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Resumo

A crescente procura de uma monitorizacao personalizada e nao invasiva da saude
no desporto e na reabilitacao fisica acelerou a integragao da inteligéncia artificial (IA)
em tecnologias de detegao vestiveis e ambientais. Esta tese explora o desenvolvimento
e a aplicacao de sistemas suportados por TA que visam realizar otimizacoes na area da
reabilitacao motora.

Uma das principais contribuigoes desta investigacao é a concecao de plataformas de
biossensores portateis capazes de avaliar desequilibrios electroliticos, especificamente con-
centracoes de sodio e potassio no suor, combinadas com a frequéncia cardiaca para apoiar
a gestao da hidratacao em atletas de resisténcia. KEstas plataformas incorporam sen-
sores electroquimicos e sao acopladas a algoritmos de TA que inferem as necessidades
de hidratagao, permitindo recomendagoes personalizadas para prevenir a desidratacao e
melhorar o desempenho.

Para além disso, a tese apresenta um sistema desenvolvido para a andlise da marcha e
da postura. Utilizando técnicas de reconhecimento de padroes baseadas em IA, o sistema
fornece feedback em tempo real num ambiente virtual, apoiando a reabilitagao motora e
a avaliacao do desempenho tanto em contextos desportivos como clinicos.

Os sistemas propostos foram validados em ambientes experimentais e cenarios do
mundo real, demonstrando elevada robustez, facilidade de utilizagao e capacidade de re-
sposta. Esta abordagem interdisciplinar, que combina biossensorizacao, anélise eletroquimica
e inteligéncia artificial, realga o potencial transformador dos sistemas inteligentes de moni-
torizacao da saude nas ciéncias do desporto e na reabilitacao. O trabalho futuro explorara
a expansao destas tecnologias para a gestao de doengas cronicas e aplicagoes mais amplas

de telessaude.

Palavras-chave - Inteligéncia Artificial (IA), Biossensores Vestiveis, Sensores Eletroquimicos,
Monitorizacao Fisiologica, Reabilitacao Motora, Aprendizagem Automaética, Sistemas In-

teligentes de Satde, TeleSaude






Abstract

The growing demand for personalized and non-invasive health monitoring in sports
and physical rehabilitation has accelerated the integration of artificial intelligence (AI)
into wearable and ambient sensing technologies. This thesis explores the development
and application of Al-supported systems designed to achieve optimizations in the field
of motor rehabilitation. One of the main contributions of this research is the design
of portable biosensing platforms capable of assessing electrolyte imbalances—specifically
sodium and potassium concentrations in sweat combined with heart rate, to support hy-
dration management in endurance athletes. These platforms incorporate electrochemical
sensors and are coupled with Al algorithms that infer hydration needs, enabling person-
alized recommendations to prevent dehydration and improve performance. In addition,
the thesis presents a system developed for gait and posture analysis. Using Al-based
pattern recognition techniques, the system provides real-time feedback within a virtual
environment, supporting motor rehabilitation and performance assessment in both sports
and clinical contexts. The proposed systems were validated in experimental settings and
real-world scenarios, demonstrating high robustness, ease of use, and responsiveness. This
interdisciplinary approach, combining biosensing, electrochemical analysis, and artificial
intelligence, highlights the transformative potential of intelligent health-monitoring sys-
tems in sports science and rehabilitation. Future work will explore the expansion of these

technologies to chronic disease management and broader telehealth applications.

Keywords - Artificial Intelligence (AI), Wearable Biosensors, Electrochemical Sen-
sors, Physiological Monitoring, Motor Rehabilitation, Machine Learning, Smart Health
Systems, Telehealth
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CHAPTER 1

Introduction

Biological monitoring is a fundamental aspect of modern healthcare and plays a vi-
tal role in disease prevention, diagnosis, and treatment. The growing demand for non-
invasive, real-time monitoring solutions has driven the advancement of wearable sensor
technologies capable of performing sophisticated biological analyses. These innovations
address key limitations of traditional monitoring methods, which are often invasive, costly,
and inaccessible to broader populations.

This thesis explores the development and application of wearable sensors for non-
intrusive biological analysis, with applications in sweat analysis, hydration monitoring,
and drug-intake tracking. Sweat, as a biofluid, offers a valuable non-invasive means of
assessing key analytes such as electrolytes, metabolites, and drugs, providing real-time
insights into an individual’s physiological state. By integrating advanced materials with
state-of-the-art sensing technologies, these wearable devices enable the continuous mon-
itoring of biochemical and physiological parameters, enhancing healthcare accessibility
and efficiency.

Beyond healthcare, these sensors have applications in optimizing athletic performance
and preventive health strategies. For example, hydration analysis provides critical data
for endurance athletes, helping to prevent dehydration and electrolyte imbalances. Like-
wise, drug-intake monitoring facilitates personalized medication management, improving
adherence and therapeutic outcomes in patients with chronic diseases.

This research investigates the design, development, and evaluation of wearable sensors,
with a particular focus on their applications in sweat analysis, hydration monitoring, and
drug-intake tracking. By explicitly re-examining these domains, the thesis demonstrates
the potential of non-invasive sensing platforms to improve physiological assessment, en-
hance therapeutic management, and support performance optimization.

The two main research areas explored in this study are wearable sensors for real-time
physiological monitoring and virtual environments for physical rehabilitation. Wearable
sensing technologies enable the continuous and non-invasive assessment of key biomarkers

such as glucose, electrolytes, and metabolites, providing valuable insights into hydration
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status and metabolic function while overcoming the limitations of traditional intermit-
tent measurements. Complementarily, virtual environments support motor rehabilitation
by delivering augmented feedback and interactive simulations that enhance therapeutic
engagement and recovery outcomes. Figure 1.1 illustrates these two domains: the left
panel depicts representative wearable sensors, while the right panel shows the integration

of virtual environments into rehabilitation workflows.

FIGURE 1.1. Primary focus areas: wearable smart sensors (left) and virtual
environments for physical rehabilitation applications (right).

The two pillars of this work—wearable sensing and virtual rehabilitation—converge
in an adaptive feedback cycle in which physiological information continuously informs
the rehabilitation process. Wearable devices collect bio-signals such as sweat biomarkers,
heart rate, and temperature, which are processed locally or at the edge to extract mean-
ingful indicators of the user physiological state. These indicators, including hydration
level estimation, electrolyte balance, and physical exertion, are then used to adjust the
behavior of a virtual or extended-reality rehabilitation environment, shaping task diffi-
culty, feedback modalities, and progression in real-time. The user motor performance and
movement data generated within the virtual environment subsequently return to the Al
layer, refining the system recommendations and adaptive strategies. This bidirectional
exchange allows interventions to evolve dynamically, without the need for continuous
clinical oversight.

By combining real-time physiological monitoring with immersive rehabilitation tools,
the study highlights the potential of wearable sensors and virtual environments to support
more personalized and responsive interventions in health and sports contexts. Impor-
tant challenges, nevertheless, persist. Wearable technologies must operate reliably across
varied real-world conditions—from high-intensity athletic scenarios to clinical rehabili-

tation—while maintaining measurement accuracy and user comfort. In addition, sweat
2
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chemistry is inherently complex, and accurately distinguishing specific analytes remains
technically demanding. The research presented here seeks to address these issues through
advances in sensing technologies and adaptive virtual environments, contributing to more

effective and individualized monitoring solutions.

1.1. Background

The healthcare industry has undergone a profound transformation with the integration
of Information Systems (IS). Health Information Systems (HIS) have played a pivotal role
in this shift, revolutionizing the collection, storage, management, and dissemination of
patient data.

The significance of HIS comes from the critical nature of medical data. In this sector,
information is more than just records—it can be the difference between life and death.
Accurate, timely, and accessible patient data significantly impacts healthcare outcomes.

Recent advances in HIS have improved efficiency and patient care by streamlining
workflows, reducing errors, and improving communication among healthcare professionals.
These systems have also promoted a patient-centered approach, allowing individuals to
access their health records easily and take an active role in their care.

With rapid technological progress, IS has evolved beyond data management. The inte-
gration of intelligent sensors and machine learning (ML) algorithms has further expanded
their capabilities, enabling real-time monitoring and advanced analytics in healthcare.

Despite these advances, major challenges remain. The World Health Organization
(WHO) reported in 2020 that the global health workforce reached 65 million, marking a
29% increase since the adoption of the Global Strategy on Human Resources for Health:
Workforce 2030 in 2016 [1]. However, projections indicate a shortage of 15 million health-
care professionals by 2022, with a potential deficit of 10 million by 2030 [1], highlighting
the urgent need for solutions in this field.

This thesis addresses these challenges, regarding the data privacy and the shortage
of healthcare professionals. By integrating intelligent sensors and virtual environments,
the objective is not only to enhance patient care but also to mitigate the impact of
workforce shortages. The research expands on the role of these technologies in healthcare,
exploring their optimization for improved patient outcomes, particularly in the accuracy
and efficiency of data acquisition. In addition, this study examines the opportunities these
innovations present and their contribution to the development of more efficient, effective,

and accessible healthcare systems.
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1.2. Motivation and Framework

Advancements in technology and medicine have significantly increased human life
expectancy. However, improving quality of life is equally important as prolonging its
duration. Chronic health conditions, metabolic imbalances, and inadequate monitoring
of vital physiological parameters continue to impact well-being, emphasizing the need for
timely and efficient healthcare interventions [2]. Despite progress in various fields, many
healthcare monitoring systems still rely on traditional, often invasive methods, lacking
widespread technological integration.

This work focuses on bridging these gaps by leveraging modern technologies to rev-
olutionize nonintrusive health monitoring. By addressing the limitations of conventional
approaches, this research integrates advanced hardware and software components to de-
velop innovative solutions. Key technologies include smart sensors and artificial intelli-
gence (Al), designed to monitor vital signs and biochemical markers, providing actionable
real-time insights to improve individual health outcomes. Applications such as sweat anal-
ysis for hydration and electrolyte balance, metabolic monitoring, and drug-intake tracking
are explored as transformative solutions to current healthcare inefficiencies.

The aging of the global population further reinforces the need for scalable and efficient
healthcare solutions. In 2019, the number of individuals aged 65 and older reached 54.1
million, compared with 39.6 million in 2009, and projections estimate that this figure
will rise to 94.7 million by 2060. Such demographic changes place increasing pressure
on healthcare systems already affected by a shortage of professionals [3]. The projected
growth of the elderly population is depicted in Figure 1.2, emphasizing the urgency of

developing robust and accessible monitoring technologies.
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FIGURE 1.2. Projected increase in the elderly population and its implica-
tions. This chart shows expected population growth in various age groups
until 2060 [4].

Addressing this growing demand requires a two-step strategy: reduce the reliance on
manual healthcare interventions and develop innovative technologies to mitigate workforce
shortages. Al plays a pivotal role in achieving these goals by enabling early diagnosis,
facilitating clinical decision-making, and reducing hospital congestion through efficient
treatment recommendations. The emergence of affordable wearable sensors capable of
monitoring vital signs and biochemical markers has already begun to transform healthcare
delivery [5].

The integration of Al and smart technologies is transforming healthcare across a wide
range of domains, from clinical training and medical research to treatment optimization
and early disease detection [6]. These expanding applications are illustrated in Figure
1.3. By reducing the workload of healthcare professionals, Al systems facilitate more effi-
cient and timely clinical interventions. Complementing these advances, wearable sensors
enhance healthcare quality by enabling real-time monitoring of insulin levels in diabetic
patients, hydration and electrolyte balance in athletes, and cardiac function in individ-
uals with heart conditions [7]. Far from being supplementary tools, these technologies
are becoming essential elements of contemporary healthcare, improving patient outcomes

and overall quality of life.
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F1GURE 1.3. Role of Al and smart technology in reducing healthcare work-
force needs. This figure illustrates the numerous benefits of Al in healthcare,
including training, research, end-of-life care, treatment, decision-making,
diagnosis, early detection, and health maintenance [6].

1.3. Problem Statement and Objectives

The increasing demand for efficient health monitoring systems presents substantial
challenges for the healthcare industry. A growing global population and the rising inci-
dence of chronic diseases highlight the need for real-time monitoring to prevent disease
progression and improve patient outcomes. Yet, traditional healthcare systems often re-
main limited by inflexibility, high operational costs, and restricted accessibility.

Digital healthcare solutions offer benefits and challenges for multiple stakeholders,
including patients, physicians, caregivers, healthcare systems, and the pharmaceutical
sector. These advantages and limitations are summarized in Figure 1.4. Patients gain im-
proved communication with healthcare providers, easier access to treatment information,
and greater involvement in medical decision-making. Nevertheless, obstacles such as lim-
ited technical literacy, the need for training, and concerns over depersonalization remain.
Healthcare professionals and caregivers similarly face challenges related to engagement,
time constraints, and increased workloads. At a systemic level, digital healthcare solu-
tions support preventive care and reduce costs, but their effective adoption requires new
workflows, regulatory frameworks, and integration strategies.

Current health monitoring paradigms are heavily based on manual measurements and

in-person visits, making them inefficient, error-prone, and inaccessible, particularly in
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FIGURE 1.4. Benefits and limitations of digital healthcare solutions [8].

low-resource settings. These limitations highlight the urgent need for technological ad-
vancements that improve accessibility and reliability in health monitoring.

The advent of sophisticated sensor technology and ML presents viable solutions to
these challenges. Wearable sensors and ML algorithms enable real-time health monitoring
by providing continuous and accurate data collection and analysis. Figure 1.5 illustrates
the transformative role of Al in healthcare.

This research focuses on designing wearable systems that integrate smart sensors and
ML algorithms to advance health monitoring methodologies. The proposed systems will
collect and analyze various physiological parameters, such as sweat analytes, hydration
levels, heart rate, and body temperature. ML algorithms will process this data to identify
patterns, detect anomalies, and provide actionable real-time insights. These systems aim
to replace traditional invasive and time-consuming methods with accessible non-invasive
solutions.

Specifically, the study investigates the design and implementation of a wearable biosen-

sor analyzer for biofluid measurement. Sweat, as a readily available and non-invasive
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FIGURE 1.5. The role of Al in healthcare [9].

biofluid, is particularly valuable for monitoring analytes such as electrolytes, metabo-
lites, and hydration levels. Wearable sensors capable of analyzing these markers provide
real-time feedback, enabling personalized healthcare management. ML further improves
data precision, facilitating early disease detection, improved adherence to treatment, and

better health outcomes.

1.3.1. Research Questions

This research seeks to address the following key questions:

e How reliable and feasible are wearable smart sensors in acquiring meaningful
biological and physiological measurements for continuous monitoring?

e How effectively can machine learning algorithms process and analyze data from
these sensors to provide real-time feedback?

e What potential advantages do wearable sensors combined with ML offer in sup-
porting personalized monitoring and management, when compared to traditional
health-assessment approaches?

e Which physiological and biochemical metrics are most relevant for monitoring
hydration status, electrolyte balance, and metabolic condition using wearable

biosensors?
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e How can the combination of wearable biosensing and real-time data analysis
enhance accessibility, usability, and user engagement in physical rehabilitation
and sports-performance contexts?
e What advantages and limitations do the proposed systems present relative to

conventional monitoring or rehabilitation methods?

1.3.2. Objectives

Given the limitations of traditional healthcare monitoring and rehabilitation methods,

the primary objectives are the following.

e Develop solutions that enable non-invasive, real-time monitoring to assess health
status in relation to hydration levels.

e Enhance the accuracy, reliability, and energy efficiency of wearable smart sensors
for continuous use in both clinical and athletic settings.

e Integrate Al to provide personalized health monitoring and rehabilitation.

e Design cost-effective home rehabilitation systems that reduce the need for con-
tinuous physical-therapy supervision.

e Use interactive virtual environments (VR/AR/MR) to increase patient motiva-
tion during motor recovery and improve rehabilitation outcomes.

e Reduce dependence on direct supervision from healthcare professionals by pro-

viding patients with intelligent, sensor-driven feedback.

To fulfill these objectives, the specific contributions proposed in this research include

the following.

(1) Propose novel smart-sensor systems that integrate Al for real-time physiological
monitoring, enabling continuous non-invasive tracking of key biomarkers such as
hydration status, electrolyte balance, and metabolic health. These sensors aim to
overcome the limitations of conventional health monitoring methods by providing
actionable real-time data.

(2) Develop advanced virtual rehabilitation environments incorporating augmented
reality and Al to enhance motor rehabilitation. These interactive systems are in-
tended to improve patient participation, optimize therapy outcomes, and address
the limitations of traditional physiotherapy methods.

(3) Identify technical challenges related to reliability, accuracy, and real-time pro-
cessing of sensor data, ensuring practical implementation in both healthcare and

sports.
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1.4. Thesis Overview

This dissertation begins by introducing the objectives and research questions it seeks
to answer, as well as providing an overview of its structure and the key contributions
made. Chapter 2 provides a comprehensive review of the current state of the art in the
main focus areas of this doctoral research, including intelligent sensors used to monitor
various human activities, such as motor skills, vital signs, muscle movement, and neuro-
logical responses. Chapter 3 outlines the notable advancements achieved in the area of
smart sensors for monitoring bioanalytes and discusses the importance of these develop-
ments. Chapter 4 examines augmented and virtual reality systems, serious games, and
related case studies, surveying the current landscape of these emerging technologies and
their applications. Finally, Chapter 5 offers a comprehensive discussion of the findings
of this dissertation, connecting the discoveries made in this investigation with the initial
objectives and research questions, and exploring the implications of this investigation in

the wider academic and professional community.

1.5. Research contributions

This thesis led to the publication of several peer-reviewed works, including journal
articles, book chapters, and international conference papers. These publications document
the main developments and results of the research, focusing on Al-based solutions for
wearable biosensing, gait analysis, and health monitoring in sports and rehabilitation.
The list of scientific publications is presented below.

Scientific Journals

e JD Pereira, J Monge, O Postolache. Measurement and Applications: Electro-
chemical Sensors and Instruments: Main Characteristics and Applications. IEEE
Instrumentation & Measurement Magazine 27 (1), 18-25

e Monge, J., Ribeiro, G., Raimundo, A., Postolache, O. and Santos, J. (2023). Al-
Based Smart Sensing and AR for Gait Rehabilitation Assessment. Information,
14(7), 355.

e G Ribeiro, J Monge, O Postolache, JMD Pereira. A Novel AI Approach for
Assessing Stress Levels in Patients with Type 2 Diabetes Mellitus Based on the
Acquisition of Physiological Parameters Acquired during Daily Life. Sensors 24
(13), 4175 (2024).
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Articles in international conferences indexed with peer review

e Monge, J. M., Postolache, O., and Pereira, J. (2025, September). Multi-channel
Mobile Potentiostat for Real-Time Multi-Analyte Detection. In 2025 14th In-
ternational Symposium on Advanced Topics in Electrical Engineering (ATEE).
IEEE.

e Monge, J. and Postolache, O. (2018, October). Augmented Reality and Smart
Sensors for Physical Rehabilitation. In 2018 International Conference and Expo-
sition on Electrical And Power Engineering (EPE) (pp. 1010-1014). IEEE.

e Jin, Y., Monge, J., Postolache, O. and Niu, W. (2019, August). Augmented
Reality with Application in Physical Rehabilitation. In 2019 International Con-
ference on Sensing and Instrumentation in IoT Era (1SSI) (pp. 1-6). IEEE.

e Paredes, T. V., Postolache, O., Monge, J. and Girao, P. S. (2021, February). Gait
Rehabilitation System Based on Mixed Reality. In 2021 Telecoms Conference
(ConfTELE) (pp. 1-6). IEEE.

e Neves, J., Postolache, O., Monge, J., and Pereira, J. M. D. (2022, November).
Mixed Reality and [oT for Physical Rehabilitation. In 2022 E-Health and Bio-
engineering Conference (EHB) (pp. 01-06). IEEE.

e Gaspar, M., Postolache, O., Monge, J. and Mendes, J. (2023, March). Aug-
mented Reality Serious Games for Smart Physical Rehabilitation. In 2023 15th
International Symposium on Advanced Topics in Electrical Engineering (ATEE)
(pp. 1-6). IEEE.

e Monge, J., Postolache, O., Alexandre, R., de Fatima Domingues, M., Antunes,
P. and Viegas, V. (2020, May). Fiber Bragg Gratings Solution for Gait Assess-
ment. In 2020 IEEE International Instrumentation and Measurement Technology
Conference (I2MTC) (pp. 1-6). IEEE.

e Monge, J., Postolache, O., Plopa, O., Trandabat, A., Schreiner, O. and Schreiner,
T. (2019, November). Glucose Detection in Sweat Using Biosensors. In 2019 E-
Health and Bioengineering Conference (EHB) (pp. 1-5). IEEE.

e Monge, J., Postolache, O., Trandabat, A., Macovei, S. and Burlacu, R. (2019,
August). Mobile Potentiostat IoT Compatible. In 2019 International Conference

on Sensing and Instrumentation in IoT Era (1SSI) (pp. 1-6). IEEE.
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e Monge, J., Postolache, O., Trandabat, A. and Macovei, S. (2020, October).
Multi-node Potentiostat Device and Multiplatform Mobile Application for On-
field Measurements. In 2020 International Conference and Exposition on Elec-
trical And Power Engineering (EPE) (pp. 695-698). IEEE.

e D Dias, O Postolache, J Monge. Potentiostat Network for Precision Agriculture.
2024 IEEE 22nd Mediterranean Electrotechnical Conference (MELECON), 885—
890.

