interpretation

of the results.
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* (0O-4) - Develop Deep Learning models to generate realistic synthetic data
that could increase the size and quality of the acquisition dataset, as well

as allow the interpolation of undetected signals.

Fulfilling these objectives will contribute to MW engineering, computer sci-
ence, and applied physics, fostering collaboration and innovation across these
fields. In addition, the outcomes of this PhD research aspire not only to ad-

vance academic knowledge but also to catalyze real-world applications.

1.3. Thesis Outline

The corpus of this PhD thesis consists of three published papers and the pre-
liminary results of a fourth work in preparation to be submitted for peer-review
(Figure 1.2). Each of these works addresses one of the proposed objectives. In
addition, an introduction to the state-of-art is included to establish the context

of this research (0-0).
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Figure 1.2: Thesis outline showing the relationship between papers and the objectives
addressed.
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Thus, Chapter 2 briefly explains the fundamentals of sensors and the advan-
tages of MW resonant structures for low-cost sensing applications. Moreover,
this revision recapitulates the uses of ML in the literature for developing intel-
ligent sensors and proposes the novel application of Deep Learning generative

models for data augmentation.

Measuring Sedimentation Profiles for Nanoparticle Characterization through

a Square Spiral Resonator Sensor

The first paper of this compendium (Chapter 3) is a collaborative work with
the University of Pisa. Using a MW sensor based on Square Spiral Resonators,
the paper proposes a measurement system for the sedimentation profile of
nanoparticles in liquid paraffin dispersions. The main objective of the paper is
to reveal the nanoparticle properties from the analysis of the sedimentation dy-
namics. The results proved that initial concentration or chemical composition
impacts the sedimentation profile. Therefore, variables such as sedimentation
time or curve steepness could be analyzed in future works to characterize other
properties, such as nanoparticle size distribution, which highly influences dis-
persion stability and is critical for many applications. In conclusion, the pro-
posed method could represent a low-cost alternative to standard techniques

for characterizing nanoparticles, such as electron microscopy (O-1).

Low-Cost Electronics for Automatic Classification and Permittivity Esti-
mation of Glycerin Solutions Using a Dielectric Resonator Sensor and ML

Techniques

The second paper (Chapter 4) addresses the main drawback of the previous
baseline example: the need for complex electronic instruments, such as a Vec-
tor Network Analyzer (VNA), to operate with MW sensing techniques. For this
reason, the second paper aimed to compare the performance of a commercial

VNA and a novel low-cost portable electronic reader designed by researchers
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of the Instituto de Investigacion Tecnologica (IIT). A Dielectric Resonator sen-
sor with a small cavity is used to measure several glycerin solutions with both
acquisition systems. The signals collected served as a training dataset for ML
models to perform the classification of glycerin solutions and the regression of
their permittivity. The results prove that applying these models ensures that
the low-cost electronic reader performs comparable to the commercial instru-

mentation (0-2).

A ML approach for enhancing permittivity mixing rules of binary liquids

with a Gaussian modification and a new interaction factor estimation

The previous article had to deal with the physical limitations of mixing rules
to estimate the permittivity of binary liquids, which is a critical value to train
regression models correctly. Consequently, the third paper (Chapter 5) aims
to enhance the traditional mixing rules with interaction factors that address
the mixture characteristics. This article proposed to find the optimal value
of these tunable parameters by minimizing the regression error of ML models.
The insights of this research lead to a novel Gaussian modification formula that

improves the modeling of the dielectric properties of binary mixtures (O-3).

Into the latent space of capacitive sensors: interpolation & synthetic data

generation of resonance frequency signals using Variational Autoencoders

Finally, the follow-up of this PhD research is an indirect application to im-
prove the performance of sensors (Chapter 4). This work is currently being
prepared for submission to a peer-reviewed journal. Instead of focusing on
the sensing data analysis, this approach seeks to rectify issues in the training
dataset, such as insufficient size or class imbalance (0-3) This work applies
generative models, one of the most promising Deep Learning techniques, to
obtain realistic synthetic signals from the sensor. Thus, the dataset can be

expanded, leading to better results or completed with fewer experiments.



CHAPTER 2

STATE-OF-THE-ART

2.1. Sensors everywhere

A sensor is any device able to detect any information input from its exter-
nal environment and react by transforming this input into valuable insights
for other devices or human users (Figure 2.1) [1]. This definition may sound
vague, but it fits with the vast collection of sensor types. In fact, many different
effects in physics, chemistry, or biology can be employed as the sensing ele-
ment that converts the target input into an electrical signal [2]. However, sen-
sors are exposed to external disturbance variables that represent noise sources
that corrupt the output and limit sensor functionality. Therefore, sensors re-
quire an electronic system to process the electric signal, i.e., filtering the noise
and/or enhancing signal characteristics by amplification or Fourier transfor-
mation [3]. Recently, due to advances in miniaturization, the sensor element
and its evaluation electronics can be integrated into a single unit known as a
“smart sensor” [4]. Likewise, different sensors can be integrated together to

form complex instruments for very specific applications or scientific tasks.



8 Chapter 2. State-of-the-art
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Figure 2.1: Workflow diagram of a temperature (smart) sensor showing the relationship
between inputs and main elements.

There are many approaches to classifying sensors, and most of them address
their mode of operation. For example, sensors can be divided into active or pas-
sive if they need an external energy source, digital or analogic, depending on
their output signal, contact or contactless whether the sensitive element phys-
ically touches the target [2]. Besides, sensors can be classified according to
the three main sensing mechanisms: physical sensors (i.e., electromagnetic or
mechanical), chemical sensors, and biosensors [5]. This is just a brief overview
since the focus of this thesis is on capacitive sensors. The reader interested in

a more complete discussion may consult the proposed bibliography [1, 5, 6, 7].

As introduced before, this variety of sensors can fulfill the needs of nume-
rous applications. Consequently, sensors are ubiquitous worldwide, playing a
critical role in many common applications such as consumer electronics [8],
medical devices [9], or environmental monitoring [10]. For example, in agricul-
ture, measuring soil moisture, air humidity, and temperature would optimize
irrigation and crop management [11]. In the same way, sensors are essential
in enhancing efficiency and security in industrial processes since monitoring
by gathering data that can be used for automation, monitoring, and control
[12]. On the other hand, sensors have a great human impact; indeed, the de-

velopment of medicine in the last century has been impulsed by sensors that
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enable more precise diagnostics and personalized patient attention by record-
ing vital signs such as heart rate or blood pressure [13]. In addition, it is worth
highlighting the development of biosensors, which aim to translate complex
laboratory diagnostics into portable devices at the "Point-of-Care" [14].

In a biosensor, the sensing element is a receptor-transducer system that
converts a biological response into a measurable signal, providing analytical
data to detect specific analytes or clinical insights [15]. In this specialized sen-
sor, the biological recognition element (such as enzymes, antibodies, or nucleic
acids) provides selectivity and specificity since it only interacts with the target
analyte, which is commonly mixed with other substances [16]. Afterward, as
in a regular sensor, the transducer converts this biological interaction into a

measurable signal (Figure 2.2).

Biosensor
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Figure 2.2: Workflow diagram of a biosensor showing the most common recognition
elements (antibodies, proteins, and DNA), as well as the main reaction products to be
converted by the transducer.

There are many types of biosensors depending on the physical phenomenon
used by the transducer to collect information about the biological process.
At the present time, the most popular biosensors have been electrochemical,
which take advantage of known biochemical reactions to recognize the presence
of analytic targets [17]. This is the case with glucometers, which allow the
precise measurement of blood glucose concentration by means of the glucose
oxidation reaction [18]. The development of these devices has significantly

helped diabetic patients to live with their pathology.

Although biosensors are out of the scope of this PhD research, the proposed
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capacitive sensors and ML analysis techniques can be supporting technolo-
gies for future developments of biosensing applications. Indeed, as an exam-
ple case, despite the proven effectiveness of electrochemical biosensors, they
have a number of drawbacks that limit the range of uses and applications [19].
First of all, they depend on finding a target biochemical reaction in a con-
trolled environment, which is not always possible. Moreover, the reusability
and cost-effectiveness of these sensors can be limited due to a complex sam-
ple preparation that requires several reagents, as well as controlling electrode
biofouling [20]. In the same way, biorecognition elements are affected by the
exposition to variations in temperature, pH, and ionic strength, and therefore,

losing their activity and stability in the long term [21].

In contrast, electromagnetic sensing relies on the interaction between an in-
cident electromagnetic field and matter as the phenomena to obtain valuable
information. Indeed, optical sensors have been proven to be a solid alternative
for sensing applications [22, 23]. In particular, this PhD research focuses on
microwave (MW) capacitive sensors that, although they are not so common as
(bio)sensors, have been successfully employed in other fields such as dielectric
characterization [2, 24, 25]. The advantages and principles of this type of sen-
sor will be studied in the following sections, highlighting them as an interesting

alternative for developing low-cost sensors.

2.2. Into the electromagnetic interaction with matter

Electromagnetic (EM) sensing highly depends on the frequency range of the
incident EM wave since it will define the nature of the physical interaction with
the analyzed substance and reveal different characteristics accordingly [26].
For example, optical sensors operate with the visible or near-infrared spec-
trum, detecting energy transfer phenomena, such as changes in absorbance
or fluorescence, or propagation effects, such as reflectance or refractive index

variations [27]. In fact, among optical sensors, those based on fluorescence
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techniques are the most popular, achieving a competitive performance simi-
lar to electrochemical biosensors, but mostly due to the extensive know-how
acquired during decades of traditional laboratory practice [28]. In contrast,
other optical sensing techniques, such as Raman Spectroscopy [29] or Surface
Plasmon Resonance [30], are more sensitive and target-specific but at the cost
of far more complex methodologies hard to implement in the industry.

On the other hand, at lower frequencies beyond the infrared, in the MW and
RF spectrum, variations in the dielectric properties of matter can be appreci-
ated. When an MW field interacts with the target sample, the internal charges
are redistributed according to the orientation of the incident field [31]. This
process is defined as polarization and is traced in terms of permittivity and
conductivity. During the polarization, the charge rearrangement causes a per-
mittivity change that reveals information about its chemical composition [32].
Moreover, "polarization" is not a unique phenomenon; indeed, it is the sum
of different polarization effects (Figure 2.3,2.4), which contribute differently

according to the EM frequency and the sample characteristics [26].
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Figure 2.3: Conceptual diagrams of some polarization effects (a) Ionic polarization dis-
places charges in suspension (b) Dipolar polarization rotates molecular dipoles (c) Inter-
Jacial polarization due to the accumulation of charges in a barrier as the cell membrane.
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The case of ionic polarization is due to the displacement of ions, which is
very significant since this interaction generates ionic currents that also in-
duce additional polarization effects in the surroundings [33]. Moreover, the
movement of charged particles could be blocked by structural interfaces or
barriers, leading to the accumulation of charges known as Interfacial polariza-
tion [34]. In contrast, dipolar polarization is due to the rotation of natural or
induced molecular dipoles and mostly depends on the medium viscosity and
dipole strength [35] (Figure 2.3b). Besides, temperature seriously affects this
contribution since thermal energy is a key factor in the initial random dipole

alignment [31].

On the other hand, electronic polarization is due to the shift of the electronic
cloud in the E field direction [36], and atomic polarization is a consequence of
the atom’s relative displacement within a molecular structure [37] (Figure 2.4).
However, atomic and electronic polarization are only possible at frequencies
in the IR and Visible spectrum, respectively. Consequently, the contribution
is significantly smaller than other polarizations [38]. In addition, the drift of
these polarizations is opposite to the internal atom interactions, and therefore,
a force acts to restore the original position, generating a resonator behavior in
the atomic structure, which is characterized by a peak of permittivity at that

specific resonance frequency and the electromagnetic losses [26] (Figure 2.5).

Figure 2.4: Conceptual diagrams of distortion polarization (a) Atomic polarization dis-
places ions in crystalline structure (b) Electronic polarization changes the distribution of
the atom electron cloud.
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Nevertheless, total polarization is highly related to the frequency of the in-
cident field since the charges do not align instantly with the E field. Instead,
they require a determined duration known as relaxation time [38]. Initially,
the oriented dipoles must follow the field direction, but when this is reversed
due to the nature of alternating fields, the dipoles must change again their
orientation [31]. However, if the frequency is too high, demanding a faster re-
orientation than its relaxation time, then the charges will not follow up the E
field [35]. This phenomenon is defined as dielectric relaxation (Figure 2.5) and
is translated into a decrease in real permittivity called dispersion. In addition,
electromagnetic losses of the sample increase during the dispersion while the
polarization is failing [26]. The relaxation is complete when the incident fre-
quency is beyond the dispersion frequency, and then electromagnetic losses

are reduced to a minimum since the previous polarization contribution is too

slow to initiate.
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Figure 2.5: When the frequency is increasing the dielectric relaxation is observed as a
drop in the permittivity and as resonance in the loss factor.
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The effect of the EM frequency is not homogenous since some polarizations
are more sensitive to the change of field direction. For example, ionic polariza-
tion is restricted to low frequencies before a-dispersion, which depends criti-
cally on the particle size and the diffusion constant [33]. Therefore, frequen-
cies lower than «a-dispersion are indicated to measure ionic concentrations in
liquids. Similarly, the S-dispersion in the RF range should be considered to de-
tect different types of cells since the interfacial relaxation is related to cellular
components and membrane characteristics [34]. In contrast, the microwave
(MW) region before y-dispersion would be ideal for differentiating analytes in
aqueous solutions according to dipolar relaxations [39]. Indeed, water is the
ideal polar molecule with a well-defined behavior [40]. Therefore, the water di-
electric signature is a perfect reference to detect dielectric variations and infer
which molecules are dissolved [26]. Besides, since water is the main compo-
nent of biological samples, understanding the MW range and ~-dispersion is

also key to developing biosensors.

A

Dielectric signature A

Permittivity (&)

Dielectric signature B
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Figure 2.6: Dielectric spectroscopy of two substances with their characteristic dielectric
signatures. In this conceptual example, both samples show clear differences in the re-
laxation frequency ( freia) and near optic permittivity (e).
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In summary, the relaxation behavior depends on the sample complexity
since mixtures or complex molecular systems do not fit the ideal polarization
shown by their single molecules [26]. Indeed, the interaction of multiple polar
molecules can produce high-order polarization kinetics that can lead to specific
dielectric signatures (Figure 2.5). For example, if the relaxation times of the
molecular components are not well separated, then the dispersion region will
be overlapped [33]. Besides, the influence of non-polar components is another
factor to be considered since the permittivity of these materials is less affected
by changes in frequency. Therefore, mixing substances leads to specific relaxa-
tion curves that could serve as a sensing mechanism (Figure 2.6). The main
methodology to study these signals is by means of dielectric spectroscopy in a

broadband frequency range [31, 32].

In the last decade, dielectric characterization has gained attention as a
biosensing technique for analyzing cancerous tissues [41]. Biological matter
is mostly made of water with ions and organic molecules in dissolution as well
as insoluble matter; all of them form subcellular, cellular, and macroscopic
structures [34]. Although dielectric spectroscopy is a common technique to
characterize solid materials, its application for liquids or soft materials as bio-

logical samples is still challenging.

The open-ended probe is one of the most common methods and consists of
submerging a coaxial probe into a liquid sample to record the reflection of an
EM wave in a long range of frequencies [42]. Afterward, the permittivity can be
estimated through the power scattering parameters and the probe-equivalent
circuit. However, the accuracy and repeatability of the method are limited by
experimental conditions such as probe dimensions and positioning, sample
size, and frequency range [43]. Moreover, working with a wide range of fre-
quencies requires complex and expensive electronic instrumentation, avoiding
its application as a low-cost and portable sensor. These drawbacks lead to

considering MW resonant sensors as an alternative approach.
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2.3. Low-cost capacitive sensing with MW resonant structures

In contrast to broadband dielectric characterization, resonant methods mea-
sure changes in permittivity in a properly selected narrowband of frequencies
[2]. These are more sensitive and accurate than non-resonant methods, al-
though they do not allow a complete dielectric characterization [26]. Besides,
resonant methods can be fully passive, avoiding the requirement of batteries to
feed the sensor [44]. Another advantage of resonant methods (especially pla-
nar sensors) is their reduced size and cost, which simplify measuring protocols
compared to other technologies [25]. Therefore, by enabling faster acquisition
and reducing the sample volume, MW resonant methods are ideal alternatives

to developing portable and low-cost sensors.

A

e T e ——
'.—-—l—-—--
. O

|S14]

Air
Sample Y Reference

Frequency

Figure 2.7: Capacitive sensing is based on variations of the resonance frequency ac-
cording to the permittivity of each sample. Besides, the loss tangent also can be inferred
since it is related to the |s1;| amplitude.

Among resonant methods, there is a huge variety of technologies, designs,
and operation modes. Independently of choice, MW resonators function as
a notch filter with a high-quality factor modeled by an RLC resonant circuit

[45]. The effective permittivity of the medium within the resonator near-field is
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closely related to the resonator capacitance. Therefore, any medium change,
such as the presence of the target sample, causes a capacitance change that is
translated into a resonance frequency shift; this is the principle of capacitive

sensing (Figure 2.7) [46].

Consequently, MW resonators operate as indirect detectors of any substance
with a permittivity greater than the reference medium [24] (commonly air);
thus, larger permittivity values would lead to larger frequency shifts. From
this frequency variation framework, some modifications have been proposed,
such as frequency splitting or differential-mode sensors that could lead to more

specific applications [25].

The basic design of a planar MW resonant sensor consists of a microstrip
transmission line loaded with a resonant element that can be either metallic
or a slot etched to the ground plane [25]. Instead of an isolated resonator,
the sensor performance can be improved through a symmetric configuration
of several resonators [47]. Planar sensors allow high design flexibility due to
the number of resonator topologies and dimensions that can employed (Figure
2.8) [26]. The resonance frequency depends on these parameters, and there-
fore, the sensor can be tuned to work for different applications at the desired
narrowband [48]. For example, Split Ring Resonator (SRR) sensors are one of

the most popular designs due to their small electrical dimensions [49, 50].

SRR CSRR Square SRR

- Conductor - Substrate I:l Air gap

Figure 2.8: Common topologies for MW resonant sensors.
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Planar sensors have been extensively applied for the dielectric characteri-
zation of thin layers of material [51, 52]. Besides, they can be applied for
detecting analytes in liquids in combination with a microfluidic configuration
but at the cost of increasing the complexity of the device [53]. Nevertheless,
it must be noted that the sensing depth is limited since the EM field is con-
fined just in the near space. In contrast, resonant cavity sensors are based
on closed metallic structures able to achieve a strong confined electric field
within a volume [2]. These methods are especially accurate and suitable for
low-loss materials. However, the main drawback lies in the complex and expen-
sive design and fabrication. As an alternative, resonant cavity sensors based
on Dielectric Resonator (DR) have gained attention in recent years. These re-
sonators made of low-loss dielectric materials, commonly used for microwave
components, could satisfy the requirements of small portable devices for the
Internet-of-Things applications [54]. Indeed, DRs are an ideal radiating device
for high frequencies with minimum conduction losses and high radiation ef-
ficiency [55]. For this reason, several articles have explored the possibility of

using DR for developing MW sensing devices [56, 57].

One of the main advantages of DR sensors is their easier and more flexible
fabrication process since they generally consist of a bulk material with regular
geometry. As well as planar sensors, the DR resonance behavior in a nar-
row band of frequencies is determined by the physical dimensions. Therefore,
this geometrical flexibility can be modeled with analytical equations or differ-
ent numerical methods to fit specific resonance frequency and/or impedance
bandwidth [58]. Cylindrical DR is the most common device found in the litera-
ture due to its fabrication feasibility. The height and radius are the geometrical
parameters to tune the resonance frequency (Figure 2.9 a-b); both are inversely
proportional to the frequency. Consequently, these devices are very promising
for MW sensing since their design can adapt to the target with a simple change

of geometry. Moreover, the design flexibility provides numerous options, in-
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cluding defining a larger or shorter range of sensing, fitting the impedance
bandwidth to measure a smaller range of permittivity, and applying different
types of feeding structures to excite different propagation modes [55].
Another relevant tuning parameter is the permittivity of the DR material (Fig-
ure 2.9 c) [59]. The most common materials for DR are oxide ceramics whose
permittivity depends on the crystal chemistry and sintering process, includ-
ing the starting powder purity, density, and heating/cooling mechanism [54].
However, if low permittivity is needed for a specific application, commercial
polymers can be used for DR alone or in a ceramic composite [60]. This would

allow the fabrication of MW sensors through 3D-printing techniques [61].
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Figure 2.9: Resonance frequency variation as a function of (a) DRA radius, (b) DRA
height (c) DRA dielectric constant.

In summary, RF-MW resonant sensors are a promising technology for charac-
terizing and classifying substances due to their cost-effectiveness, low com-
plexity, and versatility. Nevertheless, this technology lacks specificity, hinder-
ing the result interpretation and accuracy for complex applications with many
analytes involved. This PhD proposes applying Machine Learning techniques

to enhance the performance of this technology.
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2.4. Enhancing sensor performance with Machine Learning

Artificial intelligence (Al) is the science that aims to develop computer sys-
tems able to perform tasks only doable by human intelligence [62]. Machine
Learning (ML) is a subfield of Al focused on identifying complex patterns from
data and thereby generalizing that knowledge to make predictions [63] (Figure
2.12). There is a multitude of ML algorithms grouped into two main styles of
learning: supervised learning and unsupervised learning (Figure 2.10). In the
first case, the model has prior knowledge about the target values; thus, the
ML algorithm is trained with multiple examples in order to find the optimal
function that best captures the relationship between the inputs and the target
variable [64]. Whereas unsupervised learning does not have this information;
instead, the model tries to infer the natural data structure for automatic class
clustering [65] or feature extraction [66].

In comparison with linear regression models [67], ML models represent a
non-parametric approach to resolving an optimization problem fitting the model
architecture to the data. In a parametric model, there is a fixed number of
parameters, and the optimization involves finding the best values for these pa-
rameters [68]. However, finding an effective parametric model can be challeng-
ing for non-linear relationships, especially with many features or independent
variables, such as signal analysis problems [69]. For example, a parametric
model with a limited number of features (such as resonance frequency in MW
sensors) could be hindered since these parameters may not represent complete
signal information; thus, it may introduce bias or variance, reducing the sen-
sor’s accuracy. In contrast, non-parametric ML models adjust their complexity
and parameters according to the training data [70]. This adaptability allows
ML models to automatically navigate more complex feature spaces by learn-
ing from the data structure. Moreover, ML training can be oriented to find a
proper trade-off between variance and bias, applying complementary methods

to avoid overfitting, such as Cross-Validation [71].
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Figure 2.10: Classification of ML models according to the main types of learning and
its corresponding tasks.

Improving sensor calibration is the main contribution of ML models for sens-
ing applications, which is an essential task to achieve accurate and useful re-
sults [72]. The aim of calibration is to solve the basic analytical problem that
the sensor signal (Figure 2.1) is not a direct measure of the target variable,
and therefore, it must be transformed to give an analytical result [73]. Indeed,
according to the IUPAC, calibration is the set of operations that determine or
approximate the relationship between the sensor response and the expected
measured value [74]. Calibrations can follow a model-driven approach based
on the theoretical knowledge of the sensing element [75] or an empirical ap-
proach that adjusts the sensor response to fit known standard samples [73].
Nevertheless, both approaches present several limitations, a non-linear rela-

tionship between the analyzed process and the signal acquired [76].

In contrast, the data-driven approach is based on statistical methods and
requires compiling a representative dataset of measures and selecting relevant
features [75]. ML learning can be applied as the core of this approach, replacing
other methods such as linear regression [76]. Thus, the calibration task to
estimate analytical results correctly, concerning either the type or amount of

a target variable, is equivalent to a regression or classification problem that
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can be resolved by applying supervised ML [77]. Indeed, these type models
(Figure 2.10) are the most appropriate solution for enhancing sensor accuracy
since researchers know a priori which substance is under test and some of its
characteristics. Whereas unsupervised methods such as clustering could be
applied for exploratory analysis to group similar signals within an unknown

sensing environment [75].

Another objective of calibration is to mitigate the effect of errors due to ambi-
ent or device imperfections [78]. This problem is especially relevant for the data
collected by low-cost sensors that could be noisy or with a low resolution where
the analyte information could be partially hidden and difficult to analyze [76].
Precisely, finding hidden correlations within the data is the main strength of
ML models, and there lies their potential to enhance sensor performance [17].
Consequently, since the last decade, the potential of ML has been developed
for numerous applications, and recently, ML models have been proposed as a
powerful technology to improve (bio)sensors performance [79, 80, 81]. In par-
ticular, Feiyun Cui et al. provided a detailed review of recent ML model applica-
tions for both electrochemical and optical biosensors, analyzing the significant
accuracy improvement [79]. More reviews, such as Kenneth E. et al. for label-
free biosensors [77] or Singh et al. for electrochemical biosensors [17], reached

the same conclusions.

However, in these reviews, there is a clear absence of RF-MW resonant sen-
sors, which should be underlined as a research opportunity. In fact, other EM
sensors were included, mainly Surface Enhanced Raman Scattering (SERS)
and Surface Plasmon Resonance (SPR). Their results suggest that the com-
bination of Principal Component Analysis (PCA) and Support Vector Machine
(SVM) tends to have positive results with spectral data. Another possibility pre-
sented is the use of Convolutional Networks or Deep Neural Networks, but they
require more complex programming and computational costs to obtain simi-

lar results. In any case, finding the best model architecture depends on the
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sensing technology and each particular application. These positive insights are
reflected in Figure 2.11, which displays how the attention toward ML models

for (bio)sensors is increasing in the scientific community.
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Figure 2.11: Number of publications as the result form the search in Scopus for "Machine
Learning” + "sensors”.

This exponential growth can be explained by considering that the advan-
tages of combining sensor devices and ML models are not limited to improving
calibration or sensor accuracy. Beyond signal analysis, ML workflow facili-
tates working with a large volume of data [79], complex data structures [82]
and sensor networks [76]. Besides, the ML model’s strength to detect and clas-
sify patterns can be employed for automatic anomaly detection in the case of
sensor malfunction [83]. Moreover, ML models could be applied even before
the sensor is fabricated by helping in the design to find optimized sensors [29].
Finally, one of the most promising applications is the generation of realistic
synthetic data through Deep Learning techniques in order to build, enlarge,

and improve datasets with fewer experiments and less economic cost [84].
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2.5. Deep Learning for Data Augmentation

There are many definitions of Deep Learning (DL), but all of them concur
that DL is based on the composition of several neural network layers able to
automatically discover the intricate relationships within large datasets through
multiple levels of representation [85]. Each architecture layer is a simple but
non-linear module transforming the input at a higher abstract level; thus, the
number of layers and the model complexity can be tuned according to the learn-
ing task [86]. Compared with traditional ML models, DL architectures can be
fed with raw data such as images or sensor signals without applying any pre-
processing to extract the relevant features and/or reduce its dimensionality.
During the last decade, DL models have been applied in many areas, including
natural language processing and computer vision [87]. Consequently, a vast
selection of DL architectures have been developed following different learning

approaches, which are continuously improving [88].

©

Figure 2.12: Hierarchy of Al disciplines.

Nevertheless, despite the recent advances, the dataset quality remains as
the main condition to achieve a good learning performance. Dataset size and
representativeness are critical factors that cannot be completely ensured for
many applications [89]. Therefore, Data Augmentation (DA) techniques aim to
improve small, imbalanced, or poorly diverse datasets by generating new sam-
ples [90]. For example, to enhance image datasets, the traditional methods

consist of transformation operations over a subset of the original images, such
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as mirroring or rotating, achieving optimal results for image classification or
computer vision [91]. In contrast, the performance of transformative DA tech-
niques for time series and sequential data, including sensor signals, is insuf-
ficient since the information within the original data distribution depends on
the element order [92]. Therefore, techniques such as noise addition, time de-
lay, or cut and paste can have a destructive effect on relevant features [90]. For
example, Rahman et al., in a systematic review of DA techniques for electrocar-
diogram (ECQG) signals, conclude that transformative DA tends to modify ECG
features, increasing the noise in the augmented dataset [93]. Therefore, the
best alternative is to generate synthetic samples, which preserves the statisti-
cal properties from the original dataset. Until recently, the main approaches for
Synthetic Data Generation (SDG) were statistical algorithms or models based
on domain expert knowledge [94]. However, nowadays Deep Generative Mo-
dels (DGM) stand out as the most popular alternative [95]. Indeed, beyond
class classification or forecasting tasks commonly performed by ML models,
the abstract representation achieved by DL architectures allows more complex
tasks, such as the generation of synthetic data based on the characteristics

learned in the original dataset [96].

Several studies have shown the potential of DGM for the generation of se-
quential data. For example, Hennesy et al. used Generative Adversarial Net-
works (GAN) for synthetic hyperspectral vegetation data [97], while Demir et
al. compared several architectures for the generation of electricity price sig-
nals [98]. In addition, deep synthetic data can ensure the privacy of sensi-
tive information, since there is not a direct transformation from original data;
this is the key to satisfy the ethical framework for using medical data in DL
models. Consequently, DGMs are perfect to generate synthetic health records
[99]. Likewise, many studies show that sensing devices for health applications
would benefit from the privacy condition. For instance, Ehrhart et al. proposed

a Conditional-GAN to enhance the signal dataset acquired by a wearable phy-
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siological sensor for stress recognition [100], whereas Chang et al. suggested a
Wasserstein GAN to generate synthetic pulse signals with relevant cardiovas-
cular information [101].

Despite the promising results, the design and training of DGM is still chal-
lenging, and requires a further understanding on why a particular architecture
is successful or not learning a particular data structure [96]. In order to re-
solve this problem, exploring the resultant latent space of these models is a

critical task to control the generation of synthetic samples [102].
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Abstract: Metallic nanoscale particles attract a growing interest in several fields, thanks to their
unique bonding characteristics; applications are appearing in the literature in the fields of, for
example, sensor coatings and biochemical compound detection. However, the controlled fabrication
of such nanopowders is often cumbersome, especially because their characterization is normally slow,
involving procedures such as electron microscopy. On the other hand, microwave sensors based on near-
field effects on materials are being developed with high sensitivity and show promising characteristics.
In this paper, the authors show how a microwave sensor based on a Square Spiral Resonator can be used
to characterize paraffin dispersions of nanoparticles conveniently and cost-effectively.

Keywords: microwave sensors; permittivity; metallic nanoparticles; sedimentation

1. Introduction
1.1. The Challenge of Nanoparticle Characterization

Nanoparticles (NPs) are ultrafine particles with an equivalent size in the order of
10~ m. More concretely, particles ranging from 1 to 100nm are usually referred to as
nanoparticles. Powders of such dimensions show easy bonding with the contacting ma-
terials, large surface area, low melting point, and peculiar electromagnetic and optical
properties. For these reasons, NPs are appealing for use as a sensing element and for
controlling the characteristics of the materials once deposited or dispersed [1].

For example, metal nanopowders find significant utility as sensing elements in biomed-
ical sensors, leveraging phenomena such as surface plasmon resonance [2,3]. In particular,
metal NPs can selectively form bonds with enzymes, antibodies, or proteins of different
structures. These bonds alter the surface light-absorption properties, enabling the precise
measurement of the characteristics of the bound material with heightened sensitivity and
specificity [4,5]. Metal NPs are also utilized in the thermal and photo-thermal treatment of
cells [3]. For instance, the deposition of stable NPs over a specific target improves the local
irradiation capability and allows for better control over laser treatments [6]. Furthermore,
these particles can be exploited as coating agents for their antimicrobial properties [7]
and, more broadly, enhance the mechanical characteristics and chemical resistance of
surfaces [8,9]. More recently, nano-sized LiMn,O,4 was utilized for the realization of the
battery’s cathodes [10]. Specifically, using such nanoparticles increases the mechanical
flexibility of the system and its electrical capacity due to the extensive surface area provided
by the NPs.

The characteristics of the particles are mainly determined during their fabrication. In
general, these processes can be divided into bottom-up and top-down ones. In the former,
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single or small clusters of molecules are utilized as the building block for producing NPs
with controlled shape and size. For example, the chemical vapor deposition method is
widely used for this purpose [11]. Generally, a gas reactant passes through a substrate
where the nanoparticles layers are formed due to heterogenous reactions [12]. Although
the bottom-up methods can provide fine control of the process outcome, these are generally
energy- and cost-demanding, producing environmentally harmful by-products. Other
techniques can produce small particles from a bulk material (i.e., top-down approaches).
For example, laser ablation allows for the production of metal NPs with sizes in the order
of tens of nanometers, employing high-power laser pulses with nanosecond duration [13].
Similar approaches, such as mechanical milling, sputtering, or thermal evaporation [14],
take advantage of the lower cost and hardware complexity but are ineffective for the
precise control of particle shapes and dimensions or for the manufacture of extremely small
elements. Other methods, such as exploding wire [15], enable a reduction in thermal losses
through localized power dissipation, possibly enhancing productivity and energy efficiency,
and the ability to produce multicomponent nanostructures, even when immiscible with
standard techniques [16,17].

In this framework, nanoparticle characterization is of paramount importance in evalu-
ating the outcome of production processes in a timely and convenient way, adjusting the
fabrication parameters in a tight loop to obtain the desired characteristics. However, explor-
ing the nanoscale to determine properties such as particle size, size distribution, surface
charge, or shape is not a trivial task [18]. In an extensive review, Mourdikoudis et al. sum-
marized the whole toolbox of techniques to characterize nanoparticles [19]. For example,
the determination of key size parameters is commonly achieved through microscopy tech-
niques, such as scanning electron microscopy (SEM) or transmission electron microscopy
(TEM). These methods reconstruct images of the particles, enabling the assessment of
dimensional distributions, including circularity and equivalent diameter via image analysis
methods. In contrast, spectroscopy techniques, such as dynamic laser scattering, rely on
the interaction between a laser beam and the Brownian motion of the particles to obtain
information on the equivalent diameter of particles [20]. In addition, other techniques,
such as energy-dispersive X-ray spectroscopy (EDS), can be employed to identify the chem-
ical elements present in products. An alternative approach involves the analysis of NP
sedimentation in liquid dispersions, where the interplay of diffusion and gravity forces
determines the behavior and characteristics of NPs. Thus, by studying the dynamic of the
dispersed NP, their size and density can be estimated, e.g., in combination with digital
imagery techniques [21] and proper modeling approaches.

Unfortunately, these characterization methods require either time-consuming proto-
cols or complex instrumentation, with a significant share of manual interventions, causing
long delays among runs of the fabrication process. Therefore, new analysis procedures are
required to assess the NPs’ features with lower costs. This article proposes a Microwave
(MW) sensor based on Spiral Square Resonators (SSR) to measure the dynamic changes in
the dielectric properties of NP dispersions due to sedimentation. This novel approach en-
ables a fast and straightforward measuring protocol that requires low volumes, simplifying
the characterization of NPs with minimal waste of fabricated samples. This research shows
the potential of low-cost SSR sensors to monitor the sedimentation process of NPs with
diverse chemical compositions and initial solution concentrations.

1.2. Microwave Sensor

MW sensors, particularly Split-Ring Resonator (SRR) sensors, provide a flexible and
cost-effective method for characterizing materials. Regardless of the design, the sensor
operates as a notch filter represented by a high-frequency RLC resonant circuit with a
high-quality factor. Since the resonator capacitance is related to the medium permittivity,
any medium change, such as the presence of the target material, would lead to a shift
in the resonance frequency [22]. The variation in the resonance frequency depends on
the dielectric characteristic of the target material; larger permittivity would lead to larger
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frequency shifts. On the other hand, the topology and dimensions of the SRR define
the resonance frequency; therefore, the sensor design can be tuned to work for different
applications in a specific range of frequencies [23]. Spiral resonator design allows smaller
electrical dimensions, enhancing the quality factor and the sensitivity [24].

Moreover, the number of resonators is not limited to one, and several resonators in a
symmetric configuration can improve the resonance. These sensors have proven potential
for numerous applications, including the dielectric characterization of thin layers since the
miniaturizing resonators will confine the electric field in the near space surrounding [25].
This paper proposes a Square Spiral Resonator sensor in the microwave regime to measure
nanoparticle sedimentation. The deposition of nanoparticles will create a uniform layer in
the sensor surface, modifying the capacitance of the equivalent resonant circuit, thereby
changing the resonance frequency along the sedimentation time (Figure 1). The maximum
frequency shift and the convergence time to the “layer” resonance frequency are related to
the dispersion concentration and the sedimentation dynamics of different nanoparticles.

Sedimentation

Sensed

volume . N
Sensor near-field
covered by the
nanoparticle layer

Figure 1. Sedimentation process in the sensor.

2. Methods
2.1. Sedimentation of Nanoparticles

The sedimentation of solid particles in a liquid medium mainly depends on the density
and shape of the solid elements and on the viscosity, density, and temperature of the liquid.
With the purpose of providing a simple but reliable description of the sedimentation and
of introducing the method exploited for NPs study, we consider the contribution of the
Brownian and the gravitational forces in a mono-dimensional system (i.e., along the x-axis)
over time t. Therefore, the concentration c of the disperse phase of solid particles behaves
according to the Mason-Weaver Equation (1) [21,26].

ac 9%c  dc

E = Dﬁ + Ua (1)
where D and v are experimental coefficients depending on the particle size, density, and lig-
uid physical characteristics. In particular, D = k; T/ F is the diffusion coefficient depending
on the fluid temperature T, the Boltzman constant k;, and the frictional coefficient F. More-
over, v = mpg/ F is the sedimentation velocity that depends on the buoyancy mass, m;; on
the gravitational acceleration g; and on F. For spherical particles with radius r and density
p, and a liquid with viscosity 77 and density p;, F = 67tyr and my, = 27tr3(p — pr) [21].
We further assume that g—; + e =0atx =0and x = Xy, and c(t = 0,x) = cg, where
Xmax is the maximum system length and ¢y is the initial concentration). The solution of
Equation (1) shows that ¢ changes with ¢, finally achieving an equilibrium distribution for
t — oo [21]. This result can be interpreted as the growth of a particles layer on the sensor
surface, thus increasing the average permittivity in the sensitive volume of the sensor and
hence decreasing the value of the measured resonance frequency f. The evolution of f
vs. t depends on the sedimentation dynamic, and it is peculiar to the particle’s material,
dimension, and initial concentration. Therefore, by monitoring such behavior we can carry
out information on the properties of the solid dispersed phase. Although the model in
Equation (1) does not consider particle clustering processes, which could influence the
sedimentation dynamic and hence the attended readout [27], it offers a proof-of-concept of
the operating principle of the sensor and can be used as a basis for a discussion about the
obtained results.
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2.2. Nanoparticle Production

Copper- and iron-based nanoparticles were produced at the facility of the University of
Pisa. We adopted a wire explosion method for NPs fabrication, and we used a microscopy-
based technique to assess the main size characteristics of the products. The NPs are
produced by flowing a current in the order of 1 x 107 A/m? to 1 x 10 A/m? through a
cylindrical copper or iron wire with a diameter of 1 mm and 30 mm length. The current is
provided by a 765 pF capacitor, with a voltage limit of 10 kV, loaded through a High Voltage
(HV) power supply. Voltage and current are monitored during the process by utilizing a
1:1000 dedicated voltage probe, a calibrated Rogowski coil, and an oscilloscope (Lecroy W
wave Pro 725Zi, Teledyne LeCroy, Italy) with four 8-bit boards and 2.5 GHz bandwidth.
Due to the high current density, the process enables adiabatic heating of the sample, which
rapidly vaporizes to form small clusters of molecules, further condensing in contact with
the surrounding medium, thus producing the NPs. To collect the product and control the
explosion environment, we utilized distilled water as a medium surrounding the exploding
wire. A picture and a scheme of the utilized setup are shown in Figure 2.

Wireless - Pl vessel
trigger -
vessel :
Rogowski
coﬂ/_ — ._/ =
~— 1000 | Capacitor HV
probe | Tcontrol power
sample system supply

W

(@) (b)
Figure 2. The scheme of the exploding wire setup (a) and a picture of the vessel (b) utilized for
NPs fabrication.