Book chapters

e Postolache, O., Monge, J., Alexandre, R., Geman, O., Jin, Y. and Postolache, G.
(2021). Virtual Reality and Augmented Reality Technologies for Smart Physical
Rehabilitation. Advanced Systems for Biomedical Applications, 155-180.
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CHAPTER 2

Literature Review

The use of technology has had a major impact on the healthcare industry, particu-
larly in physical rehabilitation and sports medicine. This chapter provides an overview
of the current literature on technologies that have been applied in healthcare, such as
virtual environments (VEs) and smart sensors (SSs). Examine their roles, applications,
and impacts within the healthcare sector, as well as the opportunities and challenges as-
sociated with their use in physical rehabilitation and sports medicine. In addition, the
chapter looks at the intersection of VE and SS and their combined influence on physical
rehabilitation and sports. Finally, it identifies gaps in the existing literature and suggests
avenues for future research. This review of the literature serves as a foundation for the
upcoming research and provides information on how the proposed study will contribute

to academic discourse and greater knowledge in this rapidly evolving field.

2.1. Technology in Healthcare

The adoption of digital technologies in the healthcare industry can improve the perfor-
mance of the main healthcare business processes, particularly those that can be simplified
through information technology. Implementing digital technologies can increase efficiency
and improve the quality of care while reducing response times, providing benefits to a
variety of stakeholders, including national health systems, clinicians, and patients. The
purpose of the research by Laurenza et al. fills a gap in the existing literature by focusing
on the specific implications of the adoption of digital technologies for the management of
business processes by healthcare companies [10]. The healthcare sector is moving toward
"Healthcare 5.0”, a patient-centric digital wellness model that extends beyond Health-
care 4.0 by emphasizing real-time patient monitoring, ambient control and wellness, and
privacy compliance using technologies such as Al, IoT, big data, and assisted networking
channels. However, operational procedures, prediction model viability, resilience, and lack
of ethical and regulatory frameworks are obstacles to achieving this.

Figure 2.1 provides a historical perspective on the evolution of healthcare, following

its progress from Healthcare 1.0 to the envisioned Healthcare 5.0.
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FIGURE 2.1. Historical perspective on healthcare 1.0 to 5.0 [11].

Healthcare 1.0: This phase is the first stage of healthcare, characterized by
traditional, individual-focused healthcare services. Physicians had complete au-
tonomy over the care process, and technology had a minimal role. Most medical
records were physical, and communication was largely face-to-face.

Healthcare 2.0: This stage represented the incorporation of early digital tech-
nologies into the health system. Electronic health records (EHRs) started to
replace physical records, and telecommunication began to facilitate remote con-
sultations. However, these systems were still quite rudimentary and had room
for improvement.

Healthcare 3.0: Healthcare became more patient-centered at this stage. EHRs
became more sophisticated and interoperable, and mobile health (mHealth) ap-
plications began to appear, allowing better patient health tracking and more
personalized care. However, the potential of these technologies was not yet fully
realized.

Healthcare 4.0: Also known as Digital Health, Healthcare 4.0 is characterized
by a significant increase in the use of advanced technologies such as Al (Al),
Internet of Things (IoT), big data analytics and telemedicine. These technologies
enable real-time monitoring, predictive analytics, and personalized healthcare,
resulting in improved patient outcomes and operational efficiency.

Healthcare 5.0: This is the envisioned future of healthcare, often referred to

as "smart healthcare” or "healthcare of the future”. In this stage, the healthcare
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system is expected to become even more patient-centered and seamless. Health-
care 5.0 emphasizes continuous real-time patient monitoring, ambient control,
and wellness. It also prioritizes privacy compliance and is expected to use ex-
plainable AI (EXAI) to make Al-based decisions more transparent and under-
standable.

The integration of digital technologies in healthcare, particularly smart sensors, repre-
sents an exciting frontier of innovation that has remarkable potential to transform health
systems worldwide. Progress in healthcare has been noteworthy; nevertheless, certain gaps
like emotive recognition, lack of personalized health applications, more precision motion
capture, and Al application, deserve attention. In the evolving landscape of connected
health, there is an urgent need for more research and innovative technology to unlock new
opportunities, propelling healthcare towards the 5.0 era of healthcare envisioned [12].

This new era of healthcare offers a complex system of smart disease control, virtual
care, intelligent health management, real-time surveillance, and informed decision making.
This shift is supported by a variety of emerging technologies, such as nanotechnology,
5G technology, drone technology, blockchain, robotics, big data, the IoT, Al and cloud
computing. Healthcare 5.0 imagines services that include remote patient monitoring,
tracking, virtual clinics, emotive telemedicine, and ambient assisted living (AAL), among
others [12, 13].

Despite its transformative potential, the journey towards resilient healthcare 5.0 is
fraught with challenges. Obstacles can range from organizational issues and technological
limitations to inadequate legal and regulatory frameworks. Misalignment with hospital
strategies, insufficient funding, cultural and religious barriers, and individual perceptions
can also pose formidable barriers. Consequently, creating resilient, technology-driven
healthcare systems requires the expansion of technology infrastructure, budgetary provi-
sions based on sustainable business models, formulation of appropriate e-health policies,
standardization and synchronization of protocols, active stakeholder participation and
the promotion of public-private partnerships and investments [14]. The following section
delves into the role, capabilities, and potential of smart sensors, shedding light on their

crucial contribution to shaping the future of healthcare and healthcare delivery.
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2.2. Smart Sensors in healthcare

The healthcare industry is experiencing a transformation due to the use of smart
sensors, which use sophisticated algorithms to collect and evaluate real-time health in-
formation. They provide personalized and proactive care, improve patient outcomes and
mitigate pressure on healthcare resources. Technologies like these promise an increas-
ingly efficient healthcare system where smart sensors filter out unnecessary data, instead
focusing on key patient information. An example of this application is the calculation
of the heart rate variability (HRV), a stress and emotional state indicator, from photo-
plethysmography (PPG) or electrocardiogram (ECG) data. Through the use of intricate
algorithms on their microcontrollers, smart sensors deliver more accurate data [15, 16].

Wearable sensing technology, a rapidly developing branch of smart sensing, is becom-
ing a part of our everyday lives. For example, devices such as smartwatches and bands,
equipped with sensors, offer heart rate monitoring, sleep patterns monitoring, and obser-
vation of other key health indicators. The physical rehabilitation field is seeing growth in
the use of smart textiles or e-textiles, with numerous studies attesting to the benefits of
wearable sensors and textile-based rehabilitation systems in improving patient outcomes
and efficiencies of the rehabilitation process [17, 18, 19, 20].

On the other hand, SensFloor, an innovative smart floor based on the embedded e-
textile and capacitance principle, is a game changer in continuous patient monitoring,
generates critical data for health evaluations in neurology, geriatrics, and rehabilitation,
including gait speed, step count, etc., allowing early intervention by detecting asymmetric
and unstable gait patterns [21]. In addition, it can detect falls and warn users and presents
itself as a non-invasive solution for ALL.

Similarly, e-textiles find applications in improving gait analysis and indoor location
monitoring. For example, Lauterbach et al. proposed a smart floor system using electronic
textiles and pressure sensors for conductive measurements and to assess the plantar force
distribution of the foot during gait [22]. In addition to this, Monge et al. introduced
insoles embedded with an optical fiber sensor network using Fiber Bragg Gratings (FBG)
which provided a wearable solution for plantar force distribution analysis [23].

The role of sensors in healthcare has expanded significantly in recent years. Equipped
with Internet connectivity and sophisticated processing capabilities, many sensors now
enable real-time, unobtrusive individual monitoring and broad data collection in natural

environments. To fully exploit the potential of smart sensors in health research, it is
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essential to understand their fundamental concepts in depth, as outlined in works like
Garatva et al. [16].

Technologies such as Azure Kinect are capable of tracking the upper and lower limbs
by creating a virtual skeleton of users with several joints as presented in Fig. 2.2, which
uses elements of gamification and serious games, show promise in the rehabilitation and
healthcare sectors [24, 25]. Their applications range from hand gesture-based elderly
care [26] to post-stroke rehabilitation [27]. Users should exercise caution when using
these devices. Excessive usage or improper handling of handheld controllers have been
associated with injuries, particularly in systems like the Nintendo Wii [28]. Therefore,
while technology continues to revolutionize healthcare, careful implementation and user

education are key.

FIGURE 2.2. Azure Kinect skeleton tracking example [29].

The increasing use of smartphones equipped with various sensors, as illustrated in Fig.
2.3, alongside fitness bands and smartwatches, has significantly improved the accessibility
of personal health monitoring. This advancement brings a new phase in personal health
monitoring, providing individuals with information on heart rate, sleep patterns, physical
activity, and even stress indicators [30].

In addition, smartphones are increasingly used for health monitoring and diagnosis.
For example, their computing power, sensors, and connectivity have been used to detect

diseases such as Parkinson’s through tremor pattern analysis [32, 33, 34, 35|, and to
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FIGURE 2.3. Smartphone Sensors [31].

manage diabetes through blood glucose tracking and diet recommendation apps [36, 37,
38|.

However, fitness bands and smartwatches have quickly become critical tools for per-
sonal health management will they be capable of acquiring accurate data? They provide
constant real-time health data tracking due to their ubiquitous nature, convenience, and
array of integrated sensors. They have been used successfully to predict health outcomes
and manage chronic cardiac conditions [39, 40, 41, 42].

Despite these advances, challenges remain, such as data privacy and accuracy issues
and the urgent need for rigorous clinical validation of health applications and devices.
Nazarian et al. presented a systematic review of the applications of these devices in the
detection of cardiac irregularities [43], with promising results. However, these highlight
the need for more comprehensive studies and the establishment of clear guidelines to fully

utilize these devices to improve healthcare outcomes.
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2.2.1. Overview of smart sensors and their characteristics

Understanding the realm of smart sensors involves examining their evolution over time
and the innovations they have provided in the rapidly progressing domains of healthcare
and sports science. To fully appreciate their role, we will unravel the nuances and essential
characteristics of smart sensors, delve into their applications within healthcare and en-
durance sports, and shed light on how emerging ML algorithms augment the capacities of
health monitoring systems. This exploration underscores the integral role that real-time
analysis of the human body plays in injury prevention, personalized training, and health
management. In addition, we will examine the pivotal role that edge computing plays in
these fields, with an emphasis on its potential to minimize latency, improve privacy, and
facilitate real-time decision making.

The evolution of sensor technology from Sensor 1.0 to Sensor 4.0 is illustrated in
Figure 2.4, highlighting the progressive increase in sensor complexity and functionality

and its impact on advances in healthcare and endurance sports.

Sensor 4.0 :
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FIGURE 2.4. Evolution of sensor technology [44].

Sensor 1.0 (First Generation): Analog Sensors - Marking the beginning of this
journey, the first-generation sensors primarily produced continuous electrical signals corre-

lating to the measured physical parameters such as temperature, pressure, or acceleration.
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Their primary limitation was their dependence on external circuits for signal condition-
ing and processing, which made them less adaptable and challenging to incorporate into
complex systems.

Sensor 2.0 (Second Generation): Digital Sensors - Second-generation sensors, or
digital sensors, facilitated the transition from analog signals to discrete digital values via
analog-to-digital converters (ADC). This transformative step enabled their seamless inte-
gration with microprocessors and digital control systems, thus enhancing the performance
and dependability of sensor networks.

Sensor 3.0 (Third Generation): Smart Sensors - The evolution of sensor tech-
nology ushered in the era of smart sensors. These third-generation devices amalgamated
sensing elements with signal processing and communication capabilities into a single unit.
Their integrated microprocessors facilitated on-board data processing, calibration, and
self-diagnostics, thereby significantly increasing accuracy, reliability, and functionality.
The ability to communicate with other devices and networks opened up avenues for the
development of intricate and interconnected sensor systems.

Sensor 4.0 (Fourth Generation): Intelligent Sensors - The current age is dom-
inated by ”intelligent sensors”. They extend the capabilities of smart sensors by in-
corporating advanced features such as ML algorithms, adaptive signal processing, and
decision-making capabilities. These sensors can autonomously adapt to environmental
changes, learn from collected data, and make informed decisions. With their improved
performance, versatility, and energy efficiency, intelligent sensors have a broad spectrum
of applications in healthcare and endurance sports.

The progression from Sensor 1.0 to Sensor 4.0 represents a significant technological
leap. The transition from simple analog devices to intelligent sensors equipped with
onboard processing and decision-making capabilities has facilitated more precise, reli-
able, and efficient monitoring and analysis of human body characteristics in healthcare
and sports science. As sensor technology advances, we anticipate further developments
in real-time human body analysis, which could improve health and performance out-
comes. This comprehensive understanding of sensor technology’s evolution provides a
robust foundation for exploring its applications and impact in physical rehabilitation and

sports medicine.
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2.2.2. IEEE 1451 Standard

Continuing the trajectory of smart sensors, their development journey has seen remark-
able progress from inception, with applications significantly extending into healthcare and
endurance sports. An integral part of this progress was marked by the adoption of the
IEEE 1451 standard. This standard, developed by the Institute of Electrical and Elec-
tronics Engineers (IEEE), responded to the pressing need for a unified and standardized
approach to the interface of sensors and actuators with microprocessors, control systems,
and networks [45].

The IEEE 1451 standard was introduced with the objective of streamlined sensor
integration, improved sensor data, and support plug-and-play capabilities in sensor net-
works. One of its novel concepts is the Transducer Electronic Data Sheet (TEDS), a
memory device that is connected to each sensor. The TEDS stores crucial sensor-specific
information, such as sensor identification, calibration data, measurement range, and man-
ufacturer details. This information allows the sensor network to automatically identify
and configure connected sensors, simplifying system integration and maintenance tasks.

Further, the IEEE 1451 standard advocates the utilization of a Network Capable
Application Processor (NCAP). This serves as a link between the sensors, actuators, and
the network or control system. The NCAP performs multiple functions, including sensor
data processing, data fusion, and communication facilitation with other network devices,
thus optimizing the overall architecture of the system.

By establishing a standard framework for sensor integration and communication, the
[EEE 1451 standard has been pivotal in the progression of smart sensor technology. It has
encouraged greater interoperability among sensors across different manufacturers, paving
the way for increasingly complex and sophisticated sensor networks in healthcare and
endurance sports applications. Consequently, the IEEE 1451 standard has fueled the
development of more efficient, precise, and flexible systems dedicated to monitoring and
analyzing human body features. Building on this foundation, we can now go deeper into
how these standardized smart sensor technologies are shaping modern healthcare and

endurance sports.

2.2.3. Applications of Sensors in healthcare

In recent years, advances in sensing techniques, affordability of integrated circuits, and
the progress of connectivity technologies have fueled the use of wearable equipment and

sensing devices in the field of health monitoring and physical rehabilitation. Nascimento
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et al. extensively reviewed these aspects of healthcare technology, focusing mainly on the
implementation of sensors and their role in biomedical applications, including healthcare
settings, home medical assistance, and continuous health monitoring [46].

Concurrent research efforts have been made to address ongoing challenges and explore
future opportunities in the expanding use of wearable technologies. For example, Rogers
et al. discuss the current challenges and potential future advancements in the field of
rehabilitation and health monitoring, with particular emphasis on the effectiveness of

wearable sensors and systems for rehabilitation [47].

2.2.3.1. Force and Pressure Sensing. In the realm of gait analysis and foot pressure
evaluation, a wide range of sensing technologies is commonly used, including pressure
sensors, inertial measurement units (IMUs), force sensors, camera-based systems, and
Electromyography (EMG). These tools are widely used in the assessment of patients with
neurological conditions such as multiple sclerosis (MS), Parkinson’s disease, and stroke.

Although the potential of wearable sensor technology to transform physical rehabili-
tation has been recognized for several years, its use has largely remained within research
laboratories. Lang et al. identify several barriers hindering the implementation of wear-
able sensor technology in routine clinical rehabilitation, involving both technological and
clinical challenges. They propose a set of benchmarks to encourage widespread adoption
and evaluate an existing wearable device system against these criteria, emphasizing the
need for coordinated efforts to overcome the identified limitations. Progress in this di-
rection could support more effective movement interventions across clinical, home, and
community settings [48].

The utility of wearable sensors for fall detection and risk assessment, especially in
elderly individuals, is another growing area of research interest. Ahn et al. developed
preimpact fall detection algorithms using data collected by a custom-made inertial mea-
surement unit (IMU), achieving 100% accuracy in fall detection [49]. Bet et al. presented
a systematic review of the use of wearable sensors for the detection of fall-related events
in older individuals. The review highlighted the need for consensus on aspects such as
sample size, population under study and data acquisition for each application, despite the
promising potential of wearable sensors for fall detection [50].

In recent years, there has been a growing interest in the intersection of healthcare and
technology, with a particular focus on the use of wearable technology and IoT devices to

support the elderly and those living with chronic disabilities. As emphasized by Rahman
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et al., the design of application-specific routing protocols within healthcare settings is of
utmost importance. They advocate that such designs can enhance data throughput and
extend the useful life of network systems, highlighting the promising potential of these
technologies [51].

However, despite the transformative potential of wearable technologies and sensor sys-
tems, significant research and development efforts are still required to overcome existing
challenges and meet proposed benchmarks. If these obstacles can be successfully navi-
gated, we could see a substantial improvement in the effectiveness of physical rehabilita-
tion interventions and overall patient outcomes. The journey towards these breakthroughs
calls for a concerted effort to create advanced technologies and to foster their widespread
adoption within clinical practice.

Angelini et al., on the other hand, explore the potential of wearable sensors in quanti-
fying gait alterations associated with progressive MS by placing wearable motion sensors
WS1, WS2 and WS3 on the user body as illustrated in Fig. 2.5 and obtaining relevant
acceleration data, it was possible to analyze user gait. They assert that these sensors can
accurately differentiate individuals flagged for MS from healthy ones, and that the extent
of gait changes corresponds to the severity of disability [52].
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FIGURE 2.5. Wearable sensors example application [52].

Taking a broader view, Khoshmanesh et al. discuss the latest advancements in wear-
able sensors and their potential applications in personalized health monitoring, smart
prosthetics, and assistive technologies. They outline areas that require further research
to fully realize the potential of wearable sensors [53].

In a study that aims to assist visually impaired individuals, Bauer et al. introduce

a system that uses deep learning techniques and low-cost wearable sensors. This system
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provides critical information on potential obstacles to the user, enhancing the mobility of
visually impaired people in outdoor environments [54].

Lastly, a comprehensive literature review conducted by Stavropoulos et al. presents
an overview of IoT wearables and interconnected sensing technology in elderly care. The
review draws an in-depth picture of the current state of the art, trends, and effective
practices in the application of technology to elderly care [55]. Figure 2.6 illustrates an
example of an elderly care system, highlighting the integration of IoT devices and smart

sensors to enhance monitoring, safety, and quality of life.
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FIGURE 2.6. Elderly Care System Example [55].

2.2.3.2. Ambient Sensors. The transition from wearable sensors to ambient sensor
technology, integrated within the environment, brings another dimension of health moni-
toring and support for elderly and chronically ill patients. These systems are installed in
living spaces and provide unobtrusive monitoring, a feature that is particularly favorable
for people uncomfortable with wearable devices. They capture changes in the environ-
ment or routine and signal any anomalies that might indicate a health problem. Recent
advances in this domain are promising. Technologies that automatically adjust to a user’s
needs and Al-powered systems that interpret ambient sensor data are being developed,
providing a richer understanding of an individual’s health and well-being. However, while
these strides are impactful, ongoing research is still necessary to address challenges such

as privacy, security, and system integration.
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Although the adoption of wearable sensors in health monitoring and rehabilitation
has been rapid, the use of ambient sensors embedded within living spaces has also seen
significant progress. Marques outlines the relevance of systems and architectures for AAL,
given the aging of the global population [56]. Technologies designed to meet the needs
of an aging population offer the prospect of maintaining independence for longer periods.
The section discusses how advances in sensors, embedded devices, and the IoT make it

possible to monitor and assist people in their homes.
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FIGURE 2.7. Architecture of an ambient-assisted living system integrating
robots with a network of ambient sensors and actuators [57].

Integration of these ambient sensors with other forms of technology, such as robotics,
can create a comprehensive assistance system for the elderly. Loza-Matovelle et al. de-
scribe the development of such a system that combines robots with a network of sensors
and actuators [57]. Figure 2.7 illustrates the architecture of this system, showing how
it adapts to user-specific needs by interacting with direct users while providing external
users with remote access.

AAL technologies can provide significant support for older adults who may have cogni-

tive and physical impairments. Genesan et al. discuss the potential of these technologies
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in helping elderly people live safely and independently [58]. Such technologies can help
maintain physical and mental health and improve quality of life, making them an essential
tool in the management of age-related problems.

Cicirelli et al. present a comprehensive review of active and assisted living (AAL) sys-
tems, addressing the main trends in their development from technological and methodolog-
ical perspectives [59]. The article highlights critical areas for future research, recognizing

the potential of these systems to improve quality of life and support independent living.

2.2.3.3. Breath Sensing Devices. Breathing, a vital sign of life, has received signifi-
cant attention in the realm of health monitoring. The integration of technology into this
fundamental aspect of life offers a promising research path, especially in the development
of novel breath-sensing devices. This section delves into various novel methodologies and
advances in the field, emphasizing their applications and potential for future improve-
ments.

Kandil et al. have presented a pioneering approach to developing an [oT context-aware
system tailored specifically for the blind, visually impaired, and elderly populations. This
system integrates functionalities such as improved indoor navigation, communication, and
security, paving the way for an enriched assisted living environment [60].

Sabil et al. used the latest sensor technology to refine the detection of apneas, life-
threatening pauses in breathing during sleep. They proposed tracheal sound sensors
positioned at the suprasternal notch as a viable alternative to traditional thermistors,
highlighting the value of these sensors in discerning patient breathing patterns [61].

Elevating the scope of non-invasive methods, Jagadev et al. leveraged infrared ther-
mography to observe respiration rates without physical contact. Incorporating ML, they
devised an astute ”Breath Detection Algorithm” to trace nostril activities. This technique
not only refined the signal-to-noise ratio, but also proficiently distinguished between reg-
ular and irregular breaths [62].

Li et al., on the other hand, integrated sound recognition, airflow detection, and
respiratory monitoring into one unified sensor. This cotton fiber aerogel layered with
polypyrrole showcased a spectrum of desirable attributes, including a broad response
range, robust stability, and featherweight design. These characteristics identify the sensor
as a prospective instrument for multi-faceted applications, including detection of sound

signals and real-time respiratory surveillance [63].
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Further pushing the technological frontier, He et al. debuted a wireless physiologi-
cal tracking system pivoting on a pyroelectric generator. Harnessing body temperature
fluctuations, this avant-garde system, when coupled with a mobile application, empowers
users with the capability of tracing oral or nasal breathing patterns in real-time. Such
innovations facilitate self-health assessments and generate crucial data for distant health

diagnostics [64].
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De Fazio et al. provided a holistic view of wearable sensors designed for respiratory
rate monitoring. Their exploration focuses on piezoresistive and inertial sensors, prized
for their unobtrusiveness, feather-like weight, and seamless integrability. Their findings
resonate with the ongoing trend: transitioning towards a more user-friendly and non-

intrusive health monitoring paradigm [65]. Figure 2.8 presents the circuit diagram and
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the prototype of the non-intrusive system, highlighting its compact design and suitability
for continuous respiratory monitoring.

In conclusion, the investigation by Wang et al. illuminates the future potential of
respiratory monitoring through camera technology. Their analysis focuses on two signif-
icant approaches: motion-based tracking and photoplethysmography (PPG), offering an

in-depth assessment of their advantages and limitations [66].

2.2.3.4. Motion Analysis Sensors. Motion analysis plays an important role in phys-
ical rehabilitation. This section synthesizes the ground-breaking mapping of the gait
rehabilitation technology trajectory, focusing on the potential of Functional Electrical
Stimulation (FES), wearable sensors, Inertial Measurment Units (IMU) and advanced
rehabilitation machines.

Schifino et al. presented a paper on the use of foot drop stimulators (FDS) for stroke
patients. By integrating a wearable inertial sensor, they investigated the dynamics of gait
and discovered that FDS devices markedly improved the spatiotemporaloral dimensions of
gait and also refined the harmonic ratio in the mediolateral sphere [67]. Such revelations
hint at the transformative role that wearable technologies, such as FDS, can play in
rehabilitating stroke survivors and streamlining their ambulatory patterns.

Another example of gait analysis is presented by Diaz et al. a wearable sensor solution
for gait evaluation and rehabilitation [68]. Such wearables, by quantifying gait, balance,
and motion range, introduce an objective flair to gait assessments. They serve as invalu-
able conduits for chronicling patient progress and could even hold the key to preemptively
detecting movement anomalies.

Zampogna et al. emphasized the existence of a correlation between balance and neu-
rological health. In their research, they presented a meticulous review on the role of
wireless sensors in assessing balance, highlighting their monumental contribution to the
management of postural volatility in patients grappling with diseases such as Alzheimer’s,
Parkinson’s, and MS, among others [69].

Schmidt et al. ventured into the realm of gait rehabilitation machinery equipped
with programmable footplates. Such machines are adept at offering multifaceted gait
training experiences that mirror real-world scenarios, such as ascent and descent of stairs,

outperforming conventional methodologies [70].
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Ciobanu et al. echoed similar sentiments, but emphasized the overarching need to
tailor training regimens to encapsulate the intricate blend of physical and psychological
facets that characterize ambulation in multitasking contexts in real life [71].

These cohesive insights signal a paradigm shift. The motion analysis sphere is transi-
tioning from the age-old subjective assessment modes to a more objective, individualized,
and efficient system fortified by contemporary technologies.

Milosevic et al. then embarked on an investigation comparing inertial wearable sensors
with the Kinect for potential deployment in domiciliary motor rehabilitation regimens
[72]. Their exhaustive comparison revealed comparable proficiencies across both plat-
forms, especially for broad-motion drills. However, a detailed home evaluation unraveled
the distinct advantages and limitations inherent to each system.

Bavan et al., harnessing the power of a singular inertial sensor, charted patient ad-
herence to shoulder rehabilitation drills [73]. Their approach, founded on supervised ML
algorithms, showcased the prowess of inertial sensors in discerning specific exercises from
generic movements: an innovation that could redefine treatment blueprints and increase
patient participation.

In their seminal review, Picerno et al. sketched the evolution of inertial sensors, ob-
serving their metamorphosis from lab-centric gadgets to indispensable tools for prolonged
movement analysis in organic environments [74]. As the review suggests, the future of
wearables in unsupervised settings hinges on leveraging ML’s capabilities to distill and

interpret voluminous data churned out by these sensors.

2.2.3.5. Blood Monitoring Sensors. Technological advancements in healthcare are
propelling us towards novel models, with the blood monitoring sector witnessing ex-
ceptional progress. Employing methods like PPG, infrared spectroscopy, pressure, and
camera-based technology, researchers are pioneering advancements in non-invasive and
precise monitoring of blood parameters.

El-Hajj et al. investigated the application of deep learning in the domain of blood
pressure monitoring, especially emphasizing PPG signals [75]. Addressing the escalating
global issue of hypertension, their study advocates for the utilization of RNN featuring
bidirectional links and an intricate attention system. The findings of their research high-
lighted a significant association between PPG signals and blood pressure values, demon-

strating notable predictive precision.
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Taking into account the pressing concern about diabetes, Rachim et al. present a
breakthrough in non-invasive blood glucose monitoring [76]. Their pioneering biosensor,
marrying cost-efficiency with rapid data procurement and enhanced wearability, employs
visible near-infrared spectroscopy. This innovative method discerns nuanced optical sig-
nals reflected during fluctuations in blood glucose concentrations. Their in vivo investiga-
tions yielded encouraging results, cementing a robust correlation between their estimations
and reference blood glucose values.

Moving to the realm of remote blood pressure tracking, Kario et al. posit a compelling
argument in favor of wearable devices [77]. These wearables, they argue, are poised to
revolutionize hypertension management by facilitating low-stress recurrent blood pressure
readings. Their research narrative extols the virtues of ”anticipation medicine,” a forward-
looking approach that capitalizes on predictive data to prevent the onset of potential
health risks.

Complementing this research thread, Djeldjli et al. explored the fascinating territory
of estimating pulse wave parameters that reflect arterial stiffness and blood pressure using
camera-centric methods [78]. Using advances in sensor technology and image processing,
they put forth an ingenious non-invasive method using imaging photoplethysmography
(iPPG). The results of their study are testimony to the close-knit relationship between
iPPG and contact photoplethysmographic characteristics (cPPG), heralding new fron-
tiers in remote blood pressure and arterial stiffness evaluation, along with non-contact
cardiovascular diagnostics.

Collectively, these explorations underscore the exhilarating pace at which blood mon-
itoring technologies are advancing, crafting a future where non-invasive, precise, and

instantaneous health parameter tracking becomes the norm.

2.2.3.6. Non-Invasive Glucose Monitoring. In today’s evolving healthcare land-
scape, the quest for more efficient and patient-friendly glucose monitoring is gaining mo-
mentum, particularly in light of the growing global prevalence of diabetes.

Tang et al. provide an insightful dive into the realm of non-invasive blood glucose mon-
itoring, shedding light on its significance for those diagnosed with diabetes [79]. Breaking
down the landscape into optics, microwave, and electrochemistry, the authors explore the
potential and pitfalls of each technology. Their comprehensive overview underscores a

pressing need for devices that are not only efficient but also accessible and resilient.
32



Chapter 2 Literature Review

Battelino et al. presented the advantages of continuous glucose monitoring (CGM) in
clinical trials. They claim that CGM-derived metrics, which continuously collect data,
capture intricate nuances in glucose fluctuations that conventional HbAlc tests may over-
look [80]. Stressing the necessity of streamlined CGM data collection in clinical research,
they emphasize its potential in driving more precise and actionable insights.

In the context of the COVID-19 pandemic, Agarwi et al. highlight the efficacy of real-
time CGM (rtCGM) for critically ill patients in intensive care settings [80]. Their findings
illuminate the precision and feasibility of rtCGM, emphasizing its value in minimizing the
need for regular point-of-care glucose checks.

Providing a fresh perspective, Sempionatto introduces an electrochemical sweat sen-
sor at the fingertip as an innovative solution to painless glucose self-testing [81]. Once
calibrated, the sensor promises precision in glucose readings, fostering a higher degree of
patient adherence. Figure 2.9 illustrates this non-invasive glucose touch sensor, highlight-
ing its compact design and potential for seamless integration into daily health monitoring

routines.
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FIGURE 2.9. Innovative Non-invasive Glucose touch sensor [81].

Laffel conducts an in-depth analysis of the effects of CGM on glycemic control in ado-
lescents and young adults with type 1 diabetes, a population that frequently struggles
with unstable blood glucose levels [82]. The investigation identified a moderate, yet sta-
tistically significant, enhancement in glycemic regulation when CGM was used alongside
conventional monitoring over a six-month period. Galindo et al. contribute additional
insights about CGM’s transformative role in healthcare environments, particularly during

pandemics when reducing viral exposure is paramount [83].
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Extending this research, Mian et al. examine the integration of CGM with insulin
pumps, emphasizing their collective efficacy in transforming insulin-dependent diabetes
treatment [84]. However, despite these clear benefits, they express concern over the
inadequate prescription of this powerful technology.

In their study, Lee et al. underscore the persistent discussion around the clinical
significance of state-of-the-art CGM systems, which are garnering increased attention
despite being less invasive [85]. This notion of an unavoidable transition towards non-
invasive options is echoed by Gonzales et al., who document the progression from invasive
methods to those that are minimally invasive or non-invasive [86]. They foresee a future
where these technological advancements achieve widespread adoption.

Adding to this innovative mix, Zhao et al. unveil a self-sufficient smartwatch that
continuously tracks sweat glucose metrics, driven solely by solar energy, heralding a future
where wearables address core safety and efficiency concerns [87].

In summary, the glucose monitoring domain is at the top of a transformative era,
filled with innovative approaches that emphasize both patient comfort and measurement
precision. However, ongoing research and investigation are essential to fully realize the

potential of these advancements.

2.2.3.7. Sweat monitoring Sensors and Systems. The human body encapsulates
a complex network of signals, often revealing information about its condition, capabilities,
and susceptibilities. Among these signals, sweat can represent a potent source of infor-
mation regarding an individual health condition. Comprising a wide array of electrolytes,
metabolites, and additional biomarkers, sweat analysis represents an exciting emerging
area in sports and healthcare science. In the medical field, the diagnostic capabilities of
sweat are particularly valuable for conditions such as diabetes and cystic fibrosis, which
notably change its composition.

Athletes, particularly those in endurance sports, have a huge benefit from sweat analy-
sis. Monitoring elements such as sodium and potassium can relay vital information about
hydration, while glucose levels in sweat offer clues about energy use. In addition, the de-
tection of certain metabolites or stress hormones can be indicative of fatigue and recovery
requirements.

A notable example of such technology is the pioneering sweat sensing system developed
by Eccrine Systems (Figure 2.10). This system integrates real-time sweat analysis with

wireless transmission, enabling continuous monitoring of key physiological markers. By
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selectively measuring electrolytes, metabolites, and skin temperature, this wearable plat-
form provides valuable insights into hydration, metabolic health, and overall physiological
status. Such advancements bridge the gap between traditional biosensing technologies and
personalized health monitoring, offering a promising tool for both medical applications

and sports performance optimization.

FiGURE 2.10. Pioneering Sweat Sensing Technology by Eccrine Systems
[88].

A review by Yeung et al. encapsulates the decade-long advances in wearable devices,
highlighting the proliferation of electrochemical sweat sensors in the diagnostics, health-
care and sports domains [89]. The authors emphasize the convenience and user-centric
design of these battery-free systems.

Adopting a detailed perspective, Zafar et al. scrutinize the developing field of non-
invasive CGM, with a particular focus on sweat sensor techniques [90]. They review the
advancements made in incorporating such sensors into wearable devices and discuss the
obstacles faced in bringing these technologies to market.

Lu et al., in their work, present an integrated sweat monitoring system featuring
microsupercapacitors, specifically using glucose sensors rooted in NiCo204 / chitosan
formulations [91]. This research underscores the real-time diagnostic potential of such

devices.
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Gai et al. then introduce a revolutionary wireless self-powered sweat analysis sys-
tem (SWSAS) that employs selective biomarker tracking and wireless data transmission,
supported by hybrid nanogenerator modules [92].

Further pushing the boundaries, Liu et al. showcase wearable devices powered by
innovative sweat-activated biocompatible batteries [92]. Their stretchable battery model
epitomizes the future of prolonged wireless physiological monitoring.

Transitioning from energy to drug detection, Tai et al. highlight wearable sweat sensors
that aim to monitor drug intake, utilizing electrochemical differential pulse voltammetry
to track caffeine levels as a prototype [93].

In terms of pH monitoring, both Dang et al. and Mazzara et al. present wearables
tailored for this purpose [94, 95]. These innovations signal a future where pH assessments
are both continuous and non-invasive.

In a similar vein, Yang et al. contribute with a cost-effective wearable sweat sensor,
crafted through screen printing methods, to monitor real-time levels of K+ and Na+ [96].
Their research illuminates the intricate interaction between these ions and hydration,
enriching our understanding of the health implications of sweat.

Fundamentally, the burgeoning focus on sweat-related research and technological ad-
vancements marks a pivotal shift in the field of wearable diagnostics. Extending their
applications from glucose monitoring to hydration analysis, devices that detect sweat
composition are set to revolutionize both personalized medicine and sports training.

Table 2.1 provides an overview of the research works focused on smart sensor tech-
nologies for different applications, detailing the main application, the sensors used, and

the corresponding references.
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TABLE 2.1. Summary of Related Works on Smart Sensors for Health and
Physiological Monitoring

Main Application Sensors and References

Ambient Sensors Sensors: Motion, Light, Sound, and Air Quality
Sensors.
[56, 57, 58, 59]

Force and Pressure Sensing Sensors: Pressure, Inertial, Force, EMG, FBG,
Cameras.

[48, 49, 50, 51, 52, 53, 54, 55]

Breath Sensing Devices Sensors: Sound, Infrared Thermography, Pyroelec-
tric Generator-Based, Piezoresistive, Inertial.

[60, 61, 62, 63, 64, 65, 66]

Body Motion Analysis Sensors Sensors: IMU.
[67, 68, 69, 70, 71, 72, 73, 74]

Blood Monitoring Sensors Sensors: PPG, Vis-NIR Spectroscopy, Wearables,
iPPG.
(75, 76, 77, 78]

Non-invasive Glucose Sensing Sensors: Optical, Microwave, Electrochemical.

[79, 80, 81, 82, 84, 83, 85, 86, 87]

Sweat Sensing Devices Sensors: Electrochemical, Glucose Sensors
(NiCo204 / Chitosan), Selective Biomarker
Tracking, pH Monitoring.
(89, 90, 91, 92, 93, 94, 95, 96]

2.3. Virtual Environments in Healthcare

The adoption of virtual environments in the healthcare sector is swiftly expanding, fa-
cilitating the evolution of innovative approaches to treatment, rehabilitation, and patient
education. Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR)
are generating immersive interactive experiences that are transforming healthcare prac-
tices. These cutting-edge technologies promise to enhance patient engagement, augment
therapeutic outcomes, and aid in the professional development of healthcare providers.
This section will examine the contemporary landscape of virtual environments within
healthcare, addressing emerging trends, key applications, and potential challenges and

limitations associated with their implementation.
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2.3.1. Definition and types of virtual environments

Virtual environments are digital realms that replicate physical settings or create en-
tirely novel and imaginative worlds [97]. These environments provide immersive experi-
ences that allow users to interact with virtual elements through predominantly visual and
auditory stimuli. With technological advancements, haptic feedback is increasingly being
integrated, enabling users to “touch” or “feel” virtual objects [98].