We produced the copper-based NPs (Cu-NPs) and iron-based NPs (Fe-NPs) separately.
A single sample was subjected to explosion, and the resulting water containing the nanopar-
ticles was collected in a larger container. Subsequently, the explosion vessel and electrodes
were accurately cleaned with deionized water to minimize any contamination between
the test runs. This procedure was iterated ten times to ensure the fabrication of an average
representative sample. The nanoparticles were ultimately extracted from the liquid via a
low-temperature evaporation process. Therefore, they were diluted in deionized water,
deposited on dedicated samples, and prepared for microscopy analyses (Figure 3).

(a) (b)
Figure 3. Sample images of Cu-NPs at 160,000 x magnification obtained with a bright field STEM
detector (a) and of Fe-NPs at 200,000 x magnification obtained with a STEM detector (b).

To provide an indication regarding the dimensions of the smaller synthesized elements,
we examined the images at a magnification of 160,000 x and 200,000 x via a particle counting.



Sensors 2024, 24, 2735

50f 14

43

The copper-based NPs were analyzed using the FEG-SEM (FEI QUANTA 450 ESEM-FEG,
Thermo Fisher Scientific, Hillsboro, OR, USA), and the HR FEG-TEM (JEOL JEM-F200, Jeol
Ltd., Tokyo, Japan) was used for the iron-based NPs. These instruments are available at the
Center for Instrument Sharing of the University of Pisa (CISUP). The results regarding the
particle size distribution (evaluated as probability density functions, pdf, of d,;) are shown
in Figure 4. Finally, the minimum, average, median, and maximum equivalent diameter of
the sampled NPs, analyzed at a magnification within 160,000 x and 200,000 x, are reported
in Table 1.

0.04 ‘

Cu-NPs
0.035 7 Fe-NPs | 4
0.03 - 1
0.025 + 1
g 0.02F | 1
0.015 | j—_‘* |
0.01 | S .
0.005 + 1

0 . I T i | —

0 50 100 150 200

deq (nm)
Figure 4. Dimensional distribution of the equivalent diameter, dgq, of the NPs analyzed samples.

The EDS analysis was also performed, confirming the production of Cu-based and
Fe-based nanoparticles. However, the presence of oxygen, along with copper and iron,
respectively, possibly indicates an oxidized state of the products. Metallic impurities,
mainly aluminum, are present in minor proportion due to the electrodes erosion.

Table 1. Main parameters of the dimensional distribution of the analyzed samples.

Minimum d,,; Median d,, Average d., Maximum d,,;
Cu-NPs 29 35 52 204 (nm)
Fe-NPs 6 28 36 228 (nm)

2.3. Sensor Structure

The SSR sensor designed for this paper (Figure 5) has two copper square spirals
separated by a microstrip transmission line (TL), which excites both resonators through
the incident microwave signal. The TL and the spiral resonators are located in the same
plane (the top layer of the PCB). As the propagating mode of the microstrip TL is a quasi-
TEM mode, there is a magnetic field perpendicular to the spirals surface that excites both
resonators. The spirals produce a notch in the reflection coefficient of the TL at their
resonant frequency. Two spiral resonators instead of one are coupled to the TL because
it produces a deeper notch in the reflection coefficient. The copper TL and the spirals are
etched in a copper-grounded PCB (I = 25 mm, w, = 20 mm) made of FR-4 substrate with
a relative permittivity ey, = 4.5 and a thickness of gy, = 1.5mm. The TL crosses the
whole PCB with a width of wy; = 2.82mm and a thickness of h7;, = 0.35 mm. The width
was selected to adjust the characteristic impedance of the TL to 50 (), while the length of
the TL was set to achieve good impedance matching at the resonant frequency of the spiral
resonators. The center of both spirals is at the middle of the TL, and each spiral is separated
from the TL with a distance of d = 0.44 mm. The same gap distance (d) is the width of each
spiral arc as well as the gap between them. The spiral dimensions (/s = wsp = 5.06 mm)
set the sensor resonance frequency at the vacuum reference.
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Figure 5. PCB layout of the sensor.

The sensor was simulated by using the EM transient solver of CST Studio Suite
(Dassault Systemes, Paris, France). Figure 6 shows the result of the EM simulations. The
resonance frequency of the SSR-based sensor in vacuum is 2.444 GHz. The simulations also
show the operation principle of the sensor. When the SSRs are covered with a material,
there is a shift in the notch frequency related to the relative permittivity of the covering
material. In the simulations, the SSRs were covered with paraffin oil (relative permittivity
€par = 2.13 [28]) to show how the resonance frequency is shifted towards lower frequencies.
In particular, the notch is shifted from 2.444 to 2.247 GHz when covering the sensor with
paraffin oil.

. Vi
v |

Y ]

Y I3

s ’

—s1,1

=== S1,1 (Paraffin Oil)

i/
.

44

2.05

2.1 2.15 2.2 2.25 2.3 2.35 24 2.45 2.5
Frequency / GHz

Figure 6. Simulated reflection coefficient (|s11|) of the sensor in vacuum (solid red) and covered with
paraffin oil (dashed green).

The sensor TL is welded to an SMA (SubMiniature A, RS Pro) connector, which is
the interface for a vector network analyzer (VNA). The VNA (MS46122B, Anritsu, Atsugi,
Japan) operates in the 1-port mode configuration to collect the reflection coefficient of the
SSR, Is11], in the frequency domain. The VNA was calibrated in the 2.23 GHz to 2.46 GHz
range to acquire the measurements, with a sampling buffer of 7000 points every 15 s. The
SRR sensor presents a drift of 3 MHz around the resonance frequency due to the connection
with the VNA port and experimental variability. In order to perform the measurements, a
3D-printed polylactic acid (PLA) container was glued with cyanoacrylate to the substrate
to keep the dispersion of NPs in place (see Figure 7). The container was fabricated with
a fused deposition modeling (FMD) 3-D printer (i3 Mega, Anycubic, Hong Kong, P. R.
China). This container was not considered in EM simulations for simplicity. Thus, a small
frequency shift is expected in the experimental results due to this fact and tolerances in the
manufacturing process.
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(b)
Figure 7. SRR sensor with the glued PLA pool: unloaded (a) loaded with a paraffin dispersion (b).

2.4. Measurement Protocol

We prepared nanoparticle dispersions by mixing Cu-NPs and Fe-NPs with liquid
paraffin, a mineral oil mainly used for medical and cosmetical applications, with a low
relative permittivity (epar = 2.13) [28]. Paraffin is a non-polar liquid that does not interact
electrically with the nanoparticles, leaving gravity as the only acting force during sedi-
mentation. In particular, the samples were prepared using a sonicator (Branston Digital
Sonifier Model 450), which applied sound energy to agitate particles, resulting in homoge-
neous dispersions. The sonication was performed using a 50 % tip amplitude for 15 min
in pulsed mode, with a cycle of 15 s of activation and 5 s of rest. During this process, the
tube containing the dispersion was submerged in water with ice to keep the nanoparticles’
temperature under control. Thus, each measurement is performed at a similar temperature
in order to evaluate only how the nanoparticle type or concentration affects the sedimenta-
tion. After the sonication, a volume of 500 uL was placed inside the sensor PLA container
for characterization. For comparison purposes, the measurements were performed for
iron and copper nanoparticle dispersion at different concentrations. We expect that the
sedimentation will assure a reproducible layer of nanoparticles directly proportional to the
dispersion concentration.

The samples used for measurements started from a very saturated dispersion, around
20mg/mL for Cu-NP and 15mg/mL for Fe-NP. Afterward, the concentrations tested were
reduced in steps of 5mg/mL until a concentration near the paraffin reference signal was
reached. On the other hand, all the fabricated Cu-NP mass (440 mg) was loaded in the
sensor to characterize the dry nanopowder and compare its dielectric properties with
the paraffin dispersion. In contrast, just half of the fabricated Fe-NP mass (170 mg) was
analyzed due to its strong loss tangent. Nevertheless, a quantitative comparison of powder
masses could not be achieved without a method to standardize compaction. Although the
powder mass is a parameter directly proportional to the frequency shift, the critical factor
is the compaction, which defines the internal volume of air and, consequently, the relative
permittivity. For this reason, a direct permittivity measure of powder substances is hard
to obtain, especially for resonant methods. However, additional solvents (500 uL) with
known relative permittivity and loss tangent were measured to establish bounds for the
NP dispersions dielectric properties (Table 2).

Table 2. Dielectric properties of several solvents at microwave frequencies.

& tan ¢ Reference
Paraffin oil 2.13 0.001 [28]
Hexane 1.83 0.0022 [29]
Olive oil 292 0.046 [30]
Ethyl Ether 4.24 0.026 [31]
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3. Results and Discussion
3.1. Dielectric Characterization of Nanopowders

Figure 8 shows the resonance frequency shift and the amplitude reduction for several
solvents, Cu-NPs paraffin dispersions, and air as the unloaded sensor reference. Moreover,
the dry Cu nanopowder was also characterized before being dispersed in paraffin oil. This
manually compacted sample shows a significant reduction in the resonance amplitude,
which is an indicator of electromagnetic loss (tan d), close to the amplitude measured for
ethyl ether (tandgrygpr). In addition, its relative permittivity is bounded in the range
between the values of paraffin oil [28] and hexane [29] (1.83 to 2.13 GHz). Indeed, paraffin
oil has a larger relative permittivity but lower losses since the amplitude barely changes
from the air reference or the hexane signal.

These insights show that Cu nanoparticles’” permittivity (¢nanocy) is lower than paraffin
permittivity (¢paratfin); therefore, the expected resonance frequency of the Cu dispersion
before sedimentation (t = 0) should be slightly higher than liquid paraffin. Through
sedimentation, the resonance frequency should increase, approaching the peak value of the
dry Cu nanopowder sample. However, Figure 8 shows the opposite behavior: first, the Cu
dispersion before sedimentation (t = 0) presents a resonance frequency lower than pure
paraffin, and afterward, the sedimentation (t = 1.5 h) reduces the resonance frequency even
more. Contrary to what was expected, these frequency shifts indicate that e,,n0cy should
be larger than €paraffin-

......... A”-
Hexane
—— Paraffin ol
—— Cu nanopowder (440mg)
Al Cu 20mg/ml dispersion (t=0)

Cu 20mg/ml dispersion
after sedimentation (t=1.5h)

Fe 15mg/ml dispersion
after sedimentation (t=1.5h)

—— Olive oil

tanbo.ve = 0.046

tanbgrrer = 0.026

2.30 2.35 2.40 245 2.50
Frequency (GHz)

Figure 8. Sensor resonance curves for Cu nanopowders.

The explanation for this behavior is that the Cu nanopowder is indeed a mixture of
nanoparticles and air so that its effective permittivity is a weighted average between NPs
and air permittivity. Since air permittivity is approximately equal to vacuum permittivity,
the powder’s effective permittivity would be lower bound for the Cu-NP actual permittivity.
Thus, depending on the apparent density of the powder, the effective permittivity would
be a better approximation of the actual nanoparticle permittivity (¢nanocy). The same
rule is applied for the paraffin dispersion, but the medium relative permittivity is now
2.13 instead of 1. In this case, since €paraffin 1S closer to €nanocu than éair, the dispersion
effective permittivity is closer from the actual e,,4n0cy. Therefore, through sedimentation,
the dispersion effective permittivity approaches this value when the layer of nanoparticles
is formed on the sensor surface, and the volume of paraffin is reduced in the near-field
sensed volume.

The effect of compaction can explain the permittivity of Cu-NP powder, and this
explanation can also be extended to Fe-NP. Nevertheless, as is depicted in Figure 9, both the
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relative permittivity and the loss tangent are significantly greater than dry Cu nanopowder
(Figure 8). In addition, this acute amplitude loss could be related to the ferromagnetic
properties of Fe-NP. Thus, the dry Fe nanopowder response is also a lower-bound estima-
tion, but due to its dielectric properties, it is measured beyond the paraffin response and
does not seem contradictory, as happened with the Cu nanopowder lower-bound. On the
other hand, as expected, the frequency response of Fe-NP dispersion is relatively close
to Cu-NP dispersion since the main component of both is the liquid paraffin (Figure 9).
However, the slight differences between both dispersions are due to the dielectric properties
of each NP. Indeed, even if the concentration of Fe-NP (15mg/mL) is lower than the Cu-NP
concentration, the frequency shift is more pronounced for NP-Fe. It must be noted that the
Fe-NP 20 mg/mL concentration was over-saturated, and it was diluted to 15mg/mL for
this comparison analysis.

| pe Fe 15mg/ml dispersion (t=0)

Fe 15mg/ml dispersion
after sedimentation (t=1.5h)

—— Olive all
—— Ethyl Ether

47

tando.ve = 0.045

tan6eryer = 0.026 %

2.15 2.20 2.25 2.30
Frequency (GHz)

Figure 9. Sensor resonance curves for Fe nanopowder.

Despite these differences between paraffin dispersions, their dielectric response is
within the boundaries of the reference solvents. While the relative permittivity varies
between the values of paraffin oil [28] and olive oil [30] (¢, = 2.13 to 2.92), the loss tangent
is limited by the hexane [29] and ethyl ether [31] electromagnetic losses (tand = 0.0022
to 0.026). Likewise, the dielectric studies performed by Mergos et al. show similar slight
permittivity differences between paraffin dispersions [28].

3.2. The Effect of Concentration on the Nanoparticle Sedimentation

Figure 10 shows that the resonance frequency for paraffin remains constant over time;
consequently, its value can be taken as a baseline for comparison purposes, which reveals a
negligible sensor drift around 3 MHz. All Cu-NPs dispersions show a steep decrease in
the resonance frequency during the first hour; afterward, the effect of sedimentation on
the sensor is asymptotically reduced up to a steady state value. When the concentration of
the Cu dispersion is lower, e.g., see the cases considering 5 and 10 mg/mL concentrations,
the initial resonance frequency is within the range of liquid paraffin signals, proving that
the dielectric effect of nanoparticles in the bulk liquid is minimal. Indeed, after 3 h the Cu
5mg/mL layer value is almost below the detection limit of the sensor. Therefore, for lower
concentrations, we expect that the formed NPs layer would not have enough impact on
the permittivity measured by the sensor. However, the variation of resonance frequency
due to the sedimentation is still noticeable even though the resonance frequencies for both
dispersions overlap with the paraffin one.
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2.240
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The sedimentation curve is steeper for higher concentrations, such as Cu 15 or
20 mg/mL, in comparison to Cu 5 or 10 mg/mL. Moreover, the agglomeration between the
particles, which is not studied within this paper, could play a relevant role in determining a
quicker sedimentation at higher NPs concentrations. It should be noted that Cu 30 mg/mL
was over-saturated after sonication, and sedimented particles were observed at the bottom
of the tube. For this reason, the Cu 30 mg/mL signal is quite similar to Cu 20mg/mL,
which is very close to saturation.

—— Cu 5mg/ml

—— Cu 10mg/mi

0.5

Cu 15mg/mi
--------- Cu 20mg/ml
——- Cu 30mg/ml
——- Paraffin

1.0 1.5 2.0 25 3.0
Time (h)

Figure 10. Resonance frequency versus time in the case of different concentrations of Cu nanopowder.

In contrast, the Cu-NP sedimentation within the sonication tubes shows less notice-
able changes in the 3-h interval (Figure 11). Indeed, the complete sedimentation time
is considerably longer; even after 6 h, most of the NP are still dispersed in the paraffin.
This long operation time has been the main drawback of sedimentation techniques for
NP characterization, such as measuring the bulk fluid with absorption spectroscopy [32].
However, the measured sedimentation profiles indicate that the SRR sensor can achieve a
faster detection time since it aims to measure only the bottom thin layer made by the first
NP sedimented. In combination with the high sensitivity in the near-field from the SRR
surface, the sensor does not require waiting until the sedimentation is finally complete.

Figure 11. Cu-NP dispersion (15 mg/mL) at different times after sonication; the green boxes show
the liquid volume that is starting to become transparent due to sedimentation.
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On the other hand, Figure 12 shows a similar sedimentation dynamic in the case of Fe
dispersion samples. The main difference is that Fe dispersion requires a lower concentration
to achieve a resonance frequency similar to Cu sedimentation curves. These results match
with the dielectric characterization of nanopowders. For example, Fe 10 mg/mL dispersion
has a similar resonance frequency to Cu 15mg/mL, and the previous detection limit is
reduced from Cu 5mg/mL to Fe 2.2mg/mL. In addition, Fe 15mg/mL achieves a higher
frequency than Cu 20 mg/mL, with both concentrations being the saturation limit of each
nanopowder. This difference in solubility is directly related to the properties and can be
determined with the SSR sensor.

—— Fe 2.2mg/ml
Fe 5mg/ml
......... Fe 10mg/ml
—— Fe 15mg/ml
——- Paraffin

2.255 |

2.250

Resonance Frequency (GHz)

2.245

2.240
0.5 1.0 1.5 2.0 25 3.0

Time (h)
Figure 12. Resonance frequency versus time in the case of different concentrations of Fe nanopowder.

Both Figures 10 and 12 show a decay of the resonance frequency measured by the
SSR sensor as a function of the time, which is consistent with the conceptional principle
described in Section 2.1. We recall that, according to Equation (1), c changes vs. t, finally
reaching an equilibrium distribution for ¢ — co. We interpret this occurrence as the
deposition of NPs to form a growing layer on the sensor surface. As the layer grows, the
average relative permittivity in the sensor sensitive region increases too, thus decreasing
the value of the measured resonance frequency. Looking at Figures 10 and 12, we can
observe a qualitative agreement vs. t between f and 1/c¢, presented in Figure 13.

In particular, the higher is the initial concentration, the lower the equilibrium resonance
frequency is obtained. However, experimental results indicate a faster frequency decay
right from the onset of the process as a function of the initial NPs concentration. We
also notice that a faster decay appears by simulating larger particles utilizing the Mason—
Weaver model (see Figure 13). Hence, we infer that such a decay could arise due to particle
clustering, which is likely influenced by the solid phase concentration [33]. Although
Equation (1) model is not able to take into account such a phenomenon, it offers a simple
yet reliable basis for discussion, substantially contributing to the validation of our results.
In this context, the SSR sensor has demonstrated the capability of carrying out relevant
information on the sedimentation dynamic, and hence of the NPs properties and their
concentration, through the analysis of the medium resonance frequency, thus highlighting
the potential of the proposed technique for characterizing metallic nanopowders.
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Figure 13. Example of 1/c¢ calculated at x = 0.1 mm. ¢(#) is obtained by solving the Mason-Weaver
equation with T = 300K, and various initial concentration and particle diameters.

4. Conclusions

We studied the effect of sedimentation of NPs in a viscous media through the mea-
surement of the electrical characteristics of the paraffin-NPs dispersion over time through
an MW sensor. The sensor is based on two SSRs coupled to a printed TL, and it operates in
the MW regime. A resonant notch is observed in the reflection coefficient of the sensor. The
resonant frequency depends on the materials deposited over the sensor surface. In partic-
ular, several dispersed solution samples were prepared by employing Cu- and Fe-based
nanoparticles and paraffin oil. The NPs used in the experiments have been produced via
a wire explosion process. During the experiments, we observed a reduction in resonance
frequency and signal reflection over time, both attributed to the impact of sedimentation
on the dispersed solution properties. Moreover, all the sedimentation profiles converge
after 3 h, suggesting that the nanoparticle layer measurable by the SRR is completed at
that time. Therefore, the methodology proposed in this research is a relative fast technique
to characterize nanoparticles. Indeed, our investigation enabled the differentiation of dis-
tinct patterns arising from varied types and concentrations of nanopowders within the
solution. Therefore, we used the Mason—-Weaver model as a basis for the discussion of
the results. These insights point to the possibility of using MW sensors to characterize
the outcome of nanopowders production. Although the results are indeed quite tied to
the structure of the specific sensor and require a uniform preparation of the sample, the
repeatability is high, and the differences between different types or concentrations of NPs
are clearly detectable with few parameters like time constant and final steady-state value of
the resonance frequency evolution.

The results of this research also suggest that a concentration around 10 mg/mL is the
most optimal for characterizing Fe-NP and Cu-NP due to a compromise between dielectric
response and product waste. Moreover, measuring the sedimentation with the SRR sensor
could reveal other NP characteristics beyond dispersion concentration or chemical com-
position. For example, the particle size could be estimated since the sedimentation time
depends on the gravitational pull, which will be stronger for larger particles. In addition,
the microwave sensor technology could be improved by implementing low-cost electronics
and machine learning techniques [34], thus reinforcing its suitability as a characterization
method. In conclusion, the methodology proposed in this research is a solid and faster
alternative for characterizing nanoparticles and avoiding complex instrumentation.
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Simple Summary: Glycerin is an organic substance used as an ingredient for many industries, in-
cluding pharmaceuticals and cosmetics, but also, glycerin is an important product during biodiesel
refining. Accurate and real-time sensors are needed to improve the industrial process; therefore,
we proposed a workflow to measure concentrations of glycerin using a microwave sensor enhanced
by machine learning models. We tested this methodology with complex electronic instrumentation
and a designed low-cost portable electronic reader. As a result, we found that both devices achieved
excellent and similar performance. These findings are valuable since monitoring the glycerin concen-
tration may help to increase efficiency and reduce costs in the industry. In addition, the methodology
proposed in this study could be applied to any sensor, making it a valuable contribution to liquid
analysis with microwave sensors.

Abstract: Glycerin is a versatile organic molecule widely used in the pharmaceutical, food, and cos-
metic industries, but it also has a central role in biodiesel refining. This research proposes a dielectric
resonator (DR) sensor with a small cavity to classify glycerin solutions. A commercial VNA and a
novel low-cost portable electronic reader were tested and compared to evaluate the sensor perfor-
mance. Within a relative permittivity range of 1 to 78.3, measurements of air and nine distinct glyc-
erin concentrations were taken. Both devices achieved excellent accuracy (98-100%) using Principal
Component Analysis (PCA) and Support Vector Machine (SVM). In addition, permittivity estimation
using Support Vector Regressor (SVR) achieved low RMSE values, around 0.6 for the VNA dataset
and between 1.2 for the electronic reader. These findings prove that low-cost electronics can match
the results of commercial instrumentation using machine learning techniques.

Keywords: dielectric resonator; microwave sensor; machine learning; dielectric characterization;
glycerin purification; low-cost electronics; arduino

1. Introduction

Pure glycerol, a colorless, odorless, viscous liquid with unique physical and chemi-
cal characteristics, is one of the most versatile organic molecules [1]. Glycerol can work
as a humectant, sweetener, or even a solvent, and consequently, it is widely used in the
pharmaceutical, food, and cosmetic industries. Moreover, glycerol is commonly used as
a constituent or reactive element in synthesis reactions for the chemical industry [2,3]. In
addition, glycerol is a crucial part of the structure of organic matter as the molecular base
of fats or triglycerides, the main energy reservoir for animals and vegetables. However,
pure glycerol is hard to extract and is usually diluted in water in a solution called glyc-
erin, which is also soluble in alcohols. In contrast, it is insoluble in hydrocarbons and only
partially soluble in many organic solvents.
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On the other hand, crude glycerin (80%) is a primary by-product of biodiesel produc-
tion from refined vegetable oils. Indeed, nowadays, this process is the principal source
of pure glycerin (95-99%). However, the glycerin extracted must be separated and pu-
rified before being used for industrial applications [4]. Similarly, low-quality biodiesel
due to inadequate purification involves some risk of critical engine issues, such as filter
clogging or injector coking [5]. In conclusion, products with glycerin and biodiesel de-
mand accurate and real-time sensing tools to characterize glycerin purity during refining.
This paper aims to present a system for measuring glycerin solution permittivity with a
Dielectric Resonator (DR) sensor excited by microwave signals created with off-the-shelf
electronic components.

Microwave (MW) sensors are a cost-effective and adaptable solution for identifying
and measuring substances. From an electronic point of view, MW sensors can be mod-
eled as an RLC high-frequency circuit that functions as a notch filter with a high Q factor.
These sensors are sensitive to changes in capacitance, leading to a shift in the resonance
frequency [6]. The effective permittivity of the medium surrounding the DR is intimately
related to the resonator capacitance. In sum, the DR is an indirect detector for substances
with permittivity values greater than air, which is usually the reference medium [7]. This
study aimed to detect changes in glycerin concentration by observing the effect on the DR
resonance frequency, as each solution has a distinct complex permittivity value.

One of the main advantages of DR sensors is their straightforward fabrication, as
they are usually made of a bulk dielectric material with a regular geometry, most com-
monly cylindrical. The material’s physical dimensions and relative permittivity tune its
resonance behavior over a narrow frequency range [8]. In addition, a DR is an ideal MW
radiating device with minimum conduction losses and high radiation efficiency on a 3D
surface [9]. Moreover, DR sensors are an attractive choice for developing low-cost detec-
tion devices since they could be fully passive, avoiding the requirement of batteries to feed
the sensor [10]. Other resonant technologies have been proposed for sensing liquids in the
microwave region. In particular, split-ring resonators are the most popular sensors, as
reported in several reviews in the last few years [7,11,12]. However, these technologies
are primarily planar designs generally oriented for microfluidic or submersion applica-
tions since managing fluids demands a specific configuration. Therefore, a cylindrical DR
with a small cavity for drop measurements could be a solid and practical alternative for
liquid analysis.

Sensor calibration is crucial for obtaining accurate and valuable results. This pro-
cess establishes a correlation between the DR sensor signal and the expected measurement
value. Conventional calibration, which involves compiling a measurement dataset, select-
ing relevant variables, and performing statistical analysis [13], presents challenges and
drawbacks that machine learning (ML) can address [14]. ML, a subfield of artificial in-
telligence, focuses on identifying complex patterns within data and then applying that
knowledge to make predictions. The power of ML models to detect correlations inside
these data has the potential to enhance sensor performance, especially in cases with a non-
linear relationship between the analyzed process and the signal acquired [15]. For example,
in this research study, the permittivity of binary mixtures follows a double Debye model
since each solution component has a unique dielectric relaxation [16]. In addition, the cal-
ibration based on fixed parameters, such as resonance frequency, is less optimal and may
introduce bias or variance, reducing the sensor’s performance since these parameters are
not the complete signal information. In contrast, machine learning models pursue a bal-
anced trade-off between variance and bias by considering the complete signal information.
Our objective is to improve the sensitivity of DR sensors by applying ML techniques. We
also aim to create a real-time sensing system capable of automatically detecting slight vari-
ations in permittivity, enabling us to determine the composition of the glycerin solution.

However, all the advantages of DR sensors are strongly reduced due to the electronic
instrumentation systems for high-frequency measurements. For example, a Vector Net-
work Analyzer (VNA) requires a high economic investment but also demands qualified
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personnel and complex calibration, and its bulky size hinders its use for automatic real-
time measurements in industrial environments. In addition, the cost and complexity of
high-end equipment diminish the market penetration of on-site analytical devices in other
fields, such as environmental research [17] or diagnostic devices for point-of-care strate-
gies [18], where DR sensors could be the base of numerous applications. It must be noted
that these limitations have a more severe impact on low-income countries, where the need
for low-cost sensors is more acute [19]. Therefore, it is necessary to reduce the cost and
increase the portability of the electronic equipment to interface with DR sensors. In re-
cent years, the development of the Internet of Things and the enthusiasm for open-source
hardware and software have opened many possibilities for developing low-cost electron-
ics using microcontrollers or microcomputers such as Arduino or Raspberry Pi [20]. These
boards allow I/O control of signals within an embedded system. While commercial de-
vices give strict specifications, open-hardware designs have the inherent advantage of cus-
tomization, allowing the device to adapt to the needs of the analytical objective. We pro-
pose using an Arduino microcontroller and economic MW components to replace the VNA
measurements at a more reasonable price but with comparable performance.

2. Materials and Methods

This section provides a comprehensive description of each step of the DR sensor work-
flow (Figure 1). First, the DR overview and the experimental setup are presented, with
a specific subsection explaining our novel electronic reader components and their func-
tioning. Afterward, the data collection is described, including the measurement protocol
and sample selection process. Finally, this section briefly introduces the ML learning tech-
niques employed, with their respective parameters.

Experimental protocol Signal Acquistion Analysis techniques Model predictions
D 1 SvcC
TOop sample
prparar a
Gly 0% to 80% Building two SVR
Air datasets

Low-cost i
electronic reader m

Figure 1. Summary of the experimental workflow.

2.1. DR Sensor Quverview

The authors presented the DR sensor used in these experiments in a previous study
involving the liquid characterization of water-ethanol binary mixtures [6]. As depicted in
Figure 2, the DR design has a cylindrical structure with a radius d4, = 34 mm and height
h = 8 mm, fabricated using zirconia, a ceramic material with high relative permittivity,
gr =29, and minimal conduction losses. A small cylindrical analysis chamber is placed on
the DR top for drop measurements. The sensor is fed through a microstrip transmission
line (TL) adjusted to 50 (2 and connected to an SMA port. An optimized rectangular slot
was etched on the ground plane to maximize energy transmission and achieve excellent
coupling efficiency.
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ddr

DR
h

Ground
FR4 Substrate
— It

T

Microstrip TL

Figure 2. DR sensor scheme showing the sensor placement on the ground to achieve the coupling
between the DR and the Microstrip TL.

Additionally, a polycarbonate frame was used to fix the DR to the FR4 fiberglass sub-
strate (¢, = 4.4, t = 1.55 mm) to enable coupling stability and measurement reproducibility
(Figure 3). The fundamental HEM; 1y mode is excited inside the DR with a theoretical reso-
nance frequency related to the physical dimensions and material permittivity (1) [6]. Simu-
lation results and experimental observations determined that the DR resonance frequency
on air is 2.473 GHz. The frequency shift is due to the interaction between the electromag-
netic fields inside the DR and the liquid sample inside the analysis chamber, as defined by
the perturbation theory [21].

(fr)no

Tdr 2
2rdnf<17l+ +1578<2h)> 1)

Figure 3. Experimental setup for the DR sensor with a polycarbonate supporting frame and the SMA
connection to the VNA port.

2.2. Electronic Instrumentation: From Vector Network Analyzer to Low-Cost Detection Devices

The main objective of this research study was to compare the DR sensor performance
of an electronic instrumentation device and a novel electronic reader made with low-cost
components. First, the spectra were obtained using the Anritsu MS46122B VNA calibrated
in the frequency range of 2.25-2.55 GHz and with a sampling buffer of 5000 points. The
1-port mode configuration was employed to obtain the reflection coefficient Is111 and fre-
quency values for the ML analysis. The VNA measures established a results baseline to
compare with our designed portable electronic reader and validate its performance. The
electronic reader is an improved design from previous research [22]. Figure 4 shows the
electric circuit with the control, conditioning, and MW sensing modules. An Arduino MKR
WiFi 1010 is the base for the control module for signal generation and acquisition.
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Figure 4. Electric circuit diagram of the electronic reader with all the components involved in the
signal acquisition. This design is divided into three parts: control, conditioning, and MW sensing.

The Arduino DAC generates a sweeping triangular signal (v; in Figure 5), which is
transmitted to the VCO (Minicircuits ZX95-2536C-5+) through a reconditioning circuit to
adapt the input voltage for tuning the output MW signal within the 2.25-2.55 GHz range
(vo in Figure 5). The VCO is connected to a circulator (UiY CC2528 A2400T2500SF) to man-
age the signal direction. Afterward, the MW signal is transmitted to the DR sensor by the
SMA port. Similar to the VNA acquisition, the DR sensor works in reflection: the circu-
lator receives back the reflected MW signal (v3 in Figure 5) and then transmits the signal
to the amplification circuit to increase voltage resolution. Finally, the measured signal is
transmitted to the power detector and then to the Arduino, which digitalizes the signal
converting the power values into voltage units by timestamp (v4 in Figure 5). It must
be noted that the VNA acquires a unique frequency sweep, while the electronic reader
records a signal with several sweeps in the time domain. In addition, each electronic
reader signal for the same glycerine concentration will be desynchronized, adding variance
to the dataset.

(5] Vs vy
| | t

OP-(C B

DAC VCO MW sensor Detector

Y
Y

Figure 5. Signal transformation along the electronic reader workflow: v triangular signal from the
DAC, v, frequency sweep from the VCO, vj reflected signal by the MW sensor, v4 acquired signal
by the Arduino ADC.

2.3. Measurement Protocol

The experiments were performed with air and glycerin solutions that varied from 0%

to 80% in 10% intervals (Table 1). Higher concentrations, such as 90% or pure glycerin

(99%), were not included in the dataset as they were too viscous to ensure the accurate

volume with a micropipette. The measurements were obtained by filling the resonator

59 cavity with a 150 uL volume sample. The resulting VNA dataset includes 100 spectra
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acquired for each solution, while the electronic reader dataset contains 180 signals for every
solution obtained from 35 drop samples with five-six repetitions each, with six seconds of
delay in between. All signals acquired are available in a GitHub public repository (https:
//github.com/MigMH/VNA_ER_GlycerinSolutions accessed on 3 April 2023).

Table 1. List of glycerin solutions tested with their relative permittivity values at 20-21 °C.

&r Maxwell-Garnett Mixing Rule & Literature
Air 1 1

Gly80% 11.17 17.00
Gly70% 13.72 27.45
Gly60% 16.83 39.00
Gly50% 20.72 51.55
Gly40% 25.71 58.78
Gly30% 32.34 65.25
Gly20% 41.61 69.23
Gly10% 55.43 74.32

Water 78.30 78.30

The relative permittivity values for the selected glycerin concentration were extracted
from [23] in the 2.25-2.55 GHz frequency range at 21 °C, varying from 17 to 74.32. In
contrast, the permittivity value for pure water is 78.3 at 20 °C [24]. In order to validate these
experimental results, the permittivity of each solution was estimated using the Maxwell-
Garnett Mixing Rule (2), where ¢, and €, are the dielectric constants of solvent and water,
respectively, and Im/ is the volumetric fraction of the solvent solution in water [25]. Both
permittivity values are drastically different (Table 1); a priori, it is not feasible to determine
if the formula fits these experimental data or if this data is accurate. Unfortunately, to
the author’s knowledge, there are no more references for this glycerin concentration in the
frequency working range. Moreover, other authors [26] measured the same concentrations
with a differential microwave sensor using the same reference permittivity values but at
1.56 GHz. Therefore, as a side objective, this article aims to use the VNA and our low-cost
electronic reader to test which permittivity values fit better with the ML models.

€wat — €50l Vsol
eff sot + 3|m|eqor €wat + 2€501 — [m|(€wat — €so1) I Vvat @

2.4. Analysis Techniques

Implementing ML models demands feature reduction methods due to the high di-
mensionality of the obtained spectral data. For this reason, Principal Component Anal-
ysis (PCA) is employed, a statistical algorithm that identifies the directions of maximum
variability within the data structure and generates a new mathematical space where each
spectrum is projected while retaining essential information [27]. Each spectrum is defined
by a vector in the principal components obtained from PCA [28], and this vector serves
as the input feature for an ML model. The next step was labeling these data with their
corresponding class to perform supervised learning; several models were tested in a pre-
liminary study, such as Random Forest or XGBoost, but Support Vector Machine (SVM)
achieved slightly better performance. This algorithm traces a hyperplane in the data space
to classify each sample, and it is calculated to maximize the separation between classes [29].
The support vectors are the closest data points of each class to the decision boundary, and
since SVM only requires a small number of support vectors to define the hyperplane, it
is a reliable method for working with small datasets [30]. This is a considerable advan-
tage since acquiring a huge dataset is significantly time-consuming. In addition, SVM is a
versatile model, and it can be used for regression as well as classification; in this case, the
model prediction is an estimate of permittivity. The SVM hyperparameters were chosen
using Bayesian optimization: C, which defines the hyperplane exclusion margin, and v,
which regulates the influence distance of a single training point (Table 2). Finally, in or-
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der to prevent overfitting, the dataset was divided into a training set (70%) and a test set
(30%). The K-fold Cross-Validation method was applied during the model training with
k =5 folds [31].

Table 2. ML models hyperparameters for the VNA and the electronic reader (ER).

Model C Y
VNA Classification 2620 0.00087
VNA Regression glycerin (%) 4000 0.01224
VNA Regression mixing rule values 4000 0.01362
VNA Regression literature values 4540 0.01243
ER Classification 4197 0.00100
ER Regression glycerin (%) 10,000 0.00323
ER Regression mixing rule values 9357 0.00623
ER Regression literature values 8247 0.00288

3. Results and Discussion

The main purpose of this section is to compare the ML performance comparison be-
tween the datasets acquired by the VNA and by our low-cost electronic reader. Firstly, we
analyze the signal characterization of each device, with different glycerin solutions. Sec-
ondly, we show how the information within these signals is condensed and projected using
PCA to improve the interpretation. Thirdly, we evaluate and compare the performance of
ML models for the automatic classification of each glycerin concentration. Finally, we es-
timate the solution permittivity and validate the results with two different sources: the
experimental data from [23] and the Maxwell-Garnett mixing rule.

3.1. Signal Characterization

The average spectra of each solution in Figure 6 indicate drastic resonance frequency
changes. Lower glycerin concentrations result in a reduction in the resonance frequency
since the higher volume of water increases the solution permittivity. As glycerin concen-
tration increases, the maximum [s;; | amplitude rises until Gly40%, which approaches the
value of air. Beyond this concentration, the Isj;| amplitude gradually decreases. This
change could be related to the complex interaction between the dielectric relaxation of
glycerol and water. Given that the loss factor affects the resonance amplitude, the DR sen-
sor might actually be measuring complex permittivity. Further research using alternative
dielectric characterization methods would help to acquire a reliable reference to compare
with our sensor results.

2.47 I l

2.48 %

. -
.
=

WATER GLY10 GLY20 GLY30 GLY40 GLYS50 GLYB0 GLY70 GLYBO AR

2450 2475 2500 2525 2550 Label

Frequency (GHz)

Figure 6. VNA average signals (left) and boxplot of the resonance peak distribution (right) for each
glycerin concentration.

The resonance peak distribution was analyzed with a boxplot, where the average
value and the dispersion for each concentration can be easily compared. Figure 6 shows a
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minor overlap between the low glycerin concentrations, which diminishes as the water vol-
ume fraction decreases. Indeed, with concentrations of 40% glycerin and above, each class
peak distribution is entirely isolated. Compared to the previous study of this DR design
with water-ethanol solutions [6], the variance in the concentration has been drastically re-
duced thanks to improvements in the setup and the measurement protocol. According to
these findings, neither the solution permittivity nor the frequency shift (Figure 7) evolves
linearly, in accordance with both the Maxwell-Garnett Mixing Rule and the data extracted
from [23] (Table 1). The resonance behavior of the sensor itself is another factor that helps to
explain this resonance peak distribution; since the resonance frequency shift is a non-linear
function of permittivity. As shown in Figure 7, the frequency shift is more pronounced
when the solution permittivity is closer to the reference (&, = 1); in other words, the shift
increment reduces as the glycerin concentration rises. Both factors seem to impact the
frequency shift significantly and must be considered for future research, especially with
low glycerin concentrations. These effects are far less significant in high concentrations,
such as crude glycerin from biodiesel refining. Other authors in [26] propose a differential
microwave sensor for the same glycerin concentrations, but their results are hardly com-
parable since the sensor design is entirely different and relies on a microfluidic channel
with a pumping system. Although they achieve good sensitivity, their measurements are
based solely on one parameter, the amplitude change in differential signal 1s°C1;|. The
purpose of this paper is not to limit the sensor sensitivity analysis to a single parameter,
the resonance peak shift, but to apply ML to study how the whole signal is affected. Given
that the sensitivity is not a constant since it depends on the resonators’ non-linear behavior,
the accuracy of the ML models would represent a more useful indicator of the DR sensing
capability.

70- \ -20.0
=175

50 = =15.0

IS
S
1

=125

w
S
1

=10.0

Frequency Shift respect to air (MHz)
N
3
1

Frequency Shift respect to prior solution (MHz)

WATER GLY10 GLY20 GLY30 GLY40 GLY50 GLYBO GLY70 GLY80 AIR
Label

Figure 7. Frequency shift variation with respect to the air reference value (purple) and with respect
to the previous glycerin concentration (green). The trend is non-linear since the frequency shift is

more significant for values close to air and more uniform for values close to water.