These technologies fall under the broader concept of Extended Reality (XR), which
encompasses Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR).
XR represents a continuum of experiences that blend physical and digital elements with

varying degrees of immersion.

(1) XR (Extended Reality): XR is a collective term that includes all technolo-
gies combining real and virtual elements to different extents. It covers the full
spectrum of immersion, ranging from slight digital overlays to entirely simulated
environments. XR serves as the conceptual framework for VR, AR, and MR,
enabling a unified understanding of immersive technologies [99].

(2) VR (Virtual Reality): Virtual Reality provides the highest level of immer-
sion by replacing the user’s surroundings with a fully simulated environment.
Using head-mounted displays with motion tracking and, frequently, handheld
controllers or instrumented gloves, users can navigate and interact with three-
dimensional virtual worlds [100, 101].

(3) AR (Augmented Reality): Augmented Reality overlays digital content onto
the physical world without replacing it. Through AR glasses or mobile devices,
users see contextual digital elements superimposed onto their real environment,
enabling interaction while maintaining awareness of the physical space [98, 102,
103].

(4) MR (Mixed Reality): Mixed Reality blends real and virtual environments,
allowing digital and physical objects to coexist and interact in real-time. Like AR,
MR anchors virtual information to the real world, but it enables more immersive

and dynamic interaction similar to VR [99, 104].

Within healthcare, the different branches of XR offer distinct advantages and limita-
tions, making them suitable for a variety of clinical and therapeutic applications. VR has
been successfully used in motor rehabilitation, pain management, and medical training

[105, 106, 107, 108, 28]. AR has demonstrated strong potential in surgical planning
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and intraoperative guidance, as well as in patient and student education [108]. MR, the

most recent of the XR technologies, remains in early stages of adoption, yet is increasi

2.3.2. Applications of virtual environments in healthcare

Compared to traditional rehabilitation, the use of gamification and serious games has
been shown to be a promising approach to motivate and engage patients during physical
therapy sessions. These strategies emphasize the positive aspects of rehabilitation, leading
to a more enjoyable and effective recovery process [101]. Games should provide clear
feedback, text, and audio instructions, so that the patient can understand how to achieve
their goals [109]. More intrusive solutions, such as VR, AR and MR systems, have been
implemented with these objectives in mind and have been found to be beneficial for motor
function, balance, and gait of the upper and lower extremities [110, 111, 112, 113].
However, highly intrusive systems, which require users to wear equipment such as goggles
or multiple sensors attached to their body, may have a negative effect on user experience.
These systems can potentially discourage users by causing discomfort and, in some cases,

even pain.

2.3.2.1. Virtual Reality Applications in healthcare. The introduction of VR is
transforming the field of healthcare by delivering immersive experiences applicable to
numerous disciplines such as physical rehabilitation, psychological therapy, medical train-
ing, and patient instruction. These computer-generated environments enhance existing
therapies, facilitating better patient outcomes and personalized healthcare approaches.
As technological progress continues, VR’s impact on healthcare is anticipated to increase
significantly.

A research study by Gumaa and Youssef [114] found that VR technology is effective in
treating chronic neck pain, shoulder impingement syndrome, rheumatoid arthritis, knee
arthritis, ankle instability, and post-anterior cruciate reconstruction. However, it was not
effective or inconclusive in the treatment of fibromyalgia and back pain, as well as knee
arthroplasty. This suggests that VR technology can produce excellent results for a variety
of medical conditions.

The utilization of VR applications in the research domain is witnessing a significant
rise. Madeira et al. introduced PhysioMate, an extensive game-oriented software project
tailored for physical rehabilitation. This innovative system aims to encourage physical ac-
tivity and tackle both physical and cognitive deterioration, serving as a supportive tool for

physical therapists, regardless of whether they are providing direct supervision. Initially
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developed to aid patients in wheelchairs, it employs the Microsoft Kinect sensor to detect
and follow upper-body motions, simultaneously engaging the user in a virtual setting. By
integrating gaming mechanics, PhysioMate augments the rehabilitation journey through
the implementation of five foundational movements essential for improving balance and
motor skills. Notably, the system is accessible, as it eliminates the need for users to wear
or connect any devices [115]. Nevertheless, the limitation of such systems lies in their
lack of continuous user monitoring, potentially resulting in insufficient data when phys-
iotherapist oversight is absent. Similar applications of VR and sensor technologies are
documented in studies like [106, 107, 116].

There are differences between VR and AR as discussed in the introduction. AR may
be more suitable for physiotherapy as it allows the user to be aware of their surroundings
and visualize the real world, thus avoiding any potential accidents or falls. There are
several research applications that use AR or MR for this purpose. For instance, Monge
et al. developed an AR environment with smart sensors that can obtain physiological
parameters from the user in real-time and also included a gamification system to encourage
users to participate in exercises [117]. Similarly, Paredes et al. created a system for gait
rehabilitation using a structure sensor, an Apple watch, and an RFduino Microcontroller-
based motion sensor [118]. An unobtrusive system, such as the one presented in [102], is
preferable, as it does not require the patient to physically be attached. However, the user
still needs to wear googles to view and interact with the environment, so it is not yet an
optimal solution.

Hu et al. [119] focused on the concurrent validity of using the Kinect system to evalu-
ate knee kinematics during rehabilitation exercises. Despite the general underestimation
of knee flexion and valgus by the Kinect system, it demonstrated good to excellent agree-
ment with the VICON motion analysis system. This work implied the potential of Kinect
as a clinical training device to maintain knee alignment during exercise.

Wochatz et al. [120] assessed the reliability and validity of Kinect V2 to capture
lower limb movements during rehabilitation exercises. Their study revealed varying levels
of reliability for different angles and joint positions, especially for more complex tasks.
The Kinect system was found to reliably assess joint angles and positions during simpler
exercises. However, it showed overestimations and underestimations for specific joints and
exercises. The results suggest that the use of Kinect for early orthopedic rehabilitation

might require further refinement of post-processing techniques.
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These studies reveal the significant potential of motion capture systems and wearable
sensors in rehabilitation exercises. While each study focuses on specific exercises and
tools, a common theme is the ability of these technologies to provide accurate home mon-
itoring. This is essential for remote configuration, control of rehabilitation programs, and
encouraging patient participation. Despite its potential, it is essential to address identi-
fied limitations, such as varying reliability in complex tasks and the need for advanced
data handling strategies, to enhance the effectiveness of these systems. Rehabilitation
for stroke patients has seen significant improvements due to progress in VR technologies.
Numerous studies have been carried out to assess the effectiveness of these technological
innovations in enhancing motor capabilities and autonomy in stroke survivors.

Xavier-Rocha et al. conducted a systematic review on the use of Xbox/Kinect, a gam-
ing technology, in rehabilitation settings after stroke [121]. They found that the Xbox /
Kinect system was used most frequently in interventions aimed at restoring balance and
motor function, although the evidence supporting its application is still limited. How-
ever, the findings encourage the inclusion of this technology in rehabilitation programs,
especially those focusing on postural balance and motor skills.

On the other hand, Aguilera-Rubio et al. examined the Leap Motion Controller, a VR
system designed for upper limb rehabilitation in stroke patients [122]. Researchers con-
ducted a systematic review of studies and found that the Leap Motion Controller improved
upper limb functionality. Nonetheless, owing to the variability among the studies, they
recommended future investigations to be conducted with enhanced scientific robustness.

In a similar vein, Ogun et al. evaluated the impact of the immersive 3D VR system
based on Leap Motion on upper extremity function in patients with ischemic stroke [123].
They found that immersive VR rehabilitation was effective in improving upper extremity
function and self-care skills, although not functional independence.

Finally, Wang et al. designed and evaluated a playful VR system that uses a VR
headset and force-feedback gloves for home rehabilitation [124]. Their virtual cat bathing
simulation aimed to practice fine motor skills through various tasks, demonstrating the
positive role of playfulness in the user experience of VR rehabilitation. In summary,
all these studies suggest that VR technologies, such as Xbox/Kinect and Leap Motion
Controller, can be beneficial in post-stroke rehabilitation, particularly in enhancing motor
skills and upper limb functionality. However, more research with stringent methodology is

needed to validate these findings and explore potential limitations. The role of playfulness
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in VR rehabilitation, as explored by Wang et al., presents a promising avenue for further

research.

2.3.2.2. Augmented Reality Applications in healthcare. AR has increasingly be-
come a viable tool for rehabilitation and therapeutic purposes. The works cited below
each use AR technology in unique ways to address various areas of rehabilitation and
therapy.

Tokuyama et al. [125] developed an AR game using Microsoft Kinect that focuses on
exercises in the lower extremities. Their work created a game environment where users
could interact with virtual objects in real-time, providing a more engaging form of therapy
for the user. This contrasts with Xavier-Rocha et al. [121] who used the Xbox/Kinect
setup in the realm of VR primarily for post-stroke rehabilitation. Tokuyama et al. worked
using technology more specifically for muscle activation of the lower extremities, suggest-
ing the adaptability of AR to target specific areas of rehabilitation.

Chien et al. [126] further the usage of AR by developing a head-mounted AR game
that relied solely on player gestures for controls, eliminating the need for joysticks or
touch screens. The study successfully evaluated the usability of gesture-based operations
and identified potential issues that could arise in the development of such interactive AR
games. This gesture-controlled approach stands in contrast to the VR work of Wang et
al. [124] that uses feedback gloves for control and interaction, demonstrating the breadth
of control modalities available in AR and VR.

The work of Alnajjar et al. [127] integrated AR with exergaming for upper limb
rehabilitation. Using a Leap Motion Controller in conjunction with Unity Game Engine,
the authors developed a 3D exergame environment that demonstrated its potential in
physical and neuromuscular rehabilitation of the upper limb. Their work mirrors the
efforts of Aguilera-Rubio et al. [122], who used Leap Motion Controller®) system for
upper limb functionality in stroke patients but under the VR paradigm.

Boschmann et al. [128] utilized AR in the training of pattern classification control
with a myoelectric prosthesis. They proposed a novel training framework that integrates
virtual elements within a real scene from a first-person perspective. Their study showed
that AR training significantly improved the performance of the subjects and provided a
positive user experience. The work of Boschmann et al. shares similarities with that of

Ogun et al. [123] who used immersive 3D VR based on Leap Motion to improve upper
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extremity function in patients with ischemic stroke, both demonstrating the potential of
virtual and augmented realities in improving the quality and outcomes of rehabilitation.

Lastly, Ozioko et al. [129] reviewed the development of smart tactile gloves for haptic
interaction, communication, and rehabilitation. These gloves are used to enhance in-
teraction with both real and virtual environments, creating an intuitive two-way haptic
interface for users. The work of Ozioko et al. shares the focus on the importance of tactile
feedback with that of Wang et al. [124] who also used force-feedback gloves; although
VR setting.

In general, these studies show the potential of AR and VR technologies in creating
engaging, effective and varied rehabilitation environments that can be customized to in-
dividual patient needs and the therapeutic targets of clinicians. The comparison also
highlights the differences in the applications and control modalities used within AR and
VR, highlighting the versatility and breadth of opportunities in the field of rehabilitation
technology.

2.3.2.3. Mixed Reality Applications in healthcare. The applications of MR for
the rehabilitation of patients and enhanced user experiences are evolving rapidly. Recent
research investigates how MR technologies can be used for the rehabilitation of patients
with upper limb dysfunctions and ataxic conditions, or to enable immersive, interactive
and intuitive user experiences in MR environments.

Franzo et al. [130] present an exergame in MR for the rehabilitation of ataxic patients.
Using Microsoft’s HoloLens 2, the researchers developed a prototype that reproduces a
pointing and reaching exercise for upper limb control. The study compares this with a
Kinect-based prototype and an Arduino board. The MR exergame offers a better repre-
sentation of patient movements due to the high sample rate of HoloLens. The findings
suggest that MR has significant potential for rehabilitation, providing an immersive en-
vironment that retains a connection to the real world.

Meanwhile, Ababsa [131] proposes an approach to improve gesture interaction with
virtual objects in MR, environments by combining LMC with HoloLens. An interactive
calibration procedure is described for the HoloLens-LMC device, which shows potential
to enhance the user experience in MR environments. A set of preliminary experiments
supports the accuracy and usability of the proposed approach.

In a broader perspective, Bailey et al. [132] present a range of applications of VR,

MR, and virtual environment (VE) for human factor research, from accessibility design
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to training and human-computer interaction studies. Research emphasizes the versatility
and wide-ranging potential of these technologies in supporting various research fields and
end-user applications.

Maeda et al. [133] propose a novel haptic device, Fingeret, which enables a wide range
of haptic feedback and seamless interactions in MR environments. By combining finger-
side actuators (FSAs) and a conventional fingernail actuator (FNA), the device offers
haptic feedback for both physical and virtual objects without covering the fingerpad.
This has potential to improve seamless interactions in MR environments.

In conclusion, MR technologies show great promise for physical rehabilitation and for
improving user experiences in virtual environments. Further advances in haptic devices
and gesture interaction can enhance this potential even further, opening exciting new

avenues in the field of MR.

2.3.3. Limitations and challenges

Despite the great potential of virtual worlds, there are a number of obstacles that

must be addressed.

(1) Physical Discomfort and Motion Sickness: The utilization of VR for ex-
tended periods of time can cause physical discomfort, such as eye strain, balance
problems, and motion sickness, which is commonly referred to as ”cybersickness.”
This can restrict the length of therapeutic sessions and reduce the patient’s will-
ingness to comply. [134, 135, 136, 137, 138, 139].

(2) Technical Limitations: The use of high-quality virtual environments is of-
ten limited due to the cost and availability of the necessary hardware, such as
powerful computers, high-resolution displays, and precise tracking systems. Ad-
ditionally, technical issues, such as latency and tracking errors, can disrupt the
user experience and break the immersion. [140].

(3) Adaptability and Personalization: Creating virtual environments that can
adjust to the requirements and capabilities of different patients is a challenging
job. Although one-size-fits-all approaches may be suitable for some, successful
rehabilitation usually necessitates tailored treatment plans. [141].

(4) Lack of Standardized Metrics: Virtual environments provide a range of tech-
niques for tracking patient progress, however, the lack of standard metrics and
protocols can make it difficult to compare results between different systems and

studies.
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(5) Data Privacy and Security: The protection and safety of patient information
is of the utmost priority when it comes to any digital health technology. To
comply with healthcare regulations, the transmission and storage of confidential
health data must be handled with care, making the creation and utilization of

virtual environment systems more intricate. [142, 143, 144].

2.4. Applied AI in Healthcare

In recent years, the intersection of technology and healthcare has rapidly evolved,
becoming a growing field of study and development. Key among these advances is the
application of AI, which has redefined the scope of healthcare delivery. Al has shown
potential in diagnostics, predictive analytics, patient risk identification, drug discovery,
and personalized patient care. With the advent of Al-driven technologies such as machine
learning (ML) and deep learning (DL), the healthcare sector has entered an era of data-
driven decision-making, allowing valuable insights to be extracted from the vast amounts
of health data available today.

One of the key applications of Al in healthcare is activity recognition and monitor-
ing, where Al-driven systems recognize and analyze individuals’ daily activities without
manual input. These systems employ sensors, cameras, or wearable devices to collect
data and use ML algorithms to identify and interpret patterns of everyday life [145]. By
continuously monitoring daily routines, AAL systems can detect unusual behaviors or
patterns indicative of health issues, ensuring timely alerts for caregivers or medical per-
sonnel. Another critical Al application is fall detection and prevention, which addresses
one of the primary concerns for the elderly. Falls can result in serious injuries, decreased
independence, and overall health deterioration. Al-based detection systems utilize data
from wearable devices, cameras, or floor sensors to identify falls and notify caregivers or
emergency services [146]. Additionally, Al can predict the probability of falls through
gait analysis, enabling proactive measures to mitigate risks.

Al also plays a significant role in cognitive assistance, aiding individuals with cogni-
tive disabilities or dementia by providing reminders, guidance, and tailored interventions
to support daily activities [147]. Leveraging natural language processing (NLP) and
computer vision, these intelligent systems interpret user input and deliver appropriate
responses or assistance. Furthermore, telemedicine and remote patient monitoring have
been revolutionized by Al, utilizing data from sensors, wearable devices, and medical

equipment to provide accurate health assessments, personalized feedback, and timely
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medical advice [148]. This innovation allows for continuous health tracking, particularly
for patients with chronic conditions, reducing the need for frequent hospital visits while
improving patient outcomes.

In summary, the integration of Al into AAL has the potential to significantly en-
hance the quality of life, safety, and well-being of individuals, particularly the elderly and
those with disabilities. Al-driven AAL solutions enable continuous monitoring, personal-
ized assistance, and timely interventions, promoting autonomy and improving healthcare

efficiency while alleviating the burden on caregivers and medical professionals.

2.4.1. Machine Learning Algorithms

2.4.1.1. Decision Trees and Random Forests. Decision Trees (DTs) are widely
used in healthcare applications for their interpretability and efficiency in handling both
numerical and categorical data. A DT splits the data into branches based on feature
thresholds, forming a tree-like structure that leads to decisions [149]. However, DTs are
prone to overfitting, especially with complex data.

Random Forests (RFs) address this limitation by combining multiple decision trees
using an ensemble learning technique called bagging. Each tree is trained on a random
subset of data, and the final prediction is obtained by aggregating the outputs of all
trees [150]. RFs improve generalization and are effective in biosignal classification, fall

detection, and physiological parameter prediction.

2.4.1.2. Support Vector Machines. Support Vector Machines (SVMs) are supervised
learning models that find the optimal hyperplane separating different classes in high-
dimensional space [151]. They are particularly effective in binary classification problems
and have been applied to activity recognition and ECG signal classification in healthcare.
With the use of kernel functions, SVMs can handle non-linear relationships, making them

versatile in many AAL scenarios.

2.4.1.3. K-Nearest Neighbors. K-Nearest Neighbors (KNN) is a non-parametric al-
gorithm that classifies new data points based on the majority label of their k& nearest
neighbors in the feature space [152]. Its simplicity and ease of implementation make it
useful in prototype-based classification tasks, such as movement recognition or anomaly

detection in sensor data.

2.4.1.4. Multilayer Perceptron Networks (MLPs). MLPs are a type of feedfor-

ward Artificial Neural Network (ANN) that were first developed in the 1980s [153]. MLPs
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are composed of multiple layers of interconnected nodes or neurons, which transform input
data into a more complex representation. They can be used for a variety of tasks, such
as classification, regression, and feature extraction. The architecture of an MLP consists

of an input layer, one or more hidden layers, and an output layer.

Input Laver | Hidden Layer
- Ll )

Ficure 2.11. A MLP network structure.

An MLP can be represented as a directed graph, with the input nodes (z) representing
features, hidden nodes (h) representing intermediate representations, and output nodes
(y) representing predictions or target variables. Non-linearity is introduced using acti-
vation functions such as sigmoid (o), hyperbolic tangent (tanh), or rectified linear unit
(ReLU), enabling the learning of complex patterns. MLPs are typically trained using the
backpropagation algorithm, which adjusts network weights iteratively to minimize the

error between predictions and actual target values [153].

2.4.2. Deep Learning Algorithms

2.4.2.1. Recurrent Neural Networks (RNNs). Recurrent Neural Networks (RNNs)
are a class of ANNs designed to process sequential or temporal data. Unlike tradi-
tional feedforward networks, RNNs retain a memory of previous inputs, enabling them
to make predictions based on both current and past data. This makes them partic-
ularly suitable for time series analysis, where understanding temporal dependencies is
critical [154, 155, 156].