The periodic signal by the electronic reader resembles a rectified sum of two sinu-
soidal waves. It shows clear differences when the glycerin concentration changes
(Figure 8), but the interpretation is less intuitive than the case of VNA spectra, where the
concentration can be guessed by looking at the peak frequency shift. Nevertheless, it is
possible to spot a pattern; one of the waves has practically vanished in the air signal but
is increasing with the glycerin concentration, reaching the maximum for water. Therefore,
this wave corresponds to lower frequencies closer to the 2.25 GHz margin detected by the
reader (Figure 6). The second wave diminishes from its maximum in the air until remain-
ing steady around Gly 40%; thus, this wave corresponds to higher frequencies around the
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Amplitude (mV)

2.55 GHz margin. However, all the voltage amplitude changes are particularly subtle be-
tween glycerin solutions with similar concentrations. Consequently, the electronic reader
signals would be less helpful in analyzing glycerin solutions without applying PCA or ML.
1000
WATER GLY10 —— GLY20 —— GLY30 —— GLY40

800

23 VA W
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Figure 8. The electronic reader signals examples for each glycerin concentration and air.

3.2. Principal Component Analysis (PCA)

Only two principal components were required for the PCA to condense 99% of the
information within the VNA spectra data. Since the PCA projects the signals into an ab-
stract space, its explainability is typically low. However, in this case, the PCA plot for
the VNA reveals discrete and separate clusters in what seems to be a concentration curve
(Figure 9). When using PCA, the whole signal is considered rather than just the resonance
peak. Therefore, it is simple to distinguish between each glycerin solution without the mi-
nor overlap mentioned before in the boxplot analysis (Figure 6). In conclusion, the PCA
increases the class separability of these spectral data by reducing data dimensions.

label
WATER
GLY10
GLY20
GLY30
GLY40
GLY50
GLY60
GLY70
GLY80
AIR

30

20

® 0000 0 0 0

-50 0 50 100 150
PC1

Figure 9. PCA scatter plot of the VNA spectra.
63
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Because the electronic reader generates desynchronized periodic signals, the PCA de-
mands seven principal components to reach 97% of the explained variance, as opposed to
the PC required by the VNA. VNA projections show clear and distinct clusters (Figure 9),
while the electronic reader projects circular patterns (Figure 10). In particular, the PC1-PC2
plot shows a projection grouped in concentric circles, each corresponding to a glycerin con-
centration, in what appears to be a graduation of permittivity. It must be noted that the
class separability reaches its maximum when considering all the dimensions at once. For
example, the PC1-PC7 plot extends the graduation in another dimension where the solu-
tion differences are incremented. In summary, both acquisition methods show good class
separability in the PCA plots that anticipate positive results in the ML models. For this
reason, the lack of synchronization is very useful to add variability in the model learning
since it reduces bias, but at the cost of increasing the complexity of the SVM model.
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Figure 10. PCA scatter plots of ER signals.

3.3. Glycerin Classification

The SVM classification model achieved excellent accuracy (around 97-99%) for both
the VNA and the electronic reader (Table 3), in accordance with the insights from the PCA.
The confusion matrixes in Figure 11 show barely any contamination between classes. In
contrast, the regression models show some performance differences between both acqui-
sition methods; the Root Mean Squared Error (RMSE) for the electronic reader is between
two and three times bigger than the VNA (Table 3). To the author’s knowledge, there
are no similar experiments measuring glycerin concentration with dielectric resonators or
automatic classification of substances with microwave sensors. However, recent ML appli-
cations for electrochemical and optical biosensors using PCA and SVM have shown results
in accordance with this research [14]. Therefore, these findings reinforce the value of DR
sensors and ML models for classifying glycerin solutions.

3.4. Permittivity Estimation

The glycerin concentrations are labeled as discrete values for the SVM classification
model. However, the Support Vector Regressor (SVR) can be employed to estimate the
glycerin as a continuous variable after relabeling the training dataset and removing the air
samples. The model performance is almost perfect for the VNA with an RMSE of 0.70%
and highly favorable for the electronic reader with an RMSE of 1.93% (Table 3). The box-
plot comparison between both devices in Figure 12 shows that the VNA permittivity es-



Sensors 2023, 23, 3940

11 of 15

65

timations fit the real concentration almost perfectly: the box is almost a flat line, and the
primary source of RMSE is some outliers. In contrast, the electronic reader estimations
are more scattered around the original value since the variance is greater, especially with
glycerin concentrations from 10% to 40%. This result concurs with the PCA plots from the
electronic reader (Figures 9 and 10), where the distance between these concentrations is
minimal. As previously stated, the DR sensor’s non-linear response could reduce sensitiv-
ity when the permittivity sample is significantly higher than air permittivity, as occurs with
low glycerin concentrations. However, for concentrations greater than 40%, the electronic
reader performance is more precise and similar to the VNA performance.

Table 3. ML performance results.

Models VNA Accuracy ER Accuracy
SVM 99.33% 97.41%
VNA RMSE ER RMSE

SVR Glycerin (%) 0.70% 1.93%

SVR mixing rule values 0.629 2.091

SVR literature values 0.599 1.119
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Figure 11. Confusion Matrix for the SVM classification model for the VNA signals (left) and Elec-
tronic Reader signal (right).

Additionally, two further SVR models were trained to estimate solution permittivity
rather than glycerin concentration. Each model was trained with two permittivity sources:
the Maxwell-Garnett Mixing Rule [25] and the values acquired by dielectric spectroscopy
from the literature [23] (Table 1). The VNA achieved excellent and identical performance
with an RMSE close to 0.60 (Table 3) for both permittivity sources (Figures 13 and 14). How-
ever, the VNA dataset hinders the evaluation of the reliability of both permittivity sources
since the excellent class separability helps the SVR models estimate the solution permittiv-
ity independently of the value distribution.

On the other hand, the electronic reader is less precise and more sensitive to perturba-
tions; therefore, both SVR models show distinct estimation patterns. First, the estimations
based on the Maxwell-Garnett mixing rule are almost perfect for low permittivity values,
while for high permittivity, the error is drastically increased (Figure 13). This contrasts
clearly with the SVR model trained with the permittivity values from [23] since these esti-
mations have a more uniform error distribution by class (Figure 14), which are comparable
to the VNAs in all the permittivity ranges. This difference is reflected in the RMSE, 1.119
for the literature SVR model and 2.091 for the Maxwell-Garnett mixing rule SVR model.
In sum, the experimental values seem correct but may be affected by minor experimental
errors. In contrast, the Maxwell-Garnett mixing rule, which is commonly used to estimate
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the permittivity of composite materials with inclusions [32], is probably not optimal for lig-
uid mixtures. This result indicates that the combination of the electronic reader and SVR
models is a good method to evaluate the reliability of mixing formulas or experimental
dielectric characterization.
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Figure 12. Regression model predictions for glycerin (%).
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Figure 13. Permittivity estimations for both devices from an SVR model trained with the permittivity
values from the Maxwell-Garnett mixing rule.
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Figure 14. Permittivity estimations for both devices from an SVR model trained with the permittivity
values found in the literature [23].

4. Conclusions

This study proposed using a dielectric resonator (DR) sensor to determine glycerin so-
lution concentration. A commercial VNA was used to establish a benchmark for the sensor
performance and, thus, validate our designed electronic device. Measurements of air and
nine different glycerin concentrations were taken within a relative permittivity range of
1 to 78.3. Using Support Vector Machine (SVM) and Principal Component Analysis (PCA),
both devices obtained outstanding accuracy (98-100%). Additionally, permittivity estima-
tion using the Support Vector Regressor (SVR) accomplished low RMSE values between
0.6 and 1.2. These results prove that by applying ML with the proposed workflow
(Figure 1), low-cost portable electronics can achieve comparable results to complex elec-
tronic instrumentation equipment. This significant contribution opens many opportuni-
ties for future developments since this workflow is not limited to our DR design and could
be applied to any sensor. These findings also emphasize the DR sensor’s capacity to gener-
ate accurate permittivity estimations. Consequently, if the SVM model is trained with the
correct permittivity data, it could estimate the permittivity of any liquid inside its cavity
chamber. Moreover, this methodology is able to validate any permittivity characterization,
including mixing formulas, which we consider critical since there is a lack of dielectric char-
acterization data for many sensing applications, especially if the sensor work in a narrow
frequency range. In conclusion, the designed DR sensor and the workflow proposed is a
promising combination for crude glycerin analysis in all sectors where glycerin is required.
ML models offer a precise method for analyzing the sensor inputs, making them the ideal
support technology for the DR sensor. In future works, this methodology will be adapted
to new analytical targets and expanded to reach the full potential of this technology.
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The microstructure and solvation mechanics of binary liquids are key for predicting mixture permittivity.
However, since traditional mixing rules do not consider this complexity, they must be modified to address the
mixture characteristics through an interaction factor (k;,,). This paper evaluates this parameter for several mixing
rules, applying Support Vector Regressor models trained with glycerin-water reflective signals acquired with a
Dielectric Resonator sensor. The regression error of these models indicates both the optimal interaction factor
and the mixing rule that fits the most with experimental permittivity values. Kraszewski and Hashin-Shtrikman
mixing rules achieved the best performance with an RMSE of around 1. In addition, this paper suggests that
the interaction factor can be estimated through the molar volume and the dielectric contrast between liquids
(k;,, = 2.67) without acquiring experimental data. Moreover, after analyzing the physical limitations of a linear
modification formula, this paper proposes an alternative based on a Gaussian function that avoids unrealistic
volume fractions. Both contributions enhance mixing rule accuracy and improve the flexibility to model mixture

dielectric behavior.

1. Introduction

Any heterogeneous material is a complex physical-chemical system
with inclusions of another material or different phases of the same mate-
rial. The structural characteristics of these materials such as size, shape,
spatial distribution, or the mutual interaction of the heterogeneities,
are critical to understanding the macroscopic properties. This paper fo-
cuses on dielectric permittivity, which can reveal information about the
intramolecular interaction of mixture components, helping to charac-
terize liquid solutions as well as composite materials [1]. It also has
particular relevance for designing and validating microwave sensors
that measure permittivity changes as a detection method for chemical
or biological samples [2].

Nevertheless, estimating the dielectric permittivity in binary mix-
tures is still challenging, and so far, the best alternative is perform-
ing a direct measurement of the mixture of interest. The open-ended
probe is the most popular dielectric spectroscopy technique for lig-
uid characterization. Connected to a Vector Network Analyzer (VNA),
the coaxial probe is submerged in the liquid sample to measure the

* Corresponding author.
E-mail address: mmonteagudo@comillas.edu (M. Monteagudo Honrubia).
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reflective wave’s scattering parameters in a long range of frequencies
[3]. However, the relationship between the scattering parameters and
the medium permittivity relies on algorithms and the probe equivalent
circuit. Depending on these models, the measured permittivity could
present variations [4]. Moreover, the experimental setup imposes con-
straints in terms of probe dimensions and positioning, sample size, and
frequency range, which affect the method accuracy [5]. The lack of di-
electric data for many binary mixtures hinders the validation of the
measurements. Therefore, a theoretical permittivity estimation would
be useful to contrast any experimental results and detect possible sys-
tematic errors. In addition, this methodology requires expensive equip-
ment, which is not always available, and developing an accurate mixing
rule would be faster and cost-saving to estimate the permittivity of bi-
nary solutions.

First, Section 2 discusses the state-of-the-art of permittivity estima-
tions with mixing rules and their limitations in modeling the dielectric
behavior of binary mixtures. Therefore, this section also introduces a
novel Machine Learning approach for validating and optimizing mixing
rules through an interaction parameter. Section 3 details the data and
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the algorithms employed and discusses two contributions to improve
mixing rules: a formula to estimate the interaction factor through pure
liquid properties and a new Gaussian modification formula. Finally, Sec-
tion 4 shows our approach results for the glycerine-water mixture and
discusses the effect of both contributions to improve permittivity esti-
mation.

2. Theory
2.1. The search for a general solution

In an extensive review, Brosseau [6] summarized the historical ap-
proaches addressing the permittivity estimation of binary mixtures,
from theoretical formulations, using Maxwell’s electromagnetic (EM)
theory, to relatively recent electromagnetic simulations of these mate-
rials. As a result, many formulas have been proposed to estimate the
permittivity of heterostructures from the permittivity value of the pure
compounds without performing experimental measurements [7]; how-
ever, none of them has been proved as a general solution. Indeed, one
of the critical issues detected by Brosseau is the excessive number of
formulas with uneven estimations that hinder their interpretation and
validation.

In general, the formulas aim to calculate the permittivity of an
effective homogeneous medium, which conceptually replaces the het-
erogeneous medium while keeping the same dielectric properties. It
should be noted that this approximation is only valid when the incident
electromagnetic (EM) waves have a wavelength significantly greater
than the dimensions of the inhomogeneities. Besides, many of these
formulas are constructed under the assumption of isotropy, which is
rarely the case for complex materials. However, regardless of their the-
oretical grounding, all these formulas have limited success fitting the
experimental data, thus giving poor permittivity estimations. In con-
trast, other formulas follow an empirical approach, and although they
allow adjusting experimental data, they are limited to specific systems
and cannot be generalized.

As has been observed, most theoretical formulas only work ade-
quately for a minimal fraction of heterogeneities, while for larger vol-
umes of inclusions, the formula’s error becomes excessive [6]. It has
been suggested that these formulas only consider volume fraction or
molar fraction as unique parameters, without indicating the structure
of the mixture or the possible interaction between components. In addi-
tion to the bibliography examined by Brosseau, later works comparing
mixing rules also demonstrate these discrepancies between experimen-
tal data and permittivity estimation [7][8]. However, it should be noted
that the lack of experimental data limits this mixing rule validation, and
the existing data have been extracted with different methods, many of
which lack an estimate of the error.

Qin et al. [9] conducted an extensive review of the calculation of the
electromagnetic properties of composites based on their structural pa-
rameters at the microscopic (atoms and dipoles), mesoscopic (phases,
inclusions, agglomerates), and macroscopic (sample volume) scales.
Knowing the relationship between scales is essential for understand-
ing the propagation of EM waves in these materials and, therefore, for
designing tailored composites for different technological applications.
The importance of the mixture structure is strongly related to the very
definition of permittivity: a physical parameter that indicates the polar-
ization capability of the material and, therefore, how easily its internal
charges can be aligned to the incident electric field [10]. Permittivity
depends on the density and the separation of charges; therefore, the
heterogeneities in a material cause a non-uniform polarization, which
depends not only on the position and distribution of the inclusions, but
also on the electric interaction between them and the solvent matrix
containing them [9]. In conclusion, there is an effective permittivity,
but this can only be accurately calculated by knowing the microstruc-
ture of the mixture and the set of electrical interactions between the
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phases. However, even knowing the geometry, the permittivity calcula-
tion is a high-complexity problem and relies on EM simulation as the
only feasible method.

This problem is particularly complex in the case of liquid solutions
since the fluid microstructure cannot be observed as easily as a solid ma-
terial. Tang et al. [11] analyze the severe difficulties in observing and
determining cluster structures in aqueous solutions, even when spec-
tral techniques or computational simulations are used. The formation
of solute clusters in the primary solvent in aqueous solution defines the
mesostructure and microstructure. This solvation process is determined
by the network of hydrogen bonds and Coulombic forces, which largely
depends on parameters such as chain length and solute concentration,
but also on solution thermodynamic properties [11]. The rearrangement
process can generate different geometries of clusters: spheres, cubes and
chains [12]. The studies reviewed by Tang et al. indicate that con-
formational changes occur at critical concentrations [11]. Therefore,
the microstructure changes (structural transition) should be observed
through trend changes in the permittivity-volume fraction function.
These insights can be extended to other polar solvents as shown by
Pradhan et al. in a review of molecular interactions of non-aqueous
solutions [13]. Moreover, if the solute is also a polar substance, the sys-
tem will undergo a competition between solute-solute, solvent-solute,
and solvent-solvent interactions. In that case, the solvation process will
be too specific to extract a general rule [14].

In summary, defining the exact dielectric behavior of a solution is
a high-complexity problem that has not yet been solved. For this rea-
son, despite the drawbacks discussed in this section, mixing rules seem
the only feasible method for estimating the effective permittivity of bi-
nary liquids. Therefore, new approaches are required to improve mixing
rules, including other parameters to approximate molecular interaction
or microstructure.

2.2. Improving mixture rules, from the thermodynamic approach to
Puranik modification

The works of Reis et al. [15] and Iglesias et al. [1] propose a ther-
modynamic approach to define the ideal dielectric behavior of a mix-
ture. The electric polarization results in the reorientation of the sample
dipoles and is therefore equivalent to an energy change of the system,
allowing the application of thermodynamic formulation. According to
this approach, the ideal permittivity of the mixture is the volume-
fraction weighted average of each component permittivity (1) [15],
being ¢,_p and V,_p the respective volume fraction and volume of
each liquid.

Efdeal =EaPA +HELDY
b= Vi - 1)
AT VeV, B

The ideal value assumes a linear, isotropic, and homogeneous
medium between the parallel plates of a capacitor [16]. The excess be-
tween the ideal and the measured permittivity is strongly related to
the deviation from the ideal thermodynamic behavior. Peon Iglesias
[1] proposed a method to estimate this excess and concluded that it
is mainly attributable to the dielectric contrast (¢ 4/£5) and the effect
of the molecular interaction through electrostatic bonds and induced
dipoles, which none of the traditional formulas consider. The excess
due to variations in the void volume of the mixture is apparently less
significant. Every binary mixture is indeed the mixture of each sub-
stance and the free space between them. This volume can vary due to
the rearrangement of the molecules and interactions upon mixing. If
the void volume increases, the dipole density is sparser; if it decreases,
the dipoles condense. These findings support the idea of modifying the
mixing formulas to model somehow the excess. For example, Puranik et
al. [17] proposed a modification formula (2) to replace the solvent vol-
ume fraction (¢4) by an effective volume fraction (¢ Aeff) through an
interaction parameter (k;,,).
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The interaction parameter k;, aims to synthesize how the in-
tramolecular interactions rearrange the molecules in the mixture struc-
ture, changing the volume fraction. Moreover, this effect should be
practically null in non-polar liquids, giving a k;,, value close to 1 [17].
This is consistent with the insights from the bibliography introduced so
far, which question the suitability of the volume fraction as a parameter
to estimate the mixture permittivity beyond isotropic, ideal, or homo-
geneous liquids [15]. The modification formula was tested to fit the
predictions of Bruggeman’s formula to the permittivity measurements
of water-alcohol mixtures. Unfortunately, the authors did not provide
a deeper theoretical justification for this modification. However, it has
been tested by Amooey et al. [7] and Sarami et al. [8] applying the
modification to compare an extensive list of mixing rules, with positive
results: all the formulas fit their experimental data better. Neverthe-
less, this methodology has two drawbacks. Firstly, the parameter k;,,
is calculated with an optimization algorithm in order to reduce the er-
ror between the experimental and mixing rules values. Therefore, the
reliability of this estimation depends on the quality of the data and
the number of data points measured for each concentration. If data are
scarce, there is a risk of overfitting, and if the data contain systematic
errors, the adjustment will also be wrong. Secondly, each mixture has
a unique k;,, value, and consequently, the modification formula has no
predictive value for new mixtures; therefore, it serves only to validate
known permittivity mixtures.

The first objective of this paper is to present a methodology based on
Machine Learning models to calculate the k;,, value and the effective
volume fraction without the risk of overfitting. The second objective
is to propose a formula to estimate k;,, requiring only pure liquid
properties to fulfill the need for a general predictive formula of binary
mixtures.

2.3. The Machine Learning approach

The starting point for this paper is our previous research [2], in
which a Dielectric Resonator (DR) sensor was used to classify glycer-
ine solutions. While techniques such as the open-ended coaxial probe
acquire a direct permittivity measure, DR sensors detect substances
measuring variations in its resonance frequency, which is closely re-
lated to medium permittivity around the sensor. When a liquid sample
is dropped in a small cavity on top of the sensor, there is a change of
permittivity resulting in a resonance frequency shift that can be de-
tected. Therefore, the signal acquired is an indirect measure of the
liquid permittivity within the narrow frequency range of the sensor
resonant behavior. This change in technology simplifies the measuring
protocol, enabling a faster acquisition and reducing the liquid sample
volume. In addition, the DR sensor is designed to be portable, made of
economical ceramic materials, and used alongside low-cost electronics.
Although the sensor cannot directly measure the permittivity value for
each concentration, the signals clearly indicate permittivity variations
[2].

The initial objective was to develop a regression model that cor-
relates the reflected DR signal to the corresponding permittivity value
of the solution. However, achieving a correct regression prediction re-
quires knowing with precision the real permittivity values as the pre-
dictive variable. Which brings back the key issue of this paper: what
is the permittivity of a binary mixture? Given the lack of dielectric
data for many chemical and biomedical solutions of interest, this can
be a critical issue. To the authors knowledge, there is just one refer-
ence with glycerine-water permittivity measures in the frequency range
of the sensor [18] (Table 1). Consequently, without other experiments
to contrast these values, how far is it reasonable to trust them for a re-
gression model? This problem demands either more experimental data,
which is not always possible, or theoretical or computational models to
contrast with the experimental data.
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Table 1
Permittivity of glycerin-water solutions extracted from [18]
and [25].
Medium € experimental Medium € experimental
Air 1.00 Glycerine 40%  58.78

Glycerine 80%  17.00
Glycerine 70%  27.45 Glycerine 20%  69.23
Glycerine 60%  39.00 Glycerine 10%  74.32
Glycerine 50% 51.55 Water 78.30

Glycerine 30%  65.25

Unfortunately, as was briefly discussed in the previous section, the
use of suboptimal formulas is mostly forced in the case of liquid mix-
tures. However, as was stated before, achieving a correct regression
requires knowing the real permittivity values, which implies that the
regression error will be lower when more realistic permittivity val-
ues are considered within the model. In contrast, the regression error
will increase when these values deviate more from reality. Using this
methodology, this paper aim to evaluate both the experimental data
and the formula predictions. In addition, the optimal interaction factor
(k;,,;) could be estimated by minimizing the regression error. Unlike the
works of Amooey et al. [7] and Saramy et al. [8], optimization algo-
rithms such as Levenburg-Marquarts cannot be employed since the DR
sensor signals do not directly give the mixture permittivity. Thus, the
k;,; cannot be fitted to match the mixing rules estimations with the DR
data.

It must be noted that the success of this method depends on how
this error is measured and the regression technique selected, consid-
ering that DR signals are high-dimensionality data. Linear regression
is a standard method to analyze the relationship between independent
variables or features and a dependent variable, such as the mixture per-
mittivity. As a result, the regression model can predict the outcome of
new input data, even interpolating unseen data points [19]. Neverthe-
less, linear regression is not able to fit non-linear relationships between
the dependent and independent variables and requires more advanced
methods such as LASSO or Ridge regression, which enable polynomial
fitting of m-degree without the risk of overfitting [20]. However, the
main disadvantage of traditional regression is the parametric approach:
any statistical modeling formalizes the relationships between variables
in the form of mathematical equations. In the case of non-linear rela-
tionships, finding a useful model could be challenging, especially when
the number of features or independent variables is too large, as in any
signal analysis problem.

Machine Learning (ML) is a set of computational algorithms that aim
to imitate human learning by developing flexible data-driven models for
identifying complex patterns, including non-linear relationships [21].
In contrast to linear regression, ML models assume a non-parametric
approach where the algorithm is trained to resolve an optimization
problem to fit the data with the model architecture. In a paramet-
ric model, the number of parameters is limited, and the optimization
only finds the set of values that best fits the data. By contrast, in non-
parametric approaches, the model complexity and internal parameters
change according to the training data [22]. As a result of this flexi-
bility, ML models are able to approach a more complex feature space
without human intervention, just learning from the data structure. For
this reason, we propose ML regression as the most suitable approach for
permittivity regression from DR signals. Our previous work [2] tested
the first concept of this approach, but without applying the volume
fraction modification [17], and considering only the Maxwell-Garnett
(MG) mixing rule [23] (3) to compare and validate the experimental
reference with the €/, e1/—Garners €Stimation.

€A EB
€4+2ep—dpley—£p)
We found that the permittivity value differed drastically between

the MG mixing rule and the experimental reference (Table 1), and it was
not possible to determine a priori if either was correct. A Support Vector

3
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Regressor (SVR) model was trained for each permittivity set to estimate
the mixture permittivity. The model performance differed, with a Root
Mean Square Error (RMSE) of 1.119 for the experimental values and
2.091 for the Maxwell-Garnett estimated values, pointing to the mis-
match between this formula with the experimental values. In addition,
while the experimental error was uniformly distributed, the Maxwell-
Garnett permittivity (3) was highly concentrated in the low glycerine
concentrations. This different pattern in the error distribution indicates
that SVR models can validate the fitness of a mixing rule. In this re-
search, this methodology is extended for other mixing rules to perform
a comparative analysis of mixing rules for glycerine solutions with and
without the modification formula proposed by Puranik et al. [17].

3. Methods
3.1. Dataset description

The main dataset for this work was collected during our previous
research [2], testing a microwave Dielectric Resonator (DR) sensor for
classifying glycerine solutions. The dataset is available in a GitHub
repository and includes 180 reflected signals acquired with a low-
cost electronic reader based on Arduino and designed by the authors
[24][dataset]. The dataset contains air and nine distinct glycerine con-
centrations from 0% to 80% in 10% intervals. In order to correlate the
sensor response with the permittivity of these concentrations, reference
values are extracted from the following studies: Meaney P. et al. [18]
for glycerine solutions at 21 °C and Ellison W. et al. for pure water at
20°C [25] (Table 1). Other data extracted from bibliographic references
to validate our approach include: the interaction factors fitted by Pu-
ranik for water-alcohol mixtures [17] (Table 3); the permittivity values
at several concentrations for anisole-alcohol mixtures [26], propanoic
acid mixed with ethyl acetate, ethyl benzoate, and ethyl acrylate [27];
and mixtures of toluene with methanol, ethanol, and propanol [28].

3.2. Machine Learning techniques to predict the mixture permittivity

Due to the high dimensionality of the DR signals, feature reduction
techniques are required to improve the training efficiency of ML models.
Principal Component Analysis (PCA) is a mathematical technique that
detects the directions with greater variability within the data structure
and creates a new mathematical space where each signal is projected.
This method preserves and condenses the information of each signal in a
vector defined by the axes of the new PCA space, which are called prin-
cipal components [29]. This vector will be the input feature (X) used to
train the ML regression model, while the permittivity estimation will be
the training target (y) (Fig. 1). For the glycerine-water mixture dataset,
the number of principals was established at seven, which condense 95%
of the explained variance within the dataset.

Prior screening showed that the most optimal ML model for permit-
tivity regression was Support Vector Regressor (SVR), an extension of
the Support Vector Machine (SVM) classification model. While the SVM
finds the hyperplane in the feature space, which maximizes the sepa-
ration between classes [30], the SVR calculates the hyperplane with a
flexible error margin that defines the volume containing most of the
training data. Thus, the SVR predictions will be inside this volume,
which is optimized through model training to make it as narrow as
possible [31]. This training is tuned by two hyperparameters: C, which
defines the hyperplane exclusion margin, and y, which regulates the
influence distance of a single training point.

The SVR models were implemented with Python using the scikit-
learn library [32]. The radial basis function kernel was selected to learn
the non-linear relationships within the dataset. Bayesian optimization
implemented with scikit-optimize library was used for the hyperparam-
eter tuning [33]. This search algorithm found through training itera-
tions that the hyperparameter combination with the lowest RMSE was
C=7500 and y =0.003. Besides dividing the dataset into train and test
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Fig. 1. Summary of the ML approach for a given mixing formula considering a
k;,, value between 0 and 4. This protocol will be repeated for each formula.

int

to prevent overfitting (70%-30%), the K-fold Cross-Validation method
was applied during the model training with k=5 folds [34].

A set of SVR models were trained to fit the permittivity estimations
given by each mixing rule, considering an interaction factor between
0 and 4. After training, each SVR model is fed with the test dataset to
generate predictions (¥egicreq) (Fig. 1). The RMSE measures the model
accuracy with respect to the test permittivity values (y,,). Therefore,
this score evaluates the performance of each mixing rule for a particular
k;,; interaction value.

3.3. Mixing rule selection

As the literature indicates, finding the best mixing rule may be not
possible since it could depend on the binary mixture. Thus, the aim
of this work is proposing new methods to enhance any mixing rule.
The mixing rule selection to show the fitting improvement is a subset
from the selection made by Sarami et al. [8]. In a preliminary assess-
ment, the whole was tested but all mixing rules show a similar trend but
with displaced values, including high-order mixing rules such as Oster
[35] or Onsager-Bottcher [36], therefore; for clarity, just the first-order
equations were considered. Other mixing rules, such as the Bruggeman
asymmetric [37] or Bottcher-Bordewijk [38], achieved a good fitting;
however, they were not included to avoid an excessive overlap that
made the figures unclear. The final mixing rule selection is a represen-
tative set that cover the range of values between the upper a lower
bound established by the Ideal (1) and Wiener (9) mixing rules. Besides
the Maxwell-Garnett (3) and Ideal (1), the following mixing rules were
considered: Hashin-Strikman (4) [39], Looyenga (5) [40], Peon-Iglesias
(6) [41], Lichtenecker-Rother (7) [42], Kraszewski (8) [43], Wiener (9)
[44].

(€ Hashin—Strikman — €4) _ Pales —€p) )
(€ Hashin—Strikman T 2€B) 3e,

Erooyenga = + $aley)” — e P )

1+ ¢>A((Z—’;) -1

€ Peon-1Iglesias = €ldeal * [1 = 310 W] (6)

€ Lichtenecker—Rochter = 5? * 5(23 (7)

V(€ kraszewsk) = ba * V(€ + b+ V(ep) (€))

L _% + ] 9

EWiener €A €pB

3.4. The Gaussian modification and a novel formula to estimate the
interaction factor

However, the proposed methodology still demands a significative
amount of data acquisition to train the ML models and find the optimal
interaction factor. Therefore, to avoid the need for experimental data,
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Fig. 2. (a) Comparison of the mixing rules permittivity estimations with the experimental values. (b) Boxplot distribution of permittivity predictions from SVR

models trained with different mixing rules.

k,: should ideally be estimated with a formula requiring only pure lig-
uid properties, enabling a priori prediction of the mixture permittivity.
According to Puranik et al. [17] the change in the effective volume frac-
tion is due to the rearrangement of the molecules within the mixture.
This paper proposes that this rearrangement depends on the dielectric
strength but also the size of the molecules involved, and therefore k;,,
could be estimated as a function of the dielectric contrast and molar vol-
ume relation between both liquids (10). Consequently, this estimation
formula considers that the interaction factor is not a constant since the
permittivity depends on the frequency of the incident wave. In addition,
it also depends on thermodynamic conditions since the molar volume is
proportional to the liquid density, which depends on variables such as
temperature or pressure.

gqxVmy

k 10)

g%« Vmpg
To prove this hypothesis, the k;,, estimated for glycerin-water mix-
ture is compared with the k;,, optimal values obtained with the SVR
models for each formula, but also with the interaction factor calculated
by Puranik [17] for several polar binary liquids. Moreover, in order to
test the whole methodology, additional measurements with DR sensor
were taken for water- P EG,, and water-acetone mixtures. Afterwards,
the best SVR models trained with the glycerin-water dielectric data and
the best mixing rule using our k;,, estimation (10) will predict the per-
mittivity of these unseen samples. Finally, the model predictions will be
contrasted with the values given by the mixing rule itself. On the other
hand, as Puranik et al. state in their article, the volume fraction modi-
fication proposed (2) is not based on any theoretical justification [17].
This is a critical issue since all the methods rely on the soundness of the
formula. Therefore, the mathematical domain and the fitness with the
physical conditions of the problem will be analyzed. After studying its
limitations, a new Gaussian modification formula is proposed.

4. Results and discussion
4.1. Mixing rules comparison

Fig. 2a shows the estimated permittivity of the chosen mixing rules
for the glycerin-water mixture. None of them fit either the extracted
experimental values from [18], or the curve shape. The Ideal mixing
rule (1) has the best approximation, despite being a simple line cross-
ing the curve of the experimental values. From the Hashin-Strikman (4)
to the Wiener (9) mixing rules, the estimated values distance progres-
sively from the experimental values. The Wiener mixing rule not only
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Table 2
Comparative performance between standard and modified formulas.
Mixing Rule Initial RMSE &, RMSE,,, [K opi—range]
RMSE, 59,
Ideal (1) 1.365 2.29 0.877 1.93-2.66
0.921
Looyenga (5) 1.820 217 1.182 1.91-2.49
1.241
Peon-Iglesias (6) 1.978 2.21 1.304 1.87-2.45
1.369
Lichtenecker-Rother (7) 2.102 1.99 1.461 1.81-2.37
1.534
Kraszewski (8) 1.696 2.23 1.080 1.93-2.54
1.134
Hashin-Shtrikman (4) 1.579 2.23 1.016 1.93-2.52
1.067
Maxwell-Garnett (3) 2.216 1.88 1.69 1.63-2.12
1.77

differs the most from the experimental curve, showing an unrealistic in-
verted shape, but also, it achieved the worst ML performance, and it
was excluded from the discussion for clarity.

The divergences from the experimental curve are correlated with the
performance of the trained SVR models (Table 2). The lowest RMSE is
reached for the model trained with the experimental values, followed by
the Ideal formula (1). As the mixing rule estimation differs from the ex-
perimental values in Fig. 2a, the RMSE increases. The Maxwell-Garnett
mixing rule (3) used previously in [2] has the second highest RMSE.
These results are represented in the boxplot of the predicted permittiv-
ity for each concentration (Fig. 2b). As is clearly depicted, lower RMSE
implies narrower boxes and a lower standard deviation.

4.2. Interaction factor evaluation

Fig. 3 shows the RMSE as a function of the interaction parameter
k;,;- The experimental set represents a threshold value since it is not
modified. All the mixing rules present a similar trend, reaching a min-
imum RMSE in an optimal region of similar k;,, values (Table 2). This
insight indicates that the interaction factor is a mixture property with
a similar impact on each mixing rule. The mixing rules keep the same
performance order described in the previous section. The Ideal formula
(1) achieves the lowest RMSE, even surpassing the performance of the
experimental value set. The Hashin-Shtrikman (4) and Krazsweki (8)
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Fig. 3. RMSE variation of SVR models trained with different k;, values for
each mixing rule. The vertical red line corresponds to the k,,, estimated with
equation (10).

mixing rules also achieved a lower RMSE error. This overperformance
may indicate that the considered experimental values to train the SVR
could be affected by some measured error.

Table 2 shows that after applying the Puranik modification [17]
each mixing rule has a significant RMSE reduction of around 0.5-0.6.
However, even with this volume fraction modification, the Maxwell-
Garnett mixing rule (3) is still achieving suboptimal results and there-
fore has been excluded from the following discussions. Considering the
remaining mixing formulas, the optimal k;,, has a mean value of 2.18.
According to the parabolic relationship between RMSE and k;,, (Fig. 3),
the RMSE variation is decreasing around the minimum. Considering a
5% error increment (RM SE,;, . sq), an optimal range with a low im-
pact on the SVR performance can be defined between the k;,, values of
1.9-2.5.

However, considering the mean &, = 2.18, which is the center of
the optimal range, the new values estimated by the mixing rules do
not fit the experimental values set either (Fig. 4a). But in contrast to
the unmodified formulas, the new curves tend to surpass the experi-
mental curve. Although the Peon-Iglesias (6) and Lichtenecker-Rother
(7) mixing rules achieved a higher RSME, they fit quite well, especially
for volume fractions (¢ ) higher than 0.4. Unfortunately, the Ideal for-
mula (1), which obtains the lowest RMSE, does not fit properly with the
experimental values.

On the other hand, considering now a k;,; =1.9, at the lower limit
of k;,, optimal range, there is a significant improvement in the match
between mixing rules estimations and experimental data (Fig. 4b). In
this scenario, the Looyenga mixing rule (5) obtains the best balance of
RMSE-fitting. Nevertheless, it is clear that there is not a pure correla-
tion between the RMSE and the mixing rule fitness. The reason why
could be that the regression error reduction is due to the label distribu-
tion rather than the label values. Therefore, similar curve shapes with
different permittivity values will score a similar RMSE as in the case of
Fig. 4a and Fig. 4b. As a consequence, depending on the k;,, within the
optimal range, this method will find the correct mixture permittivity
distribution displaced in a narrow margin.

Following the insights, the boxplot in Fig. 5 compares values 1, 1.9,
and 2.18 of k;,, for the Ideal formula (1), showing slight differences
in standard deviation for each concentration. In contrast, Fig. 6 shows
the fitness of the formulas with a similar RMSE to the experimental set.
In this case, especially for low glycerine concentrations, the predicted
permittivity from SVR models is quite similar, with no significant stan-
dard deviation differences by mixing rule. In any case, since the whole
analysis is biased by the reliability of the experimental values extracted
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Table 3
Summary of interaction factor values for several binary liquids com-
pared with our formula estimation.

Mixture Vi, | Vi, eqleg Ky (171 ki | Ky (10)
Methanol (A) 40.65 32.1 1.66 0.90
Water (B) 18.02 80.1 1.11
Ethanol (A) 59.53 24.5 1.53 0.99
Water (B) 18.02 80.1 1.01
Propanol (A) 74-79 17.9 1.33 0.93
Water (B) 18.02 80.1 1.08
Formamide (A) 33.79 111 -0.10 2.597
Water (B) 18.02 80.1 0.385
DMSO (A) 71.03 46.7 2.65 2.29
Water (B) 18.02 80.1 0.437
Acetophenone (A) 116.88 17.4 2.08 1.394
Ethanol (B) 59.53 24.5 0.717

in [18], whose margin of error is unknown, the low dispersion of SVR
predictions could be within this error.

4.3. A simple but an effective k,,, estimation

Despite the considerable improvement after applying the volume
fraction modification, the main drawback of this methodology is still
its dependency on experimental data to calculate the interaction fac-
tor. Therefore, estimating the interaction factor a priori would be a
significant advantage. Using our estimation formula (10), the interac-
tion factor for glycerin-water mixtures is close to the optimal range of
k;,; achieved by the SVR models (11).

Ewar * Vimyar _ 78.3%18.02
Kipt = = =2.67
gLy *Vmgry  71.23%73.03 an

Kop—syr =11.9,2.5]

In addition, the k;,, values fitted by Puranik [17] for several binary
mixtures were compared with the estimation given by the proposed
formula (10). The results seem promising, with a huge level of concor-
dance between both methods (Table 3). However, more comparisons
should be made to gather more evidence that our formula could give
correct estimations.

4.4. Analyzing the limitations of the volume fraction modification. A new
Gaussian equation to improve permittivity estimations

The core of the previous method is the volume fraction modification
proposed by Puranik et al. [17], which is not based on any theoretical
justification as is stated by the authors. Therefore, its suitability depends
on how well the mathematical formulation (2) is able to model the vol-
ume fraction change due to the interaction between liquids. Under the
assumption of the proposed estimation formula (10), the interaction
factor is the relationship between the pure liquid properties that define
the molecular arrangement. Therefore, if k;,, = 1, the volume fraction
does not change since there is an equilibrium between the properties
of both liquids. The Puranik modification satisfies this condition, and
Fig. 7(a) shows how the effective volume fraction changes when the
equilibrium is broken for several initial solvent volume fractions (¢ ,4).
Thus, if k;,, < 1, the solute liquid (B) will have more influence over the
solvent liquid (A), and ¢ Aot will decrease due to the molecular pack-
ing exerted by liquid B. In contrast, if k;,, > 1, liquid A will have more
influence, and it will expand to compress liquid B, resulting in an incre-
ment of its effective volume fraction (¢ Aef/)' The Puranik modification
shows that these volume fraction variations follow a linear behavior
(Fig. 7(a)). Nevertheless, if k;,, > 2 with this modification formula, the
effective volume fraction will surpass value 1, at a speed depending on
the initial volume fraction of liquid A. This behavior cannot be realis-
tic since ¢4 + ¢p = 1 implies that negative values of ¢ do not have
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a physical mean. This insight is a serious concern about applying the
Puranik modification for high interaction factors and high volume frac-
tions of solvent.