Figure 2.12 illustrates the unfolding process of an RNN over time, highlighting how

information is propagated through recurrent connections across successive time steps.
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FIGURE 2.12. Unfolding example and structure of a one-unit RNN [157].

Training RNNs can be challenging due to the vanishing gradient problem, where gra-
dients become too small to facilitate effective learning of long-term dependencies. To
address this limitation, more advanced recurrent architectures such as Long Short-Term
Memory (LSTM) networks and Gated Recurrent Units (GRUs) were proposed. RNN-
based models have been widely adopted in healthcare applications for analyzing temporal

health data, enabling outcome prediction and early detection of clinical events.

2.4.2.2. Long Short-Term Memory Networks (LSTMs). LSTM networks are a
specialized form of RNNs designed to capture long-term dependencies in sequential data.
Their internal structure, shown in Figure 2.13, is based on memory cells regulated by

input, forget, and output gates that control the flow of information through the network.

O

LSTM unit
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F1GURE 2.13. A LSTM network structure [158].
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These gates process variables such as x;, h;_1, and ¢;_1 using activation functions
including the sigmoid (o) and hyperbolic tangent (tanh). This gated mechanism enables
LSTMs to mitigate the vanishing gradient problem and retain relevant information over

extended time intervals [159].
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2.4.2.3. Gated Recurrent Units (GRUs). Gated Recurrent Units (GRUs), intro-
duced by Cho et al. [160], simplify the LSTM architecture while maintaining strong
performance in modeling temporal dependencies. As illustrated in Figure 2.14, GRUs
employ only two gates—an update gate and a reset gate—resulting in a more compact

recurrent structure.

. he o o —’l Peia —
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FIGURE 2.14. GRU network structure [161].

The reduced architectural complexity of GRUs leads to faster training and lower com-
putational cost compared to LSTMs, while still enabling the learning of long-term depen-
dencies. Consequently, GRUs have been successfully applied in domains such as natural

language processing, speech recognition, and image captioning [162].

2.4.2.4. Graph Neural Networks (GNNs). Graph Neural Networks (GNNs) extend
deep learning techniques to graph-structured data, where relationships between entities
(nodes) are as important as the entities themselves [163, 164]. GNNs use message passing
between nodes to learn embeddings that capture both local and global structure.

In AAL and wearable systems, data is often collected in structured formats—e.g.,
body-worn sensors at different locations, or joint positions in a skeletal model-—making
GNNs suitable for tasks like activity classification, gait analysis, or hydration pattern
prediction. GNNs can also model temporal-spatial relationships when combined with
recurrent layers or attention mechanisms, offering robust performance in complex multi-

Sensor scenarios.
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FIGURE 2.15. GNN schematic architecture [165].

In conclusion, while smart sensing systems and Al-driven platforms have the potential
to revolutionize real-time health monitoring, several critical gaps remain in the litera-
ture. Advancements in sensor fusion, wearable Al sweat biomarker validation - including
sodium (Na™), potassium (K¥), and glucose detection using energy-efficient hardware de-
sign are necessary to bridge these gaps and unlock the full potential of next-generation
health monitoring technology. The integration of edge AI into wearable devices, par-
ticularly for hydration and electrolyte tracking, represents a significant step forward in
personalized and real-time health assessment. Furthermore, as wearable sensing systems
continue to evolve, addressing ethical and privacy concerns will be crucial in ensuring
widespread adoption and regulatory approval. Future research should focus on refin-
ing these technologies to create seamless, non-invasive, and intelligent health monitoring

solutions for both sports performance and clinical applications.
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CHAPTER 3

Smart Sensors for Healthcare

The development of advanced sensor platforms plays a pivotal role in enabling non-
invasive, continuous health monitoring. In this chapter, we present the research and
engineering work behind the creation of an intelligent wearable sensing platform designed
to integrate and enhance processing, communication, and multi-sensor measurement ca-
pabilities through iterative design.

This work focused on the development of smart potentiostats with wearable, single
and multi-channel capabilities, achieved through the progressive refinement of four succes-
sive systems. Each design stage represented a step toward greater functional integration,
informed by experimental validation and performance assessment. The improvements
addressed signal fidelity, data-transmission robustness, and the incorporation of hetero-
geneous sensing elements. The resulting systems combined electrochemical modules for
sodium (Na™) and potassium (K*) detection with additional wearable-oriented compo-
nents for heart-rate (HR), peripheral-oxygen-saturation (SpO;), and motion monitoring,
forming a cohesive multi-analyte sensing platform optimized for continuous physiological
assessment.

The chapter begins by outlining the objectives and design considerations that guided
the development of the Potlink Platform. It then traces the platform evolution across iter-
ations, detailing the technical challenges encountered and the solutions adopted. Special
attention is given to enhancements in onboard data processing, communication protocols,
and the optimization of sensor performance and integration.

The chapter concludes with an evaluation of a hydration sensing device, underscoring
its potential applications in healthcare monitoring and its readiness for real-world deploy-
ment. Overall, this chapter illustrates the essential role of iterative design and validation in
developing intelligent wearable platforms capable of supporting reliable, real-time health

data acquisition.

3.1. Biosensors

Biosensors are analytical devices that couple a biological recognition element with

a physicochemical transducer to detect specific analytes and convert their presence or
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concentration into a quantifiable signal. These systems have become indispensable in
fields such as healthcare, environmental monitoring, and food safety due to their inherent
specificity, sensitivity, and capability for real-time analysis. In healthcare, biosensors
enable non-invasive monitoring by detecting biomarkers in biofluids such as sweat, saliva,

and blood.

3.1.1. Components of a Biosensor

A typical biosensor comprises three primary components, as illustrated in Fig. 3.1:

e Bioreceptor: The component that selectively interacts with the target analyte.
Examples include enzymes, antibodies, nucleic acids, or even whole cells.

e Transducer: Responsible for converting the biochemical interaction into a mea-
surable electrical signal. Common transduction mechanisms are electrochemical,
optical, or piezoelectric.

e Electrical Signal Processor: Amplifies and processes the raw signal, yielding

an interpretable output correlated to analyte concentration.

Analyte Bioreceptor Transducer  Electric signal
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F1cure 3.1. Components of a biosensor [166]

3.1.2. Types of Electrochemical Biosensors

Electrochemical biosensors are extensively employed in healthcare due to their high
sensitivity, selectivity, and ability to facilitate real-time monitoring. These devices func-
tion by measuring electrical signals that arise from biochemical reactions, thereby en-
abling the detection of a wide range of analytes in biological fluids. This section reviews
the principal types of electrochemical biosensors, namely amperometric, potentiometric,

voltammetric, and impedimetric sensors.
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3.1.2.1. Amperometric Biosensors. Amperometric biosensors measure the current
generated by oxidation or reduction reactions at a working electrode under a controlled po-
tential. A potentiostat governs this applied voltage, allowing precise monitoring of current
variations linked to biochemical transformations. This approach is particularly effective
in enzymatic sensors where oxidoreductase enzymes generate electroactive species—such
as hydrogen peroxide (HyO3) that are subsequently detected electrochemically.

A widely known application is glucose monitoring, where glucose oxidase catalyzes
glucose oxidation, producing H,O,, which is then oxidized at the electrode surface. The
resulting current is directly proportional to the glucose concentration, enabling accurate
blood sugar management in diabetic patients. To improve selectivity and reduce interfer-
ence, such sensors often incorporate functional membranes or nanostructured layers.

Multistep amperometry extends this concept by sequentially applying different poten-
tials, allowing the interrogation of multiple reactions within a single measurement cycle,
as depicted in Fig. 3.2. This enhances versatility by enabling simultaneous detection of

various analytes or intermediates, although disentangling overlapping processes can pose

challenges.
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FIGURE 3.2. Multistep amperometry method

3.1.2.2. Potentiometric Sensors. Potentiometric sensors quantify the potential dif-
ference between two electrodes under near-zero current conditions. The measured poten-

tial reflects the electrochemical equilibrium established by the ion activity in the solution.
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Ton-selective electrodes (ISEs) are the most prevalent form, capable of detecting ions such
as KT, Na*, Ca?", and NHJ.

A key advantage of potentiometric sensors is their low power consumption, rendering
them highly suitable for integration into wearable and portable health monitoring devices

167].

3.1.2.3. Open-Circuit Potential (OCP). The open-circuit potential (OCP) tech-
nique involves recording the equilibrium potential between a working electrode and a
reference electrode without imposing an external current, as shown in Fig. 3.3. This
high-impedance approach ensures minimal perturbation of the system, making it ideal for
continuous, non-invasive ion monitoring—such as tracking Na™ and K* concentrations in

sweat.
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F1GURE 3.3. Open-circuit potential measurement configuration

3.1.2.4. Voltammetric Biosensors. Voltammetric biosensors measure current as a
function of a dynamically varied potential, producing characteristic voltammograms that
reveal redox potentials, reaction kinetics, and analyte concentrations. The most widely
used technique is cyclic voltammetry (CV), illustrated in Fig. 3.4, where the applied po-
tential is cyclically swept and reversed, capturing both oxidation and reduction processes.

Squarewave voltammetry further enhances sensitivity by overlaying a squarewave pulse
on a staircase potential, facilitating alternating perturbation and relaxation of concentra-
tion gradients. This approach increases faradaic signal strength while minimizing non-

faradaic background currents, making it well-suited for detecting trace analyte levels.
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FIGURE 3.4. Simplified circuit for cyclic voltammetry [168]

3.1.3. Biosensing Applications in Health Monitoring

Amperometric and voltammetric biosensors have transformed healthcare by enabling

precise, real-time monitoring of biochemical markers. Notable applications include:

e Glucose Monitoring: Amperometric biosensors form the foundation of com-
mercial glucose monitoring systems (Fig. 3.5) used globally by diabetic patients.
Continuous glucose monitoring (CGM) devices, such as those by Dexcom and
Abbott (Freestyle Libre), leverage wearable amperometric sensors to provide con-

tinuous glucose data, improving glycemic control and reducing complications.

4

F1GURE 3.5. Commercial glucometer

e Drug Detection: Voltammetric biosensors enable monitoring of therapeutic
drug levels and forensic detection of illicit substances. For instance, sensors
have been developed to continuously track chemotherapy drug concentrations
(Fig. 3.6), aiding dose optimization and minimizing toxicity. Portable voltam-
metric devices also allow rapid on-site screening for narcotics, supporting law

enforcement activities.
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FIGURE 3.6. Portable drug analyzer

e Biofluid Analysis: Sweat analysis using wearable electrochemical sensors of-
fers a non-invasive window into hydration and electrolyte balance. Devices such
as the Gatorade GX Sweat Patch (Fig. 3.7) quantify sodium and chloride lev-
els, providing actionable insights for athletes. Similarly, platforms from Eccrine
Systems monitor sweat glucose and cortisol, highlighting prospects in stress and

metabolic monitoring.

FIGURE 3.7. Gatorade GX Sweat Patch [169]

3.2. Potentiostat

A potentiostat is a critical electronic instrument used in electrochemical experiments
to control the voltage difference between a WE and a Reference Electrode (RE) while
adjusting the current in a counter electrode (CE) to maintain the desired potential dif-
ference [170]. Fig. 3.8 illustrates a schematic of a traditional potentiostat circuit. This

precise control is fundamental for enabling accurate measurements of key electrochemical
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parameters, which makes potentiostats indispensable in research and practical applica-

tions.
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FIGURE 3.8. Potentiostat schematic [171].

In healthcare, potentiostats play an essential role in biosensing and diagnostics. One
of the most recognized applications is in glucose sensors used for diabetes management.
These sensors rely on a potentiostat to measure the current generated during the en-
zymatic oxidation of glucose, providing real-time blood sugar readings to aid in effective
diabetes control. Beyond glucose, potentiostats are used in biosensors designed to detect a
wide range of other critical biomarkers, including lactate, cholesterol, and neurotransmit-
ters [172]. These applications enable early detection of diseases, personalized treatment,
and continuous monitoring of chronic diseases.

The utility of potentiostats extends beyond healthcare in fields such as environmental
monitoring and food safety. For example, potentiostats facilitate the detection of heavy
metals in water, promoting environmental safety and public health [173]. In the food in-
dustry, they are used to identify harmful substances and contaminants, ensuring the safety
and quality of food products. These applications highlight the versatility of potentiostats
in the resolution of challenges across various domains.

Advancements in technology have significantly transformed potentiostats from bulky;,
expensive laboratory equipment into portable, affordable, and efficient devices. This
evolution has expanded their applications to point-of-care testing and home diagnostics.
For example, wearable potentiostats integrated with wireless communication and mobile
devices enable real-time health monitoring and management, making them highly suitable

for non-invasive diagnostics and personalized healthcare.
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In the context of endurance sports, potentiostats have demonstrated potential to rev-
olutionize athlete health monitoring. When integrated into wearable sensors for sweat
analysis, they provide real-time feedback on key parameters such as electrolyte balance,
hydration levels, and lactic acid concentration during prolonged physical activity. This
information allows athletes to make timely adjustments, optimize their performance and
minimize the health risks associated with dehydration and overexertion.

Potentiostats are transformative tools that enable precise, real-time measurements of
biochemical markers, making them indispensable in a range of applications. From man-
aging chronic diseases such as diabetes to improving athletic performance and ensuring
environmental and food safety, these devices exemplify the convergence of innovation
and practicality. With ongoing advances in technology, potentiostats are poised to play
an even more integral role in healthcare and beyond, driving innovation and improving

quality of life.
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3.3. PotLink: Development of a Portable Single-Channel Potentiostat for
In-Situ Analysis

3.3.1. Introduction and Objectives

This chapter presents the development of PotLink, a portable electrochemical mea-
surement platform designed for wearable and real-time electrochemical analysis. Beyond
the construction of the device itself, the overarching objective of this work is to provide
an accessible, low-power, and wirelessly connected solution that enables electrochemical
sensing to move beyond laboratory settings and into mobile, IoT-enabled applications.
This motivation arises from the growing need for flexible electrochemical monitoring tools
that can be deployed in field conditions, integrated into wearable systems, and used by
non-expert operators.

The system architecture is centered on the LMP91000 potentiostat integrated circuit,
selected for its ability to perform precise electrochemical signal acquisition at low power,
making it suitable for continuous or periodic monitoring in portable environments. To
enable wireless communication, the platform employs an RFduino microcontroller with
integrated Bluetooth Low Energy (BLE) functionality. Together, these components form
a compact, battery-powered hardware platform capable of transmitting data wirelessly to
external devices.

A key feature of the system is its cross-platform web-based interface. This application
utilizes the Web Bluetooth API to establish direct BLE communication between the
RFduino and various client devices, including laptops, tablets, and smartphones. This
architecture removes the need for dedicated native applications or device-specific drivers,
allowing users to configure, control, and visualize electrochemical measurements directly
from a standard web browser.

To ensure long-term data availability and integration into broader Internet of Things
(IoT) ecosystems, a PHP-based web application and database are hosted on a remote
server. This design enables data synchronization across devices and supports remote
monitoring, multi-user access, and the creation of distributed sensing networks.

In summary, this chapter outlines the design objectives of PotLink, which include en-
abling portable electrochemical monitoring, ensuring cross-platform accessibility, reducing
system complexity, and supporting loT-compatible data acquisition. It also details the
integration of hardware and software components and evaluates the performance of the

platform, highlighting both its capabilities and limitations.

29



Chapter 3 Intelligent wearable sensing platform for Healthcare
3.3.2. Materials and Methods

3.3.2.1. System Owverview: The proposed system consists of a computation platform
connected to an LMP91000 potentiostat integrated circuit and a wireless Bluetooth com-
munication interface. The system adopts a server-based architecture: the PHP web ap-
plication and database run remotely, while the user device serves solely as an interface
for interaction. Data collected by the wearable potentiostats are sent to the server for
processing, storage, and visualization.

The overall system architecture is illustrated in Figure 3.9. It integrates the elec-
trochemical front-end, wireless communication module, and external user devices into a

single portable measurement platform.

..............................................

_ 2¢ | | MP91000 AFE
RFDuino &> o iontiostat

\ /

FiGure 3.9. Block diagram of the system architecture.

A web application was developed in PHP to provide acquisition control and a graphical
user interface, ensuring maximum compatibility with a range of devices including laptops,
tablets, and smartphones. This design allows users to operate the potentiostat directly
from their own devices, avoiding the need for dedicated hardware controllers and thereby

reducing the overall system cost.
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Communication between the potentiostat and the web application is established via
Bluetooth Low Energy (BLE), also referred to as Bluetooth 4.0. The web application is
hosted on a web server, which also provides the database infrastructure for this system.
This database operates as a relational database, enabling immediate remote access and

synchronization of measurement data across connected devices.

3.3.2.2. Hardware Design: The hardware implementation of the proposed system in-
tegrates a microcontroller unit (MCU), a potentiostat analog front-end (AFE), precision
voltage reference, power regulation and battery management circuits, assembled on a com-

pact custom PCB. This section details the main components and design considerations.

3.3.2.3. Mzicrocontroller: The microcontroller chosen for this work is the RFduino,
based on the Nordic Semiconductor nRF51822 SoC, which integrates a 32-bit ARM
Cortex-MO processor operating at 16 MHz. This MCU also includes an embedded Blue-
tooth Low Energy (BLE) transceiver, enabling low-power wireless communication with
external computation units such as smartphones, laptops, or tablets. The RFduino sup-
ports 12C and SPI interfaces, allowing straightforward integration with the LMP91000
potentiostat IC, and incorporates a 10-bit onboard ADC sufficient for the required signal
acquisition.

A critical selection factor was the ease of firmware development and rapid prototyp-
ing. The RFduino is fully compatible with the Arduino IDE, unlike other BLE-enabled
microcontrollers that typically require more complex toolchains such as Keil, GCC, or
IAR Embedded Workbench.

Table 3.1 compares the RFduino with alternative platforms considered during the de-
sign phase. While devices like the TT CC2541 and nRF52832 offered similar low-power
BLE capabilities, their development environments were more involved and often necessi-
tated additional breakout boards or custom firmware. The RFduino provided an optimal
trade-off among performance, simplicity, and hardware footprint.

In contrast to the widely used ATmega328P, which lacks built-in BLE and requires
external modules such as the HC-05 or HM-10 for wireless communication, the RFduino
combines BLE and analog acquisition in a single compact module. Although ESP32
platforms are highly capable and popular, they generally consume more power and have
a larger footprint.

Considering compactness, low-power operation, native BLE support, and ease of pro-

totyping, the RFduino shown in Figure 3.10 was selected as the optimal solution.
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TABLE 3.1. Comparison of main characteristics of MCU platforms consid-

ered
Characteristic RFduino TI CC2541 nRF52832
Core ARM Cortex-MO0 8051 ARM Cortex-M4F
Clock Frequency 16 MHz 32 MHz 64 MHz
Flash Memory 256 KB 128 KB 512 KB
RAM 16 KB 8 KB 64 KB
BLE Version 4.0 4.0 5.0
ADC Resolution 10-bit 12-bit 12-bit
Power Consumption Very Low Low Very Low
Programming Support Arduino IDE TIAR/CCS Segger/GCC
Module Size 20 x 20 mm 14 x 22 mm 10 x 16 mm

FiGURE 3.10. RFduino board used in the measurement platform.

3.3.2.4. Potentiostat Integrated Circuit: The potentiostat front-end is based on the

LMP91000, a low-power, programmable analog front-end designed by Texas Instruments

for electrochemical sensing. It supports both two- and three-electrode configurations and

uses a transimpedance amplifier (TTA) with programmable gain from 2.75 k) to 350 k€2,

enabling current measurements from approximately 5 pA to 750 pA. This flexibility is

suitable for amperometric and ion-selective applications where compactness and energy

efficiency are critical.

The device also features programmable reference voltages and biasing, maintaining a

stable potential between the working and reference electrodes over an operating range of

2.7-5.25 V with a typical quiescent current below 10 pA. Figure 3.11 shows the internal

block structure of the LMP91000.
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FiGURE 3.11. Internal block diagram of the LMP91000 potentiostat IC.

Alternative solutions, such as the ADuCM355 from Analog Devices, incorporate a
potentiostat and an ARM Cortex-M3 processor, extending the measurable current range
(10 nA to 1 mA) and providing additional electrochemical functionalities. Nonetheless,
its higher power consumption and integration constraints make it less compatible with

the modular and energy-efficient architecture pursued in this work. Table 3.2 summarizes

VREF VDD
-
LMP91000
CE Variable Vref 12C Interface
Bias | Divider and
Control Logic
CE
RE
REG Temp
WE Sensor
WE — + A
A,J, _TIA
Rioad
v
4
RTIA
AGND

the main differences.

C1 T_‘ }_Tcz

TABLE 3.2. Comparison of potentiostat 1Cs

SCL

SDA

MENB

DGND

VOuT

Feature LMP91000 ADuCM355
Architecture AFE potentiostat only Integrated AFE + MCU 4+ ADC
Processor - ARM Cortex-M3

Current Range
Gain Control
Interface

Voltage Range

Quiescent Current

Development Tools

5-750 pA
Programmable TTA
I’C

27525V

~10 pA

Arduino-compatible

10 nA-1 mA

Programmable TIA + PGA

SPI / UART

1.8-3.6 V

~50 pA (excluding MCU)

IAR / Keil / GCC

3.3.2.5. Additional Components: To ensure stable and precise reference voltages es-
sential for reliable electrochemical measurements, the MCP1501T was integrated. This
precision reference generates a constant 2.048 V output with low drift and low quiescent

current, maintaining measurement accuracy even under battery discharge conditions.
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For battery management, the MCP73831T was selected as a compact, programmable
single-cell Li-Ton/Li-Poly charger. Compared to alternatives like the TP4056 or MAX1555,
the MCP73831T facilitates tighter PCB integration and flexible current configuration, im-
proving safety and efficiency.

Table 3.3 lists the selected key components and alternatives considered during the

design process.

TABLE 3.3. Summary of principal components and alternatives

Function Selected Compo- Alternatives Main Characteris-
nent tics
Analog Front-End LMP91000 AD5940, LMP91200 Programmable  TIA

and bias for portable
sensing

Voltage Reference MCP1501T TL431, LM4040 Stable 2.048 V, low
drift, low quiescent
current

Battery Charger MCP73831T TP4056, MAX1555 Compact Li-Ton
charger with flexible

current settings

3.3.2.6. Modular Design. The system leverages the stackable RFduino architecture
alongside a custom potentiostat shield. This approach simplifies future expansion by
allowing additional sensor modules, such as humidity or temperature sensors, to be easily

stacked. Figure 3.12 shows typical stackable configurations.

FIGURE 3.12. Stackable design: RFduino with potentiostat shield, pro-
grammer, and battery modules.
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Asillustrated in Figure 3.13, the initial stage of development employed the LMP91000EVM
evaluation board from Texas Instruments connected to an RFduino module. This con-
figuration was used to verify the electrical and communication compatibility between the
potentiostat and the microcontroller, as well as to assess their joint performance in data
acquisition and signal integrity. These preliminary tests confirmed stable operation and

established the foundation for subsequent integration into custom PCB designs.

FI1GURE 3.13. Initial testing with the modified LMP91000EVM evaluation
board and RFduino.

Figure 3.14 illustrates the assembled prototype, highlighting the key interfaces: lithium
battery JST connector (orange), micro-USB charging port (green), electrode jack (red),

power switch (blue), and the RFduino module beneath the custom shield (yellow).
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F1GURE 3.14. Assembled PotLink prototype showing key components and
connections.

The final version of the platform (Figure 3.15) includes a dedicated screen-printed elec-
trode (SPE) connector, improving stability and compatibility with commercial disposable

SEensors.

F1GURE 3.15. PotLink V1.0 featuring an SPE connector for direct use with
disposable sensors.

The detailed schematics and PCB layouts for the final implementation are provided

in Appendix A.

3.3.3. Software

The software architecture of the system was designed to deliver a platform-independent,
user-friendly solution for controlling the potentiostat and monitoring electrochemical mea-
surements in real-time. It comprises two main components: the firmware implemented on
the microcontroller and a cross-platform web application, supported by a real-time cloud
database. Together, these enable efficient in-situ electrochemical analysis with wireless

operation.

3.3.3.1. Firmware. The firmware running on the RFduino microcontroller is responsi-

ble for configuring the LMP91000 potentiostat via I?C, acquiring analog measurements,
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and transmitting data to external devices over Bluetooth Low Energy (BLE). Upon ini-
tialization, the firmware advertises BLE availability, waiting for a connection from a client
device, such as a laptop or smartphone.

Once connected, it receives a JSON payload from the web application containing
the potentiostat configuration parameters. These parameters are used to program the
LMP91000 registers. The firmware then begins continuous data acquisition, sampling the
output of the potentiostat and sending the data back over BLE to the client device for
real-time visualization. This process continues until the measurement is completed, after
which the firmware returns to a standby state, ready for the next configuration.

Figure 3.16 summarizes this interaction, showing the BLE connection, configuration,

measurement, and data storage flow.

HTML

PotLink Firmware % Potlink Web App
J Ay »! Wait client Start
Shar ‘ = connects
4L " Finds
True
- PotLink Searches for
BLE Client BLE Handle client ¢
disconnects connection

False

Connects to
Saves configuration on ¢ Receives JSON Potlink
EEPROM configuration via BLE ™
Waits for user
LMP91000 sending Finish
configuration measurement
Configures LMP91000
Writes/Reads

via 12C

User sends
Read ADC e Plots and saves data
on database

Send measurement
via BLE

registers

F1GURE 3.16. Flowchart of the firmware and web application integration,
illustrating BLE communication, configuration, measurement, and data
streaming to the cloud.

3.3.3.2. Web Application. The PotLink web application was developed as a respon-
sive Progressive Web App (PWA) to ensure broad accessibility across desktops, tablets,
and smartphones without the need for installing native software. Communication with
the PotLink device is established directly through BLE using the Web Bluetooth API,

which is supported by modern Chromium-based browsers. This eliminates the need for
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intermediary drivers or applications, enabling direct communication in environments such
as Android, Chrome OS, Windows (Chrome 70+), and MacOS (Chrome 56+).

Once a BLE connection is established, the application sends the configuration JSON
to the device, receives the streamed measurement data, and simultaneously plots the
data in real-time while storing it in the cloud database for subsequent analysis. After
completing a measurement, the application returns to an idle state, ready to start a new
experiment with updated parameters. This workflow offers an interactive and adaptable

environment for conducting electrochemical experiments.

3.3.3.3. Main Application Interfaces. The primary pages of the PotLink web ap-
plication are detailed below, along with figures illustrating each interface.

Registration Page: New users can register by providing a username, email, and
password. The system enforces data integrity through client-side validation, and all pass-
words are securely encrypted before storage in the database, ensuring confidentiality and

protection against unauthorized access.

POTLINK

FIGURE 3.17. Registration page of PotLink for user account creation with
validation.

Login Page: The login page provides secure access to the application by requiring the
entry of valid credentials before any functionality becomes available. Validation feedback
enhances both usability and security, ensuring that only authenticated users can access

and operate the platform.
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#POTLINK

FI1GURE 3.18. Login page of PotLink with credential input and validation.

Home Page: After authentication, users are directed to the home page presented
in Figure 3.19, which serves as the main page of the PotLink platform. This screen
integrates all essential controls for configuring, initiating, and monitoring electrochemical
experiments. The home page is organized into distinct interactive regions to optimize

user workflow:

e Top navigation bar: A top navigation bar provides quick access to core actions,
including connecting to PotLink via Bluetooth LE, refreshing the current view,
navigating to the stored data visualization section to review past measurements,
or securely logging out of the system.

e Panel on the left: This panel is dedicated to the detailed setup of the elec-
trochemical experiment. Users can precisely define all parameters required to
control the potentiostat. Fach configuration field plays a specific role:

— TIA Gain (Transimpedance Amplifier Gain): Sets the conversion fac-
tor from current to voltage, directly influencing the sensitivity and current
measurement range of the system.

— Rioaa (Load Resistor): Adjusts the load conditions of the cell circuit,
affecting both the stability and the dynamic range of current detection.

— Reference Source: Allows selection between internal and external refer-

ence electrodes, enabling the user to control whether the system maintains
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the potential relative to a built-in reference or an external Ag/AgCl (or
equivalent) electrode.

— Internal Zero: Defines the baseline voltage offset (typically a percentage of
the supply voltage) around which the applied potential waveform is centered,
ensuring proper biasing of the electrochemical cell.

— FET Short: A software-controlled feature that temporarily grounds the
working electrode to discharge residual charge, useful for stabilizing the elec-
trode before or after measurement cycles.

— Operation Mode: Specifies the voltammetric technique to be used, such as
cyclic voltammetry (CV), linear sweep voltammetry (LSV), or square wave
voltammetry (SWV), determining how the potential is varied during the
experiment.

— Start Potential (Ebegin), Lower Potential(EVtx1), and Upper Po-
tential(EVtx2): Define the voltage scan range and direction. The start
potential is the initial voltage applied, while the lower and upper potentials
set the boundaries of the voltage sweep, collectively defining the electro-
chemical window explored during the test.

Once these parameters are configured, they are transmitted directly to the po-
tentiostat via BLE, allowing seamless remote setup of the device.

e Panel on the right: As the experiment runs, this panel presents live graphical
plots of the electrochemical measurements. Typically displayed as current versus
potential (voltammograms), these plots are dynamically updated as data streams
in from the potentiostat. Users can interact with the graph and monitor the

evolution of the electrochemical response in real-time.

This integrated interface ensures that all critical experimental controls, parameter
settings, and real-time visualization tools are cohesively presented, enabling a seamless
workflow that extends from precise configuration through to data acquisition and live
electrochemical analysis. Such a design minimizes cognitive load on the user, reduces
procedural errors, and enhances the reproducibility of experiments by maintaining all
essential functionalities within an intuitive, unified environment.

The process of establishing a Bluetooth Low Energy (BLE) connection exemplifies this
streamlined approach. Initiation begins when the user interacts with the blue connection

button, as depicted in Figure 3.19. Upon activation, the web application invokes the Web
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FIGURE 3.19. Home page of PotLink showing BLE connection, experiment
configuration panel, and real-time electrochemical data visualization.

Bluetooth API, prompting a browser-native dialog that enumerates available PotLink
devices. This pop-up window, illustrated in Figure 3.20, guides the user to authorize

Bluetooth communications and to select the appropriate device from the detected list.

PRIl  hteiiocalhost wants to pair

2 Live Data Visualization

Measurement 2409

e (R

Current [uA]

A SEND CONFIG TO DEVICE

FiGURE 3.20. BLE connection interface. The application lists available
PotLink devices and prompts the user to authorize pairing.
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FI1GURE 3.21. Interface after successful BLE connection. The connection
button turns red, indicating an active link to the PotLink device and en-
abling controlled disconnection.

Upon successful pairing and establishment of the BLE communication channel, the
interface provides immediate visual confirmation by changing the connection button from
blue to red, thereby signaling an active session. In this state, the functionality of the but-
ton is reversed, allowing it to serve as a disconnect control to terminate the session when
desired. Figure 3.21 illustrates the application state following a successful connection,
with the device fully linked and ready to receive experimental configurations and stream
measurement data.

This BLE workflow, which includes device discovery, secure pairing, and dynamic
session management, demonstrates the system’s focus on robustness, usability, and oper-
ational transparency. By integrating these mechanisms directly into the web interface, the
platform removes the need for intermediary applications or device-specific drivers, improv-
ing cross-platform portability and enabling rapid deployment across diverse experimental
environments.

Data Visualization Screen: The Data Visualization Screen provides a comprehen-
sive interface for exploring previously acquired measurements. Users can browse, fil-
ter, and interactively analyze stored experimental data, facilitating detailed comparative
studies across different sessions. This capability is essential for longitudinal assessments,
validation of experimental repeatability, and in-depth electrochemical behavior analysis

under varying conditions.
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& PotLink
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FI1GURE 3.22. Data Visualization Screen of PotLink for reviewing and com-
paring saved measurements.

3.3.3.4. Navigation Overview. The typical navigation flow through the PotLink ap-

plication can be summarized as follows:

(1) Users initiate by logging in or registering a new account (Figures 3.18 and 3.17).

(2) Following successful authentication, they are directed to the home page, which
integrates experiment configuration, BLE device connection, and real-time data
visualization (Figure 3.19).

(3) Stored measurements and associated analytical insights are accessible via the
Data Visualization Screen (Figure 3.22), supporting retrospective evaluations

and comparative analyses.

This structured navigation ensures an intuitive yet powerful user experience, seam-
lessly bridging live experimental control with advanced post-experimental data explo-

ration.

3.3.3.5. Database System. This project employs a MySQL relational database to sup-
port robust, structured storage of all experimental data and user information. MySQL
was selected due to its widespread adoption, maturity, and strong support for complex
queries and transactions, making it well suited for managing scientific data that require
consistency and integrity.

The database schema was specifically designed to accommodate the requirements of

the PotLink system and is illustrated in Figure 3.23. It consists of three principal tables:
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e users table: Stores registered user accounts, including unique identifiers, user-
names, encrypted passwords, and associated metadata. This table underpins the
authentication process and ensures secure access control to the system.

e voltammetry table: Records high-level metadata about individual measure-
ments. It includes fields such as the measurement title, the type of electrochemi-
cal sensor used, and establishes a link to the user who performed the experiment.
This association provides clear ownership of experimental sessions and allows
categorization by sensor type or experimental purpose.

e data table: Contains the detailed electrochemical measurement results acquired
during experiments, including time-stamped current and potential values. Each
record is linked back to its corresponding entry in the voltammeter table, pre-
serving the context of the measurement, and indirectly to the user who initiated
it. This relational design enables efficient retrieval and comprehensive retrospec-

tive analysis.

| voltammetry v
—_| data v
"] users v id INT(11)
id INT(11)
id INT(11) > username_id INT(11)
current DOUBLE
username VARCHAR(255) created_at VARCHAR(255)
_———g H— — —] potential DOUBLE
password VARCHAR(255) identificator VARCHAR(255) .
time VARCHAR(255)
email VARCHAR(255) sensortype VARCHAR(255)
> voltammetry_id INT(11)
> titte VARCHAR(255) >
»

FIGURE 3.23. Database diagram.

This relational structure ensures that measurement data are rigorously organized and
easily queryable for comparative studies or long-term tracking. The database enforces
referential integrity through foreign keys, maintaining consistent relationships between
experiments, devices, and user accounts.

Figure 3.23 presents the complete entity-relationship diagram (ERD) of this schema,
highlighting primary and foreign key constraints, as well as the interdependencies among

the tables.
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3.3.4. Validation Results

3.3.4.1. Comparative Cyclic Voltammetry with a Laboratory-Grade Poten-
tiostat. To validate the developed system, cyclic voltammetry (CV) experiments were
performed in direct comparison with a commercial laboratory-grade potentiostat, the So-
lartron 1285 (Ametek), known for its high accuracy in low-current electrochemical mea-
surements. CV was chosen for this assessment due to its sensitivity to electrode kinetics
and instrumentation fidelity, serving as a robust benchmark for potentiostat evaluation
[174].

Both systems were configured with identical parameters using a three-electrode setup:
a platinum disc as the working electrode (WE), a platinum wire as the counter electrode
(CE), and an Ag/AgCl reference electrode (RE), shown in Figure 3.24. The electrolyte
consisted of 0.1 M tetrabutylammonium tetrafluoroborate (TBABF,) in acetonitrile with

0.05 mM ferrocene, selected for its well-characterized reversible redox behavior.

FIGURE 3.24. Reference potentiostat including the following electrodes
platinum WE and CE, and Ag/AgCl RE.
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The LMP91000 potentiostat was configured through the RFduino using I?C commu-
nication, with a bias point at 20% of V., a transimpedance amplifier resistance Ry, of
35k(2, and a load impedance of 10€). The CV sweep ranged from 0 V to 0.6 V and back.

The output current was computed using:

(‘/out - (‘/;"ef X 02))
Rtia

where V,..r was 2.5 V. The resulting current data were transmitted in real-time to the

(3.1)

Iout =

web application.
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FiGure 3.25. Comparative cyclic voltammograms for ferrocene obtained
with the Solartron 1285 and the developed LMP91000-based system as part
of the experimental validation.

Figure 3.25 presents the voltammograms obtained from both systems. The Solartron
reference equipment, operating with a higher sampling frequency, superior analog filter-
ing, and precise factory calibration, produced smoother and more consistent curves. In
contrast, the developed potentiostat exhibited minor misalignment and increased noise
in the redox peaks, mainly due to differences in sampling resolution, electrode condition-
ing, and uncompensated solution resistance. These factors can cause potential shifts and
baseline variations, which are expected in early-stage calibration. Nevertheless, the cus-
tom platform successfully reproduced the characteristic ferrocene redox response, thereby

confirming the correct electrochemical functionality and overall reliability of the system.
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3.3.4.2. Peak Analysis. Quantitative results are summarized in Table 3.4. Both sys-
tems demonstrated comparable differences between oxidation and reduction peaks, high-
lighting that despite differences in resolution and sampling density, the developed device
reproduces the essential electrochemical characteristics.

TABLE 3.4. Oxidation and reduction peak currents obtained from ferrocene
cyclic voltammetry.

Oxidation (zA) Reduction (zA) Diff (pA)

PotLink System 46.10 -32.81 78.91
Solartron 1285 49.54 -28.56 78.10

These findings confirm that the developed platform achieves results close to a high-
end commercial device, at a fraction of the cost, with only minor deviations attributed to

differences in ADC resolution and internal reference stability.

3.3.4.3. Cyclic Voltammetry at Different pH. Additional experiments assessed the
capability of the system to differentiate solutions of varying pH using cyclic voltammetry
(CV). Tests were performed on 0.01 M ascorbic acid (AA) in 0.5 M sulfuric acid (HySO,),
adjusting the pH across a range from 2 to 7. Figure 3.26 shows the voltammograms

obtained.
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FicUrE 3.26. Cyclic voltammograms of 0.01 M AA in 0.5 M H,SO, at
different pH values.

As illustrated in Figure 3.26, the voltammogram corresponding to pH 3 appears trun-
cated when compared with the other curves. This behavior results from the analog-to-

digital converter (ADC) of the acquisition system reaching its input voltage limit during
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the potential sweep. At this pH, the oxidation current exceeded the measurable input
range of the ADC, causing signal saturation and leading to a premature cut-off of the
waveform. Consequently, the recorded potential window was restricted, producing the
apparent discontinuity in the curve. This limitation arises from the finite dynamic range
of the ADC and the absence of automatic gain control rather than from any electrochem-
ical anomaly in the solution. Future versions of the system will address this by expanding
the measurable input range or implementing programmable attenuation to prevent signal
saturation during high-current responses.

Peak and valley currents were extracted and are summarized in Table 3.5. The evo-
lution of these values demonstrates the capability of the system to detect shifts in elec-
trochemical behavior as a function of pH, highlighting its suitability for analytical appli-

cations.