After studying these limitations, we propose a new volume fraction
modification based on a Gaussian formula that satisfies the convergence
to a maximum volume fraction for a high interaction factor and the
equality between the effective and initial volume fraction when there is
no interaction (k;,, =1). The maximum expansion of ¢, due to molec-
ular packing is unknown and should depend on solvent properties.
Nevertheless, the value one is the physical limit, which was considered
the maximum ¢, under the assumption that the k;,, estimation avoids
unrealistic ¢ Ao values due to the “overpacking” of liquid B.

!irgl F(kip, pa) =4

int

-liToo Fkipd)=¢py =1

max
int

(12)

However, these conditions (12) are not fulfilled by one unique func-
tion, in fact there are infinite Gaussian curves defined by the parameter
u in the exponent (13). This parameter tunes the steepness of the Gaus-
sian curve alongside the volume fraction and interaction factor. It was
determined that the optimal value for the glycerine-water mixture is
u=2.
=1= ¢Be—¢i(kim—1)

P4 13)

eff
Fig. 7(b) shows that the new relationship between the interaction
factor and the effective volume fraction is a smooth asymptotic curve
for high-volume fractions of liquid A. In contrast, the relationship is
mostly linear for lower fractions as with the Puranik modification (2)
but with a lower slope. In addition, for k;,, < 2, both modification
formulas perform in a comparable range. It must be noted that the
asymptotic steepness is for u =2, but could be modified to enable a
better adaptation to other liquid mixtures.

In the case of glycerine-water, applying the Gaussian modification
formula with x4 =2 and k;,, =2.67 improves the fitting for all the mix-
ing rules (Fig. 8a). Compared to the Puranik modification (Fig. 4b), the
curve shape of each mixing rule resembles more the sigmoid-like shape
of experimental permittivity values. In addition, the Hashin-Shtrikman
(4) and Kraszewski (8) are still the mixing rules that achieve the best fit-
ting, as pointed out in previous insights. In summary, the combination
of both proposed formulas, the Gaussian modification with the estima-

tion of k;,,, improves the dielectric behavior modeling.
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On the other hand, the Gaussian modification also changes the sen-
sitivity of k;,, on the regression error of SVR predictions. In contrast to
the parabolic behavior from Puranik modification (Fig. 3), the RMSE
is reduced asymptotically to a limit value (Fig. 8b). While the Puranik
modification defines an optimal region, the Gaussian modification es-
tablishes a threshold value. Indeed, for the glycerin-water system, this
threshold coincides with k;,, = 2.67, estimated with the pure liquid
properties (10), for the Hashin-Shtrikman (4) and Kraszewski (8) mixing
rules. Below the threshold, the fitting worsens exponentially (Fig. 9a)
due to the nature of the Gaussian equation. In comparison, for larger
k;,, values beyond the threshold, the fitting deviates slightly (Fig. 9b)
while the RMSE tends to stabilize. Additionally, it must be noted that
the mixing rules keep the same performance order as previous sections,
suggesting that the mixing rule suitability could depend mostly on sol-
vation mechanism of each liquid mixture.
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=2.67 and applying the Gaussian modification. (b) Asymptotic reduction of RMSE for SVR models trained
with mixing rules applying the Gaussian modification. The vertical red line is the k,

threshold estimated by equation (10).

4.5. Validation with other liquid mixtures through other experimental data
from bibliographic references

In order to evaluate if both proposed formulas could be applied to
other liquid mixtures to obtain accurate permittivity estimations, di-
electric data for several solutions were extracted from the following
references: [26], [27], [28]. In addition, this data was used to estimate
the k;,, for each solution (Table 4).

The results vary between mixtures of anisole with several alcohols
[26]; for the anisole-methanol solution, the experimental data and the
modified mixing rules estimations are drastically outfitted (Fig. 10 (a)),
while the anisole-hexanol mixture achieves a perfect fitting with the
Hashin-Shtrikman (4) and Kraszewski (8) mixing rules (Fig. 10 (d)). In-
deed, the fitting seems to worsen as the dielectric contrast increases,
as is shown between the anisole-propanol and anisole-butanol mixtures
in Fig. 10 (b-c). This insight could indicate that the influence of dielec-
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Table 4
Summary of interaction factor values for several binary liquids from the bibliography [23], [24], [25].
Mixture Vm, |Vmg €, eg  kggr Mixture Vmy | Vmg €, | €p kest
Methanol (A) 40.46 30.34 2.521 Propanoic acid (A)  74.98 3.36 0.296
Anisole (B) 108.68 4.48 Ethyl benzoate (B) 143.03 5.94
Propanol (A) 74.8 19.39 2.98 Propanoic acid (A) 74.98 3.36 0.381
Anisole (B) 108.68 4.48 Ethyl acrylate (B) 106.45 6.21
Butanol(A) 91.51 16.02 3.011 Toluene (A) 106.29 2.46 0.193
Anisole (B) 108.68 4.48 Methanol (B) 40.46 33.19
Hexanol (A) 124.61 10.28 2.63 Toluene (A) 106.29 2.46 0.181
Anisole (B) 108.68 4.48 Ethanol (B) 59.53 24.26
Propanoic acid (A) 74.98 3.36 0.428 Toluene (A) 106.29 2.46 0.175
Ethyl acetate (B) 97.68 6.01 Propanol (B) 74.793 19.96

tric contrast should be adjusted to estimate k;,,. However, the dielectric
contrast between glycerine-water is greater than anisole-methanol, yet
the adjustment worked perfectly. Likewise, the interaction factor could
also depend on the solvation mechanisms and therefore, a formula to
estimate k;,, should be designed to address how different types of com-
pounds interact. Although our proposed formula (11) estimates k;,,
correctly for the glycerine-water mixture, improving the formula to in-
clude other parameters could lead to better results for other liquids.

Similar discrepancies can be found in the rest of the liquid mix-
tures analyzed. While the fitting for propanoic acid with ethyl acetate,
ethyl benzoate, and ethyl acrylate [27] was promising, the mismatch
for the mixtures of toluene with methanol, ethanol, and propanol [28]
was very significant. However, changing the exponent in the Gaussian
modification formula can improve the fitting of the mixing rules to
the experimental data. For example, after applying the equation with
u=3 (14), the anisole-propanol and anisole-butanol estimations using
the Ideal mixing rule (1) lead to a better fitting (Fig. 11 (b-c)). In con-
trast, this exponent change hinders the fitting of the anisole-hexanol
mixture (Fig. 11 (d)). In fact, the increment of y moves the curve, ap-
proaching the unmodified ideal mixing rule. On the other hand, the
estimations for the anisole-methanol mixture are slightly improved for
high volume fractions, especially for the Ideal mixing rule (1), but it is
still a bad fitting (Fig. 11 (a)).

=1 ¢pgePakm=D (14)

D4

eff

L5
ba,,,=1- 4’3@_4)" i =1) (15)

eff

In the same way, the mixtures of propanoic acid with ethyl acetate,
ethyl benzoate, and ethyl acrylate slightly improve their fitting with the
Gaussian modifications with g = 1.5 (15) (Fig. 12 (a-c)). In addition,
for the mixtures of toluene-ethanol and toluene-methanol, the Gaussian
modifications with u =3 (14) achieve a reasonable fitting with Looyen-
ga’s mixing rule (5) (Fig. 12 (d-f)).

These results reinforce the idea that the asymptotic steepness from
the Gaussian modification could depend on the mixing behavior. As the
literature indicates, the main drawback to achieving a general mixing
rule is probably the different solvation processes, which are the key
to defining the mixture microstructure and, therefore, the volume frac-
tion and relative permittivity. Probably, the interaction factor cannot
explain by itself the complexity of the mixture permittivity. Therefore,
a multiparametric approach could be the best option to enhance mixing
rules. Additional parameters, such as the factor y, must be considered
to correlate the mixture permittivity with the solvation mechanics and
liquid properties. This approach could be applied to other mathemati-
cal expressions beyond the Gaussian formulation. For example, another
parameter could be included in the linear formulation proposed by Pu-
ranik et al. [17].

82

10

4.6. Validation with other liquid mixtures through DR measures and SVR
predictions

Most articles report dielectric measurements in static and near op-
tic frequencies, to address minimum and maximum relaxation, respec-
tively. As a result, finding dielectric data at specific frequency ranges
for many liquid mixtures is not always possible. Thus, the DR sensor,
in combination with the Machine Learning approach, can be a low-cost
method to validate mixing rules estimations and/or the modification
formulas proposed in this article. To prove this concept, new measure-
ments were performed with our DR sensor for PEG,, and acetone in
water at two concentrations: 30% and 60%. The estimated interaction
factor for the PEG,y,-water mixture (16) differs from the glycerine-
water mixture (11); although the PEG,y, has a lower permittivity
at 2.45 GHz [45] than glycerol, the molecular volume is significantly
larger, resulting in a k;,, < 1. On the other hand, the permittivity of
acetone at 2.45 GHz [46] is four times lower than water, while the
molecular volume ratio is just the inverse of the dielectric contrast.
Thus, the interaction factor for the acetone-water mixture is close to
ki =1 (17), indicating that the volume fraction does not change upon
mixing.

_ Ewar ¥ Vmyar 783 %18.02
" eppg *Vmppg 6.7 %354.61

_twar* Vimy a1 _ 78.3 % 18.02
EACE * VmACE 19.4 x74.034

=0.594 (16)

=0.982

17

After applying PCA, the new mixture signals were analyzed using
two SVR models trained with the glycerin-water mixture. The first was
trained with the permittivity values from the experimental reference
[18]. The second was trained with the estimations from the modified
Hashin-Strihkman (4) mixing rule. This formula was selected because
it achieved the best performance for the glycerine-water mixture and,
therefore, has the best correlation between the sensor response and the
relative permittivity of the liquid sample. The predictions of these mod-
els for both liquid mixtures were compared with the estimations from
the whole set of mixing rules considered in this paper. In agreement
with previous results, there are significant differences between mixing
rules depending on the liquid mixture and its solvation mechanisms.
In the case of the PEG,, solution, the Ideal formula (1) achieved
the best results Fig. 13a. In contrast, for the Acetone solution, the
Kraszewski mixing rule (8) obtained the best fitting (Fig. 13b), with a
trend quite similar to the results. Both SVR models considered for each
binary mixture gave similar predictions; once again showing how well
the modified Hashin-Shtrikman mixing rule (4) models glycerine-water
permittivity.

Finally, it must be noted that these new measurements for acetone
and PEG,, were taken a year after the glycerine-water dataset, which
was used to train the SVR models. However, since the DR sensor was
used for other projects during this period, the air reference signal with-
out a sample has been displaced. This sensor drift was detected after
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Fig. 11. New fitting of permittivity estimations for anisole mixtures after applying the Gaussian modification with y =3 (14).

analyzing the results. Consequently, the predictions for the air refer-
ence present a small shift from the real value (Fig. 13a, Fig. 13b);
this deviation must affect the rest of the measurements. Therefore, SVR
predictions for water-P EG,, and water-acetone could be adjusted by
reducing the permittivity predictions around two points, fitting the ref-
erence air prediction. This modification would slightly improve the
match between the mixing rule estimated £ and the SVR predicted ¢
for acetone 60% and both PEG,,, 60% and 30%, while acetone 30%
deviates slightly. However, despite the sensor drift, the original results
were not modified due to its qualitative information about the potential
of the ML approach to validate mixing rules estimations.

5. Conclusion

Determining the dielectric behavior of a liquid solution is still an un-
solved problem due to the high-complexity relationships between the
liquid microstructure and the solvation mechanics. Traditional mixing
rules must be modified to include this complexity in order to enhance
their accuracy. The literature has proved that considering volume frac-
tion change caused by the molecular interaction can improve the fit-
ting of mixing rules estimations to the experimental values. This paper
presents a novel approach to calculating this interaction factor (k;,;) by
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applying ML regression models trained with glycerin-water reflective
signals acquired with a Dielectric Resonator sensor.

Modifying the mixing rules by applying the volume fraction mod-
ification improved both the SVR performance and the fitting between
estimations and experimental values. Therefore, the model RMSE can
indicate both the optimal range of k;,, and the mixing rule that ob-
tains better estimations for the studied binary mixture. However, this
methodology is limited to validation and is not suitable for a priori
estimations, since it depends on acquired dielectric data. Therefore,
we propose an estimation formula for k;,,, considering only the mo-
lar volume of each liquid and their dielectric contrast (e 4/€3), which
approximately fits both the SVR results and the k;,, estimated by Pu-
ranik et al. for water-alcohol mixtures [17].

After studying the mathematical domain of the Puranik et al. mod-
ification [17], we proposed an alternative method to calculate the
effective volume fraction through a Gaussian function. This new mod-
ification formula fulfills the conditions to obtain a physically realistic
volume fraction for any k;,,. For the glycerine-water mixture, combin-
ing the formulas proposed in this article improved both the experimen-
tal fitting of the Puranik modification [17] and the match between
the minimum RMSE and k;,,. Afterward, the suitability of the Gaus-
sian modification was tested for several binary mixtures, achieving an
optimal fitting for most of them. However, the Gaussian modification
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after applying u =3 (14).

required the additional parameter x to model the dielectric behavior.
The multiparametric approach can help to improve the understanding
of the mixture dielectric behavior. However, the relationship between
the proposed formulas and the nature of the molecular interaction and
the resulting liquid microstructure is still unknown and demands fur-
ther studies.
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Finally, the ML approach was also tested for acetone-water and
P EGy-water mixtures, proving that ML models trained with a specific
mixture, such as glycerine-water, can obtain reasonable permittivity
predictions to validate the mixing rules estimations for other mixtures.
In conclusion, the ML approach is a promising method to validate any
permittivity characterization. Using the SVR models, the interaction fac-
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Fig. 13. Distribution of SVR permittivity predictions compared to the (a) Ideal (1) and (b) Kraszewski (8) estimations.

tor can be estimated for non-direct permittivity measures from resonant
techniques without the risk of overfitting. Therefore, this approach is a
sound alternative to other optimization methods for enhancing mixing
rules.
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CHAPTER 6

INTO THE LATENT SPACE OF
CAPACITIVE SENSORS

6.1. Introduction

Although the results obtained in Chapter 4 were promising, the ML approach
for enhancing sensor performance requires extensive data acquisition to feed
the model training. Indeed, collecting an experimental signal dataset could be
a time-consuming and expensive task, such as in the field of human activity
recognition [1]. This could be a high drawback for many sensors or analytical
applications, even for the designed DR sensor, which is a portable device with a
relatively simple measurement protocol for low liquid volumes. Therefore, this
Chapter proposes to model the capacitive sensor behavior with a Variational
Autoencoder (VAE), a Deep Learning (DL) model to generate synthetic signals
to expand the dataset already collected or interpolate unseen samples, such

as unmeasured glycerin concentrations.
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6.2. The VAE framework

Within the context of capacitive sensors, any measured signal can be con-
sidered as a random sample (z) from the dataset distribution pp(z), which is
an unknown high-dimensional probability distribution and is defined by the
implicit sensor behavior. Thus, in order to generate synthetic samples, Deep
Generative Models (DGMs) must find the best distribution approximation py(x),
parametrized by the model parameters (0) [2]. Due to the high complexity of
this task, the solution adopted by many model architectures consists in trans-
forming the unknown data distribution into an intermediate and simpler prior
distribution, commonly a Gaussian (py(z) = N(0,I)), that defines a lower di-
mension latent space [3]. Therefore, the model must also learn the joint distri-
bution py(z, z), being py(z) the latent distribution that encodes the original data
(6.1) [4]. This is the approach of Variational Autoencoders (VAE), which achieve
the representation learning by solving a Variational Inference (VI) problem to

estimate the posterior distribution py(z|z) [5], [6].

po(7,2) _ po(z)po(z]2) (6.1)

P =L Gl

The VAE framework is based on the autoencoder (AE) architecture (Figure
6.1), which is divided into two modules: an encoder for compressing the input
data in a lower-dimension encoded space, and a decoder to reconstruct the in-
put data from the encoded representation [7]. Indeed, the result of this dimen-
sionality reduction is analogue to a non-linear Principal Component Analysis
[8]. Commonly, both modules have a symmetric design with several neural
network layers, and their weights (¢, §) are optimized simultaneously to reduce
the reconstruction error [9]. If the reconstruction error after training is suffi-
ciently low, the AE will generate realistic copies of the original data, fulfilling
the requirements for many SDG tasks. An optimized AE could replicate signals

of substances or concentrations measured by the capacitive sensor.
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——— Encoder z Decoder —

£,00 = z fo(z) =X’

Figure 6.1: Autoencoder structure showing the deterministic function associated with
each module

However, the basic AE is not a generative model since the learned repre-
sentation barely captures any semantic relationships between latent variables.
Therefore, this lack of meaningful latent variables implies a poor representation
learning, leading to an unregularized latent space that avoids the generation
of new data [10]. Consequently, the data classes are distributed in the latent
space without any logical order, while the space between them would encode
only noise. For example, the sensor signals from two very different substances,
or concentrations, could be coded closely in the latent space, whereas a third
substance, similar to the first, would be completely separated. This disorgani-
zation hinders the sampling of the latent space to interpolate synthetic signals
corresponding to concentrations or substances unmeasured by the sensor. The
VAE framework aims to overcome these drawbacks, adapting the autoencoder
architecture into a probabilistic model where the encoder and decoder estimate

multivariate probability distributions (Figure 6.2) [9].

Encoder

Z; ~ q4(z1x) X'; ~ Po(x12z)

Po(2)

X; ~ qp()

Figure 6.2: Varitional Autoencoder structure showing the probability distribution asso-
ciated with each module

While the decoder learns the joint distribution py(x,y) to sample the latent

space to generate a sample from py, the encoder tries to learn the true poste-
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rior distribution p(z|x), which models the relation between input (z) and latent
(z) variables [6]. However, this distribution is also unknown and intractable;

therefore, it must be approximated by solving a VI problem (Figure 6.3) [8].

Po(zI%) &.. Dy (4(2lx) 11 po (2l))

¢ A inic (z]x)

Q - N(u,log(a®)I)

Figure 6.3: The Variational Inference problem

From an initial estimate ¢, ,(z|x) within a family distribution set, com-
monly gaussian (gs(z|z) = N(u,log(c?)Z), the true posterior can be approxi-
mated through an optimization process by varying the distribution parame-
ters (Figure 6.3) [4]. This search can be performed by the encoder, considering
its neuronal network weights (¢) as the variational parameters [3]. Thus, the
model training through gradient backpropagation can be oriented to maximize
the similarity between py(z|z) and g¢4(z|x) through the Kullback-Leibler diver-
gence (Dg) (Eq. 6.2) [2].

Drcu(as(cAo)lpncle) = [ astelo)tog (2455 dx =By o (“01)] 62

po(z|z) po(z|7)

Nevertheless, since the posterior py(z|r) is unknown, this (Dg) expression
cannot be calculated, and the VI problem therefore requires a reformulation us-
ing the Bayes rule (2) and logarithm properties (Eq. 6.3). Thus, the VAE train-
ing objective can be oriented to maximize the evidence lower bound (ELBO),

which directly improves the encoder by minimizing D (¢s(z|z)||pe(z|x)) [4]. More-
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over, due to the non-negativity of (Dx), the ELBO (noted as L(z, ¢,0)) repre-
sents the lower bound of the data log-likelihood (Eq. 6.4) [6]. Therefore, to
maximizing L(x, ¢, 0) is also equivalent to maximize the log-likelihood (log(py(x)).
In other words, finding the optimal decoder parameters (¢) improves the fitness

of the estimated distribution to the original data.