TABLE 3.5. Peak and valley currents (pA) for different pH levels

pH 2 3 4 5 6 7
Valley 3.98 450 449 4.63 4.63 6.10
Peak 23.04 28.94 17.52 9.78 14.34 11.81

Overall, the results demonstrate that the portable system effectively captures electro-
chemical signatures across different experimental conditions, supporting its use in low-

cost, on-site analytical applications.

3.3.5. Potlink System Strengths and Drawbacks

Potlink demonstrated the feasibility of integrating a potentiostat with a web applica-
tion for real-time monitoring; however, several limitations were identified, motivating the
development of the next iteration.

A key limitation of the initial design was its reliance on a separate microcontroller,
with the RFDuino acting as the primary processing unit. This separation increased
the system’s overall size and complexity, which was not ideal for wearable applications.
Additionally, the RFDuino microcontroller posed significant challenges due to its limited
processing capabilities, constraining its ability to handle computationally intensive tasks.
Furthermore, RFDuino has been discontinued, resulting in a lack of ongoing support and

compatibility with modern software tools, which further justified the need for a redesign.
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The web application, while functional, was limited by the compatibility of the Blue-
tooth API. The use of the Chrome Web Bluetooth API restricted the operation of the
system to specific browsers and platforms, reducing its accessibility and usability for a
wider range of users.

Another important consideration was the size of the system. Although functional,
the prototype design did not fully optimize the form factor for wearable applications.
Significant miniaturization was feasible and recommended to improve portability and
integration into wearable devices.

These limitations highlight the need for a more integrated and efficient design in the
next iteration. By incorporating a single unified PCB, selecting a more powerful and
supported microcontroller, and addressing compatibility issues, the next prototype aims
to deliver a more compact, robust, and user-friendly biosensing platform suitable for

wearable applications.
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3.4. NanoPotLink: Design of a Miniaturized Wearable Potentiostat for

Continuous Electrochemical Monitoring

NanoPotLink represents a significant evolution in the PotLink platform, addressing
limitations identified in previous designs and introducing major advances in both hardware
and system architecture. Unlike the earlier standalone potentiostat implementations, this
iteration was explicitly conceived as part of a wearable sensor network (WSN), combining
multiple complementary sensing nodes to achieve more robust physiological monitoring.

The primary objective of NanoPotLink was to improve system integration, improve
wireless communication protocols, and assess the feasibility of non-invasive glucose de-
tection in sweat as part of a broader multimodal approach. In this architecture, the first
sensing node is the custom-developed wearable potentiostat (NanoPotLink) for sweat
biomarker detection, while the second node is a commercial fitness band (Xiaomi Mi
Band 3) used to capture additional physiological parameters such as heart rate and body
movement.

Observation of glucose alone through sweat remains a complex challenge due to several
physiological and biochemical constraints. Sweat glucose concentrations are typically
orders of magnitude lower than those found in blood and exhibit high variability influenced
by sweat rate, skin permeability, ambient temperature, and humidity. These fluctuations,
along with contamination and interindividual differences, hinder reliable quantification
and correlation with blood glucose levels. Consequently, relying solely on sweat glucose
measurements is insufficient for a meaningful interpretation or trend prediction.

To address these intrinsic limitations, the system was designed as a network of syn-
chronized wearable nodes. By integrating the sweat glucose signals from NanoPotLink
with heart rate and activity data from the Mi band, it becomes possible to apply data
fusion techniques that take advantage of the physiological interaction between the car-
diovascular response, physical activity, and metabolic demand. This multimodal strategy
enhances the robustness of estimation models, filters out artifacts caused by sweat rate
or motion, and ultimately supports more reliable tracking of glucose dynamics in a non-
invasive manner.

A major hardware innovation in NanoPotLink is the integration of the RFDuino di-
rectly onto the printed circuit board (PCB), eliminating the need for an external microcon-

troller module. This reduced the device’s form factor and complexity while maintaining
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Bluetooth Low Energy (BLE) connectivity. In previous system versions, the external mi-
crocontroller increased both size and system overhead, limiting wearability and efficiency.

To complement hardware improvements, a dedicated mobile application was devel-
oped to replace the earlier web-based interface. This app enables direct BLE communi-
cation with the potentiostat, offers enhanced real-time data visualization, and provides a
more seamless and user-centric experience. The transition away from the Chrome Web
Bluetooth API addressed platform compatibility issues and contributed to improved re-
sponsiveness and usability.

Chronoamperometry was retained as the core electrochemical technique for glucose de-
tection because of its suitability for low-concentration analyte monitoring [175]. However,
the system architecture was explicitly designed to be modular and extensible, supporting
additional biosensors for analytes such as lactate and electrolytes. This flexibility is par-
ticularly valuable in sports and performance contexts, where continuous information on
hydration and metabolic function is critical.

This chapter details the design, development, and functional validation of the NanoPotLink
system, emphasizing improvements in miniaturization, power management, and commu-
nication efficiency within a networked wearable framework. The results confirm the ef-
fectiveness of these enhancements and establish NanoPotLink as a robust platform for

next-generation wearable biosensing applications.

3.4.1. Materials and Methods

3.4.1.1. System Overview. This section introduces the architecture of the NanoPotLink
system, a low-power wearable biosensing platform designed for the real-time monitoring
of sweat biomarkers during physical activity as part of a multimodal sensor network.
NanoPotLink represents the third iteration in a series of electrochemical sensing systems
developed throughout this work, now explicitly designed to operate alongside additional
wearable nodes.

As illustrated in Figure 3.27, the system comprises two primary sensor nodes: the
NanoPotLink potentiostat for sweat analysis (right) and a commercial Xiaomi Mi Band
3 fitness tracker (left) used for monitoring heart rate and motion. By combining these
independent yet synchronized nodes, the system is able to correlate sweat biomarker fluc-
tuations with cardiovascular and activity patterns, enabling a more detailed interpretation

of the physiological state of the user.
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The implementation of this sensor network is justified by the inherent variability and
susceptibility of sweat-based measurements to external and physiological factors such as
sweat rate, ambient temperature, and motion artifacts [176]. The inclusion of comple-
mentary data streams enables the experimental assessment of multimodal data fusion
approaches aimed at mitigating these limitations. This configuration provides a frame-
work to explore how combined physiological signals may enhance the robustness of glucose

trend estimation, particularly under dynamic exercise conditions.
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FIGURE 3.27. Wearable sensor nodes in the system: Xiaomi Mi Band 3 for
heart rate and motion (left), and NanoPotLink sweat-sensing potentiostat
(right).

Firebase

FIGURE 3.28. Overall system architecture illustrating the multimodal
wearable sensor network and data flow.

The complete architecture is shown in Figure 3.28. The hardware layer consists of
the NanoPotLink potentiostat node and the auxiliary fitness band node. Data from these
sensors is acquired locally and transmitted via Bluetooth Low Energy (BLE) to a mobile

device. BLE was selected for its low power consumption and broad compatibility.
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At the software level, the dedicated mobile application manages device communica-
tion, real-time data visualization, and user interaction. For advanced processing, such as
machine learning-based trend estimation and long-term tracking, the system connects to
a cloud backend. This hybrid local/cloud approach enables immediate feedback as well
as more sophisticated analyses over time.

Together, this architecture supports a more comprehensive assessment of physiological
status, demonstrating how integrating multiple wearable sensing modalities can overcome
the individual limitations of sweat-based measurements and advance non-invasive moni-
toring solutions.

The following sections describe the hardware implementation of the NanoPotLink node
in detail, followed by an explanation of the software architecture covering the mobile app

and backend components.

3.4.1.2. Hardware Description. The NanoPotLink system retained the fundamental
hardware components established in earlier iterations, including the RFDuino microcon-
troller, the LMP91000 potentiostat IC, a lithium battery charging circuit, and an FTDI
interface for programming. A major enhancement in this version was the direct integra-
tion of the RFDuino onto the PCB, eliminating the need for a separate microcontroller
module. This change significantly reduced the overall footprint and improved the me-
chanical robustness of the system, making it more suitable for wearable applications.
Bluetooth Low Energy (BLE) communication was preserved to ensure efficient wireless
data transmission.

The complete schematic and PCB design files for NanoPotLink are provided in Ap-
pendix B.
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FI1cURE 3.29. NanoPotLink system
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As illustrated in Figure 3.29, the updated PCB layout highlights the main functional

regions using color-coded outlines for improved readability and component identification:

e Blue region: FTDI programming interface for serial communication and firmware
upload.

e Yellow region: RFDuino microcontroller, responsible for processing and BLE
communication.

e Red region: LMP91000 potentiostat IC for electrochemical signal acquisition.

e Orange region: Lithium battery charger IC responsible for power management
and safe battery operation.

e Green region: SPE (Screen-Printed Electrode) connector for interfacing with

disposable biosensors.

The system also includes a USB connector for charging and optional data transfer, as
well as a 3.3 V voltage reference and regulator to ensure analog stability and consistent
performance. These refinements significantly enhanced the device’s reliability, portability,
and integration while maintaining its core electrochemical sensing and wireless communi-
cation capabilities.

To enhance measurement accuracy, a dedicated voltage reference chip was incorpo-
rated to provide a stable and precise potential for electrochemical sensing. This addition
improves the reliability of the biosensing platform, ensuring consistent readings under dif-
ferent conditions. These hardware enhancements contribute to the portability, usability,
and overall accuracy of the system, making it more practical for real-world deployment
in wearable biosensing applications.

A Xiaomi Mi Band 3 fitness tracking device was used together with the developed
system, integrated through the BLE GATT protocol. In this version, data acquisition
from the fitness band was fully incorporated into the React Native application, allowing
seamless real-time synchronization and storage of physiological parameters directly within
the application. This enhancement removes dependence on third-party software, creating
a more cohesive and efficient user experience while ensuring that all collected data are

managed within a unified platform.
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3.4.2. Software: Embedded and high level software

The software layer of the NanoPotLink system comprises two main components: the
mobile application for user interaction and device communication, and the cloud-based
infrastructure for data storage, synchronization, and remote access. Several options were
considered during the development phase for both the mobile and backend components,
with the final choice based on criteria such as cross-platform compatibility, low-latency
communication, ease of integration, scalability, and community support.

The firmware was developed in Arduino C and deployed on an RFDuino platform,
leveraging the RFduinoBLE library to establish Bluetooth Low Energy (BLE) commu-
nication with the mobile application. It manages low-level operations including BLE
advertising and connection handling, parsing of configuration data received via BLE, and
programming the LMP91000 analog front-end through the 12C protocol. This design en-
ables real-time reconfiguration of potentiostat parameters and continuous acquisition of
sensor data, which is then transmitted back to the mobile application for visualization

and subsequent storage in the cloud infrastructure.

3.4.2.1. Mobile Application: Multiple approaches were evaluated for the development
of the mobile application. Native development using Swift (10S) and Kotlin/Java (An-
droid) offers optimal performance and full hardware access but requires maintaining two
separate codebases, increasing development time and complexity. Hybrid solutions like
Ionic or Cordova were also considered but were discarded due to limitations in perfor-
mance and BLE (Bluetooth Low Energy) handling.

React Native emerged as the preferred framework due to its ability to build high-
performance cross-platform applications using a single codebase. Developed by Meta,
React Native provides near-native performance, supports BLE communication libraries,
and allows rapid iteration and deployment on both Android and iOS platforms. Its active

developer community and extensive plugin ecosystem also contributed to the decision.

3.4.2.2. Cloud Database and Backend. For the cloud backend, several database
platforms were evaluated, including traditional SQL-based solutions (e.g., MySQL, Post-
greSQL), NoSQL options (e.g., MongoDB, CouchDB), and backend-as-a-service (BaaS)
platforms such as AWS Amplify and Google Firebase.

Firebase was selected as the backend solution due to its integration with mobile plat-
forms, built-in support for real-time databases, and simplified deployment process. Devel-

oped by Google, Firebase provides a scalable cloud-hosted NoSQL database that enables
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live synchronization of biosensor data with minimal configuration. The adopted architec-
ture follows a serverless model, in which the backend infrastructure is fully managed in
the cloud, eliminating the need for dedicated server maintenance and allowing automatic
scaling based on demand. This configuration supports real-time monitoring, efficient
data storage, and reliable data retrieval, which are essential for time-sensitive physiolog-
ical sensing applications. In addition, Firebase includes native authentication, hosting,

and analytics services, further simplifying overall system integration.

3.4.2.3. Software Implementation: The software implementation for NanoPotLink
combines a React Native mobile application with Firebase as the backend service. The
application handles Bluetooth communication with the NanoPotLink device and local
data caching. Sensor data are transmitted to Firebase in real-time, where they are stored,
synchronized, and made accessible for further analysis or visualization. This architecture
provides a robust, scalable, and user-friendly platform suitable for wearable biosensing

and remote health monitoring applications.

3.4.2.4. Login Screen: The login screen illustrated in Fig. 3.30a allows users to se-
curely access the application by entering their registered email and password. Each user
account stores measurement data, enabling personalized data tracking and history re-

trieval.

3.4.2.5. Register Screen: The registration screen demonstrated in illustrated in Fig.
3.30b enables new users to create an account, ensuring that each user has an individual

profile for storing and accessing measurement data.

3.4.2.6. Configuration Screen: The configuration screen illustrated in Fig. 3.31a au-
tomatically scans for available potentiostat devices via BLE and displays detected devices
for selection. This ensures seamless connectivity between the mobile application and the
biosensing platform, allowing for a user-friendly and efficient setup.

Once a device is selected, users can configure the potentiostat by adjusting critical
electrochemical parameters that are tailored to their specific sensing application. The
ability to fine-tune these settings is essential for optimizing the measurement accuracy
and adapting the system to different types of biosensors. The configurable parameters

are:
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FIGURE 3.30. Mobile app user interface: (a) Login screen allowing user
authentication, and (b) Register screen enabling new user account creation.

e TTA Gain: Configures the transimpedance amplifier gain, determining the am-
plification of the sensor’s current signal. Proper selection of gain is crucial to
achieve the best signal-to-noise ratio in electrochemical detection.

e R Load: Sets the sensor’s internal load resistance, affecting current flow and
measurement sensitivity. The correct value ensures stable sensor operation and
accurate readings.

e Reference Source: Defines whether an internal or external reference voltage is
used for signal processing. This selection influences the potential stability of the
WE.

e Internal Zero: Adjusts the internal baseline potential for electrochemical mea-

surements, ensuring that the WE operates at an appropriate voltage.
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e FET Short: Enables or disables FET short circuit, affecting circuit stability
and measurement precision. This setting is important for conditioning the sensor
before measurements.

e Operating Mode: Selects between different electrochemical measurement modes,
such as two-electrode or three-electrode configurations. These modes define the
arrangement of the reference, counter, and WEs.

e Cyclic Mode: Configures CV settings, including the number of cycles to be
performed. This setting is critical for obtaining the oxidation-reduction profiles
of the target analytes. This only takes effect when Cyclic toogle is on. Otherwise

the system will perform step voltammetry.
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FIGURE 3.31. Mobile app user interface: (a) Configuration screen for se-
lecting and setting potentiostat parameters, and (b) Measurement screen
displaying real-time electrochemical data visualization.
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Users can save configurations for future use, minimizing manual setup and ensuring
consistency across measurements. Once configured, they can proceed to the measurement
page, where real-time graphical data visualization provides immediate electrochemical
feedback, enabling trend monitoring, anomaly detection, and sensor validation. This
streamlined workflow enhances usability, making the system accessible for both researchers
and athletes needing real-time electrolyte and hydration monitoring. The integration of
BLE communication, real-time adjustments, and data visualization ensures adaptability

across various biosensing applications.

3.4.2.7. Measurement Page: The measurement page illustrated in Fig. 3.31b pro-
vides real-time visualization of data acquired from the potentiostat. The data is displayed

as a plot, allowing users to monitor electrochemical signals dynamically.

3.4.2.8. Concentration Page: The concentration page represented in Fig. 3.32a dis-
plays the concentration of a specific substance based on calibrated sensor data. In this

iteration, the system was calibrated exclusively for glucose measurements.

3.4.2.9. Data Page: The data page illustrated in Fig. 3.32b allows users to access
previous measurement records using a calendar-based interface. This feature facilitates

long-term monitoring and trend analysis of electrochemical readings.

3.4.2.10. Application Overview: The mobile application features a bottom naviga-
tion bar that allows users to seamlessly switch between different sections. Its architecture
is built to provide real-time data acquisition, processing, and visualization while ensuring
a user-friendly experience. The integration of BLE via react-native-ble-plx enables efficient
communication with the potentiostat, while Firebase Cloud Firestore ensures secure data
storage and real-time updates. Visualization components leverage the react-native-svg
and D3 libraries, providing high-quality graphical representations of biosensor data. This
application marks a significant improvement over the previous web-based implementation,

enhancing usability, system integration, and real-time monitoring capabilities.

3.4.2.11. Real-Time Database: In this project, the Firebase Cloud Firestore was uti-
lized as the database service. Although Cloud Firestore is a NoSQL database, it offers
features such as scalability and flexibility, which enable the potentiostat to be operated

remotely in real-time.
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FIGURE 3.32. Mobile app user interface: (a) Concentration page display-
ing glucose concentration readings, and (b) Data page providing historical

data access through a calendar-based interface.

3.4.3. Calibration procedure

4))

24

31

Data

Chronoamperometry was employed for glucose analysis as a result of its high sen-

sitivity and rapid response time. This electrochemical technique involved setting a 0V

bias potential for 1 second to allow the biosensor to stabilize, followed by maintaining a

0.5V potential for 29 seconds. The resulting current was measured using the RFDuino

ADC, which converted the analog signal into a current value corresponding to glucose

concentration.

Figure 3.33 illustrates the diagram of the calibration and testing methods associated

with nodel. The experimental protocol was divided into distinct steps to ensure accurate

calibration and validation of biosensor performance.
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FiGure 3.33. Calibration and testing procedures for node 1.

Box 1 of the diagram details the preparation of solutions with known glucose con-
centrations, where six samples with increasing glucose levels were prepared to establish a
calibration curve. These solutions were carefully mixed to ensure uniform distribution of
glucose molecules, minimizing measurement variability.

In Box 2, these prepared solutions were analyzed using an electrochemical sensor
integrated with the potentiostat system. The sensor response was recorded for each
glucose concentration, generating a current that was plotted to determine the sensitivity
and linearity of the sensor. To validate the precision of the biosensor, the results were
compared with a reference glucose analyzer.

The reference glucose analyzer used was the FreeStyle Neo Precision, a commercially
available blood glucose meter that measures glucose concentrations in mg/dL. It is de-
signed for blood samples and operates within a detection range of 25 to 500 mg/dL. This
comparison allowed the system to be benchmarked against an industry-standard method,
ensuring reliability in real-world applications.

To further refine the calibration accuracy, each sample was measured in triplicate,
reducing potential errors caused by signal noise or electrode inconsistencies. The acquired
data were then processed using a least-squares regression approach to derive a calibration

equation, which was later applied to predict glucose levels in sweat samples.
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To assess sensor stability and repeatability, measurements were performed at multiple
time points, ensuring minimal signal drift during extended use. Environmental factors
such as temperature and humidity were also monitored, as they could impact sensor
performance. These considerations ensured that the biosensor maintained reliable perfor-
mance under different experimental conditions.

By integrating chronoamperometry with a carefully controlled calibration protocol,
this method provided a robust foundation for non-invasive glucose monitoring, paving the

way for real-time biosensing applications in wearable healthcare devices.

3.4.4. Experimental Validation

The experimental protocol consisted of evaluating the performance of the developed
system using commercially available Freestyle Precision glucose test strips, followed by val-
idation against the Freestyle Precision Neo glucose meter. The protocol involved preparing
a set of glucose solutions with different concentrations obtained by diluting a commercially
available sugary drink. Each solution was measured using both the IoT Potentiostat and
the Freestyle Neo device to enable comparative analysis.