Q¢<Z|l‘) p@(xaz)
E 1 ) ] —E 1 6.3
. [Og pe<z|x>l o8O (] = Eaytro [ Ceem]
D1 (a0 (212) oo (2]) L(b052)
L(z,¢,0) = Eq,(2z) [log po(7)] — Dr1.(qe(2]7)||pe(2]x)) < log pe(r) (6.4)

Another advantage of the ELBO objective is to enable the optimization of both
set of parameters at the same time through the stochastic gradient descent
(SGD) technique, commonly used for training neural networks [2]. However,
the random nature of latent variables (z) impedes gradient backpropagation
since sampling is a non-differentiable operation. For this reason, Kingma et
al. proposed externalizing the latent randomness through the “reparametrizing
trick” [6]. Thus, the latent vector sampled by the encoder (z ~ g¢4(z|z)) can
be transformed as the combination of Gaussian noise (¢ ~ N(0,Z)) with the

parameters of the posterior distribution (Eq 6.5).

z:u+02-6 (6.5)

6.3. Insights on VAE training: challenges and improvements

The ELBO objective can be rearranged to ease the computation by avoiding
pe(z|x) (Eq. 6.6-6.7); thus, this formulation reveals additional insights about
the performance of VAE training. The first term addresses the reconstruction
fidelity i.e., the decoder output given a latent vector [11]. This factor is concep-
tually equivalent to the traditional autoencoder reconstruction objective. The

(Dk 1) term acts as a regularizer preventing the posterior distribution from di-
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verging too much from the prior (Eq. 6.7). Therefore, maximizing the ELBO
enforce the encoder to learn a latent space that fits a chosen prior distribution
[12]. If it is a Gaussian distribution, then the training will search for latent

vectors that occupy a more centralized and uniform location.

pe(x,Z)}
! e {Og w(zl) | 4o (=l) [10g Po(]2) + log pa(2) — log qg(2|7)] (6.6)
£(p i)
L(6,0;7) = Eq, o [log po(]2)] = Dicr. (g5 (2|2)[|pe(2)) < log py() 6.7)

TV Vv
Reconstruction Regularization

However, both factors can lead to poor training performance due to the con-
trasting effects between terms (Eq. 6.7). For example, improving the recon-
struction could push the encoder to ignore the latent space shape [5]. In con-
trast, prioritizing the KL term could lead to overlapped latent variables that
generate noisy reconstructions [13]. Therefore, the VAE training must be tuned
to find a proper trade-off between both factors. The objective of this Chapter
is to understand how VAEs learn the signals from capacitive sensors in order
to obtain good-quality reconstruction without losing the shape of the latent
space.

There are many approaches to face this challenge [8, 10, 14],but the most
straightforward method is to introduce a parameter in the loss function to tune
the balance between the reconstruction and the regularization term [15]. The
B-VAE architecture reweights the ELBO to ensure that the posterior g,(z|z)
match the prior py(z) when 5 > 1 (Eq. 6.8). Whereas f = 1 is equivalent
to the unmodified VAE, and § < 1 will prioritize the reconstruction over the

regularization.

£VAE = ['RE - 6£DKL (68)
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6.4. Latent space exploration to generate desired samples

Instead of decoding random vectors, how do we generate samples with de-
sired characteristics? This is the problem of latent space exploration, which
consists in understanding how the data classes and features are coded within
the latent space [16]. In the case of capacitive sensors, the objective is to gener-
ate signals corresponding to specific concentrations or substances. Therefore,
random sampling is clearly a suboptimal strategy to find these samples. This
problem is also present in many applications, such as molecular design or drug
discovery, where the randomly generated structures usually miss the desired
properties [17].

Consider a well-regularized latent space where any variable z; from the vector
z ~ p(z) represents a specific data feature. However, due to the lack of explain-
ability from neural networks, finding this relationship can be challenging [18].
Therefore, exploring a high-dimensional latent space requires heuristic search
algorithms to find the latent vector that generates a specific output [19]. For
example, On et al. proposed an evolutionary optimization method to explore
the latent space in order to find new metamaterial designs for microwave ab-
sorbers [20]. The reconstructed designs are scored according to the quality
factor of the simulated spectrum; this evaluation guides the search algorithm
and maps the latent space as a function of the selected score.

Other alternatives aim to incorporate structure in the latent space with con-
ditional models [21] or using label regression to map certain subspaces through
semantic keywords [22]. However, these methods limit the generation to known
classes. Therefore, this work proposes to combine strategies with a Bayesian
optimization search. In any case, it must be noted that the latent dimension
is relevant for the search algorithms, which convergence could be hindered by
too high-dimensional latent spaces. In contrast, if the dimension is too small,
the VAE learning could be underfitted [3]. Consequently, the latent space size

is a key hyperparameter to approach this objective.
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6.5. Materials and Methods

The dataset employed in Chapter 4 is the base for this exploratory analysis
of the VAE framework to generate synthetic signals of capacitive sensors. As a
reminder, the dataset includes signals acquired with a VNA of air and glycerine

concentrations ranging from 0% to 80%.

VAE architecture

The VAE model was implemented with Python using the Tensorflow library
and Keras API. Both modules have a symmetric design made of two Neuronal
Network layers with 50 neurons each and Rectified Linear Unit (ReLU) as acti-
vation function (Figure 6.4). Whereas the Linear activation is employed in the
decoder output layer to reconstruct the signal, indicating that Mean Squared
Error is employed to measure the Reconstruction Error. It should be changed
to the sigmoid function in case of considering the Binary CrossEntropy metric
instead. In addition, batch normalization is applied to ensure stable training.

On the other hand, as suggested by the Principal Component Analysis per-
formed in Chapter 4; a latent space dimension of two is able to condense all the
signal information and facilitate the interpretation of the results. In addtion,
the custom Sampling Layer applies the "re-parametrization trick" to ensure the

stochasticity of the latent vector.
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Figure 6.4: The architecture of the VAE model implemented with Python and Tensorflow.
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Bayesian latent space search

Once the VAE model is trained, the decoder can be employed as a generator of
synthetic signals. Indeed, the decoder can be fed with the latent representation
of the validation dataset in order to generate similar signals. Nevertheless, as
introduced before, selecting the input is not a trivial task since random vectors
are not useful, and employing only the validation dataset limits our generation
capacity. Consequently, this PhD thesis proposes a latent space search based
on the regression error of the reconstructed signals as the score that guides

the optimization search algorithm (Figure 6.5).

Space search
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Figure 6.5: Latent space search guided by the minimization of the regression error of
latent vectors

First, the latent representation of the whole original dataset is employed to
train an ML regression model to relate the latent dimensions to the permittivi-
ty. Thus, the latent space is mapped with a parameter that is known for the
desired vector. Therefore, considering a desired glycerine signal with a known

permittivity ¢,¢, the proposed method searches in the latent space for the vec-
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tor that minimizes the regression error (Figure 6.5). This search is performed
through the Bayesian Optimization algorithm to ensure a fast convergence to
the desired class, which would have a regression error close to zero. In the
results section, the drawbacks and improvements of this search method are

analyzed in detail.

6.6. Results an disscusion

Reconstruccion quality

In total, six VAE models were trained to evaluate the model performance for
several beta values (Table 6.1). Indeed, the results for the validation dataset
coincide with the insights from the literature regarding the balancing between
reconstruction and Dg;, error [5]. While the reconstruction error decreases for

smaller  values, the Dk, error follows the opposite trend.

Beta (/) Reconstruction Errorsgg

Dk Error Dy Error / 5 Total Loss

2.00 0.90 2.43 1.22 3.34 | 2.12
1.50 0.80 2.04 1.36 2.84 | 2.16
1.00 0.55 1.47 1.47 2.02 | 2.02
0.50 0.34 0.88 1.76 2.10 | 1.22
0.10 0.30 0.27 2.70 3.00 | 0.57
0.05 0.26 0.17 3.45 3.71 | 0.43

Table 6.1: Reconstruction and Dg;, Errors for different values of Beta (f3).

Figure 6.6 shows the slight improvement of reducing the balancing parame-
ter § in the average of the reconstructed train signals for each glycerine con-
centration. Although the generation quality is optimal in all the cases, a small
synthetic-original mismatch can be observed for 5 = 1. In contrast, for § = 0.1,
the match between averages is almost perfect. Therefore, the proposed VAE
framework can generate realistic signals of substances that belong to the ori-
ginal dataset and consequently enlarge the dataset by reducing the number of
experiments. Nevertheless, models with values of § > 1 were discarded since

they showed an unacceptable reconstruction error.
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240
Frequency (GHz)

Figure 6.6: Averages of the reconstructed signals compared to the original averages.

While the decoded signals show slight differences, the variation of 5 has a
more relevant impact on the latent space shape (Figure 6.7). For § = 1, the
encoded signals are much more dispersed, blurring the separation between
glycerin concentrations. However, when /5 is reduced, the latent representa-
tions for each glycerin concentration tend to concentrate in clusters, ensuring
separation between classes. The latent space shape is related to the estimated
distribution learned by the VAE (py(z) = N (p, 0)). Thus, lower values of 5 reduce
the penalty for not matching the target prior (py(z) = N(0,1)). The dispersion
of the encoded signals is the consequence of the changes in the parameters
that define the latent space distribution. Specifically, the value of ¢ drops from
0.11 for g =1 to 0.01 for 5 = 0.1. Despite this variation, the Dk error remains
quite stable, probably due to the fact that the VAE manages to converge the

mean distribution to ¢ = 0 regardless of the j§ value.
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Figure 6.7: Latent representation of the training dataset. The changes in the latent
space shape for different values of 5 impact into the class separability.

The value = 0.1 is the most optimal for interpolation since it obtains a bal-
anced compromise between the Dy error and class separability without hin-
dering the reconstruction capability (Figure 6.6), which is resilient to changes

in latent space shape.

Manual search

The most straightforward interpolation approach for generating a specific
synthetic signal is through a visual study of the latent space in order to select
the area of interest. However, this approach is limited to low-dimensional la-
tent spaces. In addition, it lacks generalization since the learned latent space
rotates in each model (Figure 6.7). Despite these limitations, a manual search

is an interesting first step to validate the VAE generation performance.
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The objective of this research is to generate signals of glycerine concentra-
tions unmeasured by the sensor. Therefore, the latent space between clusters
is the target area since the VAE should have learned to encode that area as the
unseen sensor behavior. To prove this hypothesis, several latent vectors re-
presenting points between glycerin concentrations were chosen to be decoded
(Figure 6.8 (left)). Indeed, the generated signals are plotted between the aver-
age signals of the original concentrations (Figure 6.8 (right)). Therefore, they
are plausible interpolations of intermediate concentrations. Nevertheless, the
signals are a bit noisy, indicating a slightly worse reconstruction quality, which

could be improved with a noise filter or reducing the g value.
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Figure 6.8: Selected latent vectors between concentration clusters (left) and the corre-
sponding decoded signals (right).

In the same way, Figure 6.9 explores the latent space between the classes
"AIR" and "GLY80" showing a reasonable progression of signals that could re-
present a gradation of permittivity. However, the interpolation quality is lower
in both shape and noise-signal ratio compared to Figure 6.8. This reduction
of fidelity could be due to the large separation in the latent space, which re-
presents an excessive permittivity shift, hindering the VAE model learning of

the sensor behavior. In contrast, the shorter latent distances, as in Figure
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6.8, demonstrate the potential of VAE models to generate unmeasured classes.
Therefore, a balanced class separability is a key factor, it must allow sufficient
space to interpolate but at the same time not hinder the VAE learning. Class
separability also depends on sensor sensitivity, and therefore, these results
indicate that the interpolation capacity of the VAE framework cannot exceed

the detection limit of the sensor.
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Figure 6.9: Selected latent vectors between the AIR and GLY8O clusters (left) and the
corresponding decoded signals (right).

Bayesian latent space search

The previous approach indicates how to evaluate the results from the Bayesian
latent space search. Consequently, the interpolation method should converge
in the regions between clusters where the target permittivity corresponds to an
intermediate concentration. Since the Bayesian search method was tested to
generate signals with a permittivity of 30, the method should select a latent
vector in the latent space between the glycerin classes of 70% and 60%. The
method was initialized 20 times to evaluate its reproducibility. However, only a
fraction of these vectors converged in the desired area between clusters (Figure
6.10). Likewise, the generated signals show an erratic behavior corresponding

to the disparity of "optimal" latent vectors found by the method.
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Figure 6.10: Optimal latent vectors found by the Bayesian search method that mini-
mizes the regression for ¢, = 30 (left) and the corresponding decoded signals (right).

One of the reasons for this error lies in how the SVR model maps the la-
tent space during the training, which is tuned by the gamma hyperparameter.
Indeed, Figure 6.11 compares two SVR models trained with the same latent
vectors but applying a different gamma. Whereas a high value (y = 3.5) fits bet-
ter the shape of the clusters to minimize the regression error (RMSE = 0.67),
the resulting latent space map is very irregular. In contrast, a lower value of
gamma (7 = 0.1) generates smoother transitions in the latent space but at the
cost of losing prediction accuracy (RMSE = 1.22).

V

Permittivity

-12

Figure 6.11: The effect of v in SVR permittivity predictions within the latent space.
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Nevertheless, it is not clear that sacrificing model precision could achieve
a better convergence. As depicted in Figure 6.11, for both gamma values, the
Bayesian latent explorer successfully converges in regions where the SVR pre-
dicts the requested target permittivity. Therefore, the failure of the proposed
search method is mostly due to the dissonance between the permittivity map
learned by the SVR and the latent space learned by the VAE model. There-
fore, since both models learn different spaces, using only the SVR feedback
to guide the Bayesian search leads to a very inefficient search method. Given
these results, it is proposed to modify the Bayesian Optimization search tar-
get to include the reconstruction error of the closest clusters (Equation 6.9).

Where F is a tuneable factor to correct the error dimension.

e.=SVR(z)  RE = MSE(decoder(z), decoder(zqss))
(6.9)

Zopt = arg min[abs(ez - €target) + F (REclassT + RECZas&L)]
z€R

The new optimization function includes the competition between the recon-
struction errors of the closest concentrations to the target permittivity. Balanc-
ing these errors drives the search method to find the area between both class
clusters (Figure 6.12). Thus, the Bayesian search obtains a better convergence

and more plausible interpolated signals.
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Figure 6.12: New latent vectors found by the improved Bayesian search method with
the new optimization objective (left) and the corresponding decoded signals (right).
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6.7. Conclusions

In the last few years, the VAE framework has lost the spotlight against other
generative models for image generation and large language models (LLMs).
Nevertheless, the results of this Chapter indicate that this model architecture
can be employed for the generation of sensor signals. Since the data structure
of frequency signals is relatively less complex, the VAE advantages, such as
simplicity or fast training, can be exploited without suffering its poor perfor-
mance in comparison to GANs or diffusion models. In conclusion, the VAE
models are the perfect tool for this novel application. On the other hand, the
Bayesian latent space search method proposed in this chapter could be applied
to more complex models and data sources. Therefore, future studies should
test this alternative, performing a comparative analysis with this work and

addressing the potential of this method.
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CHAPTER 7

CONCLUSIONS

According to the papers published during the development of this PhD re-
search, it can be stated that the objectives established at the beginning of this
thesis (Chapter 1) have been covered. The findings of this research not only
provide practical methodologies for improving the performance of Microwave
resonant sensors (Chapters 2,4), but also advance our understanding of the

dielectric behavior of liquid mixtures (Chapter 5).

The main success of this PhD research corresponds to the validation that
low-cost electronics and open-hardware designs supported by ML techniques
can obtain a great performance similar to complex electronic instruments (Chap-
ter 4). Moreover, while commercial instruments come with fixed specifications,
open hardware offers modular and flexible architectures with the inherent
benefit of customization. Thus, the sensor design can be tailored to meet the
requirements of any analytical objective. The insights from this PhD indicate
the advantages of integrating Machine Learning with low-cost platforms such

as Arduino or Raspberry Pi to develop low-cost sensing devices.
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Nevertheless, this PhD research faced certain limitations, such as the lack
of permittivity values in the microwave range for many substances of interest,
hindering the training of ML regression models (Chapter 4). This issue led to a
review of the modification of mixing rules to obtain useful permittivity estima-
tion from the pure liquid characteristics (Chapter 5). Another limitation lies in
the training dataset construction, which requires a significant number of sam-
ples to ensure the model learning. Therefore, this demands time investment
for designing and performing experiments and can critically depend on the
analytical target. The promising results in Chapter 6 offer a complementary
method for reducing costs and time by generating synthetic signals to enlarge
the dataset.

In summary, applying Machine Learning techniques combined with MW
resonant structures has yielded significant contributions to developing low-

cost sensors, which are listed below.

Contributions

* A novel and fast nanoparticle characterization method based on their sed-
imentation dynamics measured by a Square Spiral Resonator sensor. This
method can determine the concentration of nanoparticles and chemical

composition (0O-1 V).

* A workflow based on ML techniques for sensing data for classifying liquids

solution and their relative permittivity estimation (0-2 v').

* A demonstration that low-cost portable electronics can achieve compa-
rable results to complex electronic instrumentation equipment with the

help of ML models for signal analysis (0-2 v).

* A methodology to validate permittivity characterizations based on min-
imizing the regression error of ML models. This approach can also be

applied to select the best mixing rule estimations for a specific binary so-
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lution. In addition, the model error can indicate an optimal range of the
interaction factor that modifies the mixing rules to obtain better permit-

tivity estimations (0-3 v').

* A multiparametric Gaussian modification formula to model the mixture
dielectric behavior improves the match between mixing rule estimations
and experimental values. This formula provides physically realistic vol-
ume fraction modifications, and it is supported by a novel estimation of
the interaction factor through the molar volume ratio and the dielectric

contrast (0-3 V).

* An exploration of Variational Autoencoders representative learning for the
generation of synthetic signals of MW resonant sensors. A solid foun-
dation for future developments to enhance the training datasets for the

previously commented ML workflow for sensors (0-4 V).

Publications

The contributions achieved by this PhD research are collected in this com-

pendium of three articles published in high-impact factors journals:

* (Chapter 3) - "Measuring sedimentation profiles for nanoparticle charac-
terization through a square spiral resonator sensor”, Sensors, vol. 24, no.

9, 2024. (JCR: 3,900 12 (2022) - SJR: 0,764 ql (2022))

* (Chapter 4) - “Low-cost electronics for automatic classification and per-
mittivity estimation of glycerin solutions using a dielectric resonator sensor
and machine learning techniques”, Sensors, vol. 23, no. 8, 2023. (JCR:

3,900 g2 (2022) - SJR: 0,764 ql (2022))

* (Chapter 5) - “A machine learning approach for enhancing permittivity
mixing rules of binary liquids with a gaussian modification and a new
interaction factor estimation”, Journal of Molecular Liquids, vol. 399,

p.-124290, 2024. (JCR: 6,000 ql1 (2022) - SJR: 0,914 q1 (2022))
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In addition, the preliminary results of these works were presented at several

conferences:

* "Automatic classification and permittivity estimation of organic solvents us-
ing a dielectric resonator sensor and machine learning techniques”, XXXVII
Simposio Nacional de la Union Cientifica Internacional de Radio -

URSI 2022, Malaga (Spain). 05-07 September 2022.

* "Automatic classification and permittivity estimation of glycerin solutions
using a dielectric resonator sensor and machine learning techniques”, IEEE
International Instrumentation and Measurement Technology Confer-

ence - I2MTC 2023, Kuala Lumpur (Malaysia). 22-25 May 2023.

* "A Machine Learning approach for the validation and optimization of permit-
tivity mixing rules for binary liquids”, XXXVIII Simposio Nacional de la
Union Cientifica Internacional de Radio - URSI 2023, Caceres (Spain).
13-15 September 2023.

Future research

The contributions of this PhD thesis have opened many interesting research
lines that should be addressed in future works. In the first place, the results of
Chapter 3 suggest that the sedimentation profile measured could reveal other
nanoparticle characteristics, such as particle size distribution. More stud-
ies must be conducted to determine the full capability of this characterization
method. In addition, the workflow to implement ML techniques in sensing ap-
plications developed in Chapter 4 is not limited to the tested devices. Indeed,
this workflow could be applied to any sensor technology, and therefore, it must
be tested with new analytical targets to confirm its versatility and reach its
whole potential.

On the other hand, Chapter 5 explored the dielectric behavior of binary

liquids and how to improve mixing rules to model it. Nevertheless, the re-
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lationship between the proposed Gaussian modification and the nature of the
molecular interaction is still unknown and demands further studies.

Finally, the results in Chapter 6 are promising to enlarge and enhance the
sensor dataset. However, these preliminary insights are only the first steps
in an interesting field that requires exploring Deep Learning architectures to

ensure the interpolation of unseen synthetic signals.
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