The Freestyle Precision Neo meter was used as the reference instrument for glucose
quantification in the prepared solutions. However, because the meter is designed specifi-
cally for blood glucose monitoring in diabetes patients, it is unable to report values below
25 mg/dL or above 500 mg/dL. As a result, solutions falling outside this measurable
range were classified qualitatively as either “low” (below 25 mg/dL) or “high” (above 500
mg/dL). This limitation was taken into account during the interpretation and comparison
of results between the two measurement systems.

Fig. 3.34 represents the first results. As can be observed in the figure, the first second
represents a sensor stabilization period where no potential is applied, the potential is
stepped to 0.5V and held constant for 29 seconds. The sensor provides a reliable result

after 5 seconds.
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3.4.4.1. Proof-of-Concept Sweat Monitoring During Indoor Cycling. To eval-
uate the feasibility of using the developed platform for monitoring dynamic changes in
sweat composition, a preliminary proof-of-concept experiment was conducted with a single
participant (24 years old). The participant performed a one-hour indoor cycling session
following a structured intensity protocol, illustrated in Fig. 3.35. The exercise was car-
ried out on an indoor bike equipped with five resistance levels. The sequence started at
Level 1, increased progressively to Level 5, and then decreased back to Level 1. This
controlled progression was designed to induce systematic variations in metabolic demand
and perspiration rate.

During the exercise session, six sweat samples were collected at predefined intervals
and analysed using the proposed device. The experiment took place in an enclosed en-
vironment to accelerate perspiration and ensure consistent sample collection conditions.
Figure 3.36 shows an example of the biosensor output during one of the measurements,
highlighting a zoomed-in region around the 5-second mark where the sensor response
stabilised. Although the biosensors used were originally intended for higher glucose con-
centration ranges, this experiment aimed to assess their responsiveness at the lower levels

typically found in sweat.
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F1GURE 3.35. Indoor cycling training plan showing progression from Level
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FIGURE 3.36. Biosensor current output for a sweat glucose sample, with
a stable region visible around the 5-second mark.

Heart rate and exertion were simultaneously monitored using a consumer fitness band,
with an example of the recorded heart rate displayed in Fig. 3.37. During the initial
moderate-intensity phase (Level 1 to Level 3), the biosensor displayed a slight down-
ward trend in glucose levels. As intensity increased toward Level 5, the signal exhibited
a more pronounced decrease, consistent with increased glucose utilisation as metabolic

activity intensified. Although the biosensors were not specifically optimised for the low
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concentration ranges of sweat, the platform was still capable of detecting relative trends

corresponding to physiological changes.
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Ficure 3.37. Mi Fit application output showing heart rate during the
indoor cycling session.

This preliminary single-subject experiment primarily serves as a functional validation
of the integrated system. The results show that the platform can detect relative variations
in sweat glucose levels under controlled changes in exercise intensity. While further studies
with a larger group of subjects are needed to establish statistical significance and to
calibrate the sensors for accurate quantification at sweat-level concentrations, these initial
findings demonstrate the system’s potential for dynamic sweat analysis and provide a

foundation for future refinements and broader validation.

3.4.5. NanoPotLink System Strengths and Drawbacks

NanoPotlink introduced significant advances over the first iteration, including the
integration of the RFDuino directly onto the PCB, a dedicated mobile application for real-
time data acquisition and visualization, and improved system portability. The adoption of

BLE communication allowed efficient and low-power data transfer, enhancing the usability
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of the biosensing platform. Although these improvements made the system more practical
for wearable applications, several limitations were identified, which guided design decisions
for a new system.

One of the primary challenges was the processing limitations of the RFDuino. Al-
though its integration into the PCB reduced system complexity, its computational power
remained constrained, limiting the potential for on-board signal processing and advanced
data handling. To overcome this, future iterations will explore the use of a more powerful
microcontroller capable of supporting real-time data processing while maintaining low
power consumption.

Another limitation was the manual adjustment of electrochemical sensing parameters
via the application. While the mobile app provided an intuitive interface for configuring
settings such as TIA Gain, R Load, and Reference Source, future iterations will explore
automated calibration procedures and adaptive measurement configurations to enhance
user experience and improve measurement accuracy.

The system, while successfully calibrated for glucose detection, requires further vali-
dation for detecting additional analytes, such as lactate and electrolytes. Expanding the
biosensing capabilities of the platform is a key focus for the next iteration, allowing for
broader applications in health monitoring and sports performance tracking.

In terms of design, further miniaturization and power optimization will be pursued
to enhance the wearability and usability of the device. The integration of a more effi-
cient power management system, including extended battery life and optimized energy
consumption, will be essential for enabling continuous monitoring applications.

These limitations highlight the need for ongoing improvements in hardware, sensor
adaptability, and usability. The next iteration will focus on increasing processing power,
improving system automation, expanding analyte detection capabilities, and optimizing

the overall design for enhanced portability and long-term usability.
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3.5. MultiPot: Implementation and Evaluation of a Four-Channel

Potentiostat System for Multi-Analyte Detection
3.5.1. Overview

MultiPot is a four-channel potentiostat platform developed to address the growing
need for real-time, multi-analyte electrochemical sensing in portable and wearable ap-
plications. Conventional single-channel potentiostats limit the ability to monitor several
biomarkers simultaneously, which is essential in contexts where physiological, biochemical,
or environmental parameters interact dynamically. Multi-analyte detection is particularly
important in fields such as sports physiology, metabolic monitoring, point-of-care diagnos-
tics, and environmental sensing, where capturing correlated biochemical trends enables
more robust interpretation than isolated measurements.

To meet these requirements, MultiPot integrates a custom-designed printed circuit
board (PCB) and an optimized hardware—firmware stack that ensures high signal fidelity,
low noise, and scalability within a compact form factor. At its core, the Artemis mi-
crocontroller provides the computational throughput, power efficiency, and peripheral in-
terfacing necessary for simultaneous multi-channel data acquisition and processing. The
system architecture supports flexible front-end configurations, enabling either parallel or
multiplexed sensor operation depending on the target application.

A mobile application complements the hardware by offering configuration control and
real-time visualization of multi-channel sensor data. By supporting simultaneous mea-
surement of several electrochemical signals, MultiPot enables richer physiological insight,
improved anomaly detection, and more accurate modelling of dynamic biochemical pro-
cesses. Target application domains include biochemical monitoring, sports performance
analytics, and environmental diagnostics, where multi-analyte sensing provides clear ad-

vantages over traditional single-parameter approaches.

3.5.2. Comparison of Hardware Architectures

Two front-end configurations were evaluated for multi-analyte sensing performance:

(1) Multiplexer-based architecture: a single LMP91000 potentiostat sequen-
tially switched across multiple sensors, as detailed in Appendix C.
(2) Multi-chip architecture: four independent LMP91000 potentiostat front-ends,

each dedicated to a single channel, as detailed in Appendix E.
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The multiplexer-based design offers reduced hardware cost and board complexity but
exhibits switching delays, transient artifacts, and elevated noise levels due to shared analog
paths, limiting its suitability for real-time, parallel detection. The multi-chip configura-
tion, while more resource-intensive, ensures true simultaneous acquisition with superior
signal integrity and reduced cross-talk.

In the four-chip configuration, parallel acquisition is achieved through the use of four
LMP91000 potentiostat front-ends. Each device is configured via the I?C bus while main-
taining an independent analog output. Because the LMP91000 lacks programmable I?C
addressing, individual devices are selectively enabled through dedicated GPIO control
lines to avoid bus conflicts. Although initialization occurs sequentially, concurrent sam-
pling is maintained through isolated analog channels, ensuring high measurement integrity

and minimizing inter-channel interference.
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FIGURE 3.38. Prototype PCB for the multiplexed configuration, illustrat-
ing sequential sensor addressing.

A comparative summary of both front-end architectures is provided in Table 3.6.
Experimental results demonstrate that the independent four-chip configuration achieves
superior accuracy, lower cross-talk, and improved temporal stability, at the expense of
increased PCB complexity and marginally higher power consumption. These results con-
firm that architectural separation of the analog front-ends provides measurable gains in

performance for concurrent electrochemical sensing applications.
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TABLE 3.6. Comparison of Multiplexer-Based and Independent LMP91000

Configurations
Feature Multiplexer-Based Four Independent LMP91000
Measurement Mode Sequential (time-multiplexed) Parallel (independent channels)
Signal Quality Higher noise due to switching artifacts High fidelity, isolated analog paths
Sampling Speed Limited by switching latency Unaffected by channel scaling
Cross-Talk Observable (shared analog path) Negligible
Channel Configuration Uniform across sensors Individually configurable
Real-Time Compatibility Restricted Fully compatible
Hardware Complexity Low Moderate (GPIO control required)
Power Consumption Lower Slightly higher

3.5.3. Hardware Architecture

The MultiPot hardware platform, presented in Fig. 3.39, was developed to achieve
high-fidelity, low-noise electrochemical measurements while maintaining modularity, scal-
ability, and compactness suitable for portable and wearable deployments. The architecture
integrates four LMP91000 potentiostat front-ends, an Artemis microcontroller responsible
for data acquisition and communication, an inertial measurement unit (IMU) based on
the LSM9DS1 sensor, an MCP73831 Li-ion battery charger, and a CH340 USB-to-serial
interface used solely for debugging and development.

The printed circuit board (PCB), designed in Altium Designer, adopts a dual-layer
structure with spatial and electrical separation between analog and digital domains to
mitigate coupling noise. The ground plane was partitioned into analog and digital sec-
tions, interconnected through a controlled impedance bridge to minimize return current
interference. Sensitive analog traces, including the transimpedance amplifier outputs
from each LMP91000, were routed as short, shielded differential paths to reduce parasitic
capacitance and electromagnetic susceptibility. Power decoupling capacitors were strate-
gically placed adjacent to each potentiostat front-end to stabilize the supply voltage and
suppress high-frequency noise. This layout strategy ensures accurate current-to-voltage
conversion and reliable signal acquisition even during concurrent multi-channel operation.
A complete schematic and corresponding PCB footprints are included in Appendix E.

Microcontroller Selection: The selection of the Artemis microcontroller was driven
by the specific requirements of multi-channel electrochemical sensing in portable and
wearable contexts. In contrast to conventional single-channel systems, the MultiPot plat-

form requires simultaneous acquisition from four potentiostat front-ends, precise timing
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FI1GURE 3.39. Different perspectives of the final four-channel PCB design.

synchronization, low-noise digital operation, and sufficient computational headroom for
on-device signal conditioning and data handling. These requirements impose constraints
on processing throughput, peripheral availability, and power efficiency.

The Artemis microcontroller, based on an ultra-low-power ARM Cortex-M4F core, of-
fers an advantageous balance between computational performance and energy efficiency.
Its floating-point unit (FPU) enables efficient real-time signal processing, while its high-
speed SPI and I2C interfaces support concurrent communication with multiple LMP91000
front-ends and auxiliary sensors. Furthermore, its low active and sleep power consump-
tion makes it particularly suitable for battery-powered and wearable deployments, where
thermal stability and long operational lifetime are critical.

Compared to commonly used alternatives such as ESP32-, nRF52-, or STM32-based
platforms, Artemis provides superior energy efficiency at comparable computational ca-
pability, while avoiding unnecessary wireless stacks or peripheral overhead that could
introduce additional noise or power consumption. A comparison of representative mi-
crocontrollers is presented in Table 3.7, highlighting the rationale behind the Artemis

selection for the proposed architecture.

TABLE 3.7. Engineering comparison of candidate microcontrollers for the
MultiPot platform

Microcontroller CPU Core Max Clock  Active Current Key Interfaces
Artemis ARM Cortex-M4 96 MHz ~6mA @ 48 MHz SPI, I1°C, UART
ESP32 Dual-core Xtensa LX6 240 MHz ~80-240 mA SPI, 12C, UART, Wi-Fi, BLE
nRF52 ARM Cortex-M4 64 MHz ~5.3mA @ 64 MHz SPI, 12C, UART, BLE
STM32 (F4 series) ARM Cortex-M4 168 MHz ~25mA @ 84 MHz SPI, I°C, UART

Motion Sensor Integration: The inclusion of the LSM9DS1 IMU enhances the
functionality of the system by enabling motion-aware electrochemical sensing. This sen-

sor supports tri-axial acceleration, angular velocity, and magnetic field measurements,
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allowing the system to quantify user movement and orientation in real-time. Such capa-
bility is critical for wearable biochemical applications, where body motion can introduce
mechanical stress, variations in contact pressure, or microfluidic instability, all of which
may distort electrochemical responses. By synchronizing the IMU data stream with elec-
trochemical sampling timestamps, motion artifacts can be characterized and either com-
pensated algorithmically or used as contextual metadata. Furthermore, motion-derived
features can support the interpretation of biochemical variations in dynamic conditions,
such as lactate or sweat electrolyte levels during physical exertion. The integration of
the IMU establishes a hybrid biosensing architecture that merges chemical and kinematic
data to enable more robust and context-aware physiological monitoring.

Power and Programming Subsystems: Power management and firmware deploy-
ment were optimized for compactness and modularity. To reduce the overall board area
and mechanical thickness, the on-board USB-C programmer was omitted in favor of an
external pogo-pin interface (Fig. 3.40). This interface provides temporary contact for in-
circuit programming and debugging, without adding permanent bulk or connector stress
to the enclosure. The pogo-pin adapter connects directly to the Artemis SWD and UART
lines, ensuring full compatibility with standard flashing utilities.

Energy storage and charging are managed through a single-cell Li-ion battery con-
trolled by the MCP73831 linear charger. The device includes thermal regulation and pre-
conditioning for deeply discharged cells, ensuring operational safety during autonomous
use. Power path routing was designed to minimize ground potential variation between
analog front-ends and digital subsystems. Local low-dropout regulators (LDOs) isolate
analog reference lines from the noisy digital domain, maintaining consistent biasing for
the LMP91000 units and reducing baseline drift. The CH340 USB-to-UART interface
remains available through test pads, allowing wired debugging when necessary without
compromising the sealed or wearable form factor.

Wireless Communication and Layout Optimization: Wireless data transmis-
sion relies on the Artemis platform’s integrated Bluetooth Low Energy (BLE) transceiver,
which provides low-power bidirectional communication with a paired mobile device. The
removal of a fixed USB interface improved mechanical robustness and reduced electro-

magnetic interference near the analog front-end.
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FI1GURE 3.40. External pogo-pin programming interface for firmware de-
ployment.

The PCB layout was further refined to maintain uniform ground potential across
all analog channels, mitigating offset drift and inter-channel crosstalk. Mechanical con-
siderations were incorporated into the layout to enable integration within rigid-flex or
encapsulated wearable formats, ensuring both electrical stability and physical durabil-
ity. Over-the-air (OTA) firmware updating was experimentally verified at the bootloader
level but not deployed in the final firmware due to incomplete BLE library support for

the Artemis platform, which limited the reliability of large binary transfers.
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3.5.4. Firmware, Software, and Mobile Application

The MultiPot software ecosystem, illustrated in Fig. 3.41, comprises three main layers:
the embedded firmware running on the Artemis microcontroller, the backend infrastruc-
ture (PHP and MySQL), and a cross-platform mobile application developed in React
Native. Together, these layers form an integrated pipeline for configuration, data acqui-

sition, wireless transmission, and visualization of multi-analyte electrochemical data.

php ., . -

Multipot firmware

WRead Config Flash Memory
Config T | ‘
Store Config  Read Config

SPE Interface > LMP91000 —>» \/
[} ]

SPE Interface | 5 LMP91000 —> BLE <—>

Real-time data Mobile App
SPE Interface |y LMP91000 —>

] Data

preprocessing

SPE Interface Ly LMP91000 —>
ADC

FIGURE 3.41. Firmware and software integration block diagram. The sys-
tem architecture links the MultiPot hardware with a PHP-MySQL backend
and a React Native mobile application. Configuration parameters for each
potentiostat are stored on the server and transmitted via BLE to the Mul-
tiPot device. The device executes configuration commands, performs signal
acquisition, and streams pre-processed data to the app for visualization and
storage.

Firmware Architecture: The embedded firmware, developed in the Arduino envi-
ronment using the ArduinoBLE library, orchestrates the operation of the MultiPot plat-
form and manages the four LMP91000 potentiostat front-ends. Figure 3.42 illustrates the
overall firmware execution flow, from system initialization to real-time data acquisition,
communication, and configuration management.

Upon power-up or reset, the firmware starts Bluetooth Low Energy (BLE) advertising
and checks for the presence of a previously stored configuration in flash memory. If a

valid configuration is available, it is loaded to restore the last operating state, ensuring
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continuity after power loss. Otherwise, the system waits for a BLE connection and in-
coming configuration commands from the mobile application. Once a device is connected,
new configuration parameters can be received, applied, and persistently stored in flash
memory for subsequent operation cycles.

After configuration, the system enters the measurement phase, where the four LMP91000
potentiostat front-ends are addressed sequentially through the I?C bus using GPIO-
controlled enable lines to prevent address conflicts. For each channel, the firmware
configures the corresponding potentiostat, acquires electrochemical signals through the
analog-to-digital converter (ADC), and stores the samples in an internal buffer. A light-
weight pre-processing stage, including digital filtering and baseline correction, is applied
to reduce noise and improve signal quality.

As shown in Fig. 3.42, buffered data are transmitted in real-time to the mobile ap-
plication via BLE whenever a connection is active. The firmware continuously monitors
the communication state, allowing measurement to proceed independently of connectivity
while ensuring timely data transmission when possible. This architecture supports run-
time reconfiguration, persistent storage of operating parameters, and robust multi-channel

electrochemical acquisition suitable for portable and wearable applications.
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FIGURE 3.42. Firmware flowchart of the MultiPot platform, illustrating
system initialization, configuration loading from flash memory, BLE connec-
tion management, sequential configuration and sampling of the LMP91000
potentiostat front-ends, buffered data transmission via BLE, and runtime
configuration updates with persistent storage.
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Backend API and Database: The backend layer, implemented in PHP with a
MySQL relational database, stores user profiles, device configurations, and measurement
datasets. The RESTful API exposes endpoints for data retrieval and potentiostat con-
figuration management. Each MultiPot device can be individually registered, enabling
user-specific calibration curves and measurement profiles. This architecture supports
both local and remote data synchronization, allowing continuous monitoring and post-
processing through external analytical tools.

Mobile Application Architecture: The user-facing component is a cross-platform
mobile application developed in React Native, designed to manage user authentication,
device configuration, real-time visualization, and data management. The application
communicates with the MultiPot device via Bluetooth Low Energy (BLE) and interfaces
with the backend PHP-MySQL server through RESTful HTTPS endpoints, enabling
synchronized operation between hardware and cloud-based data storage.

The overall workflow of the mobile interface follows the user journey from authentica-
tion to data visualization, as illustrated in Figs. 3.43-3.46.

User Authentication and Registration: The initial interface (Fig. 3.43) includes
two entry points: Fig. 3.43(a) shows the login screen, where users authenticate using their
email and password credentials. Fig. 3.43(b) presents the registration page, which allows
the creation of new user accounts before accessing the main dashboard. Both interfaces are
linked to the backend through secure API calls that validate credentials and synchronize

user profiles.
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FIGURE 3.43. User authentication workflow of the MultiPot mobile appli-
cation, including (a) login and (b) registration screens.

Device Selection and Configuration: Following authentication, users proceed to
device setup and configuration. As shown in Fig. 3.44(a), the configuration interface
enables per-channel adjustment of potentiostat parameters such as bias voltage, tran-
simpedance gain, and sampling rate. The device selection screen, depicted in Fig. 3.44(b),
allows users to connect to available MultiPot devices via BLE, displaying device identifiers

and connection status.
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FIGURE 3.44. Device configuration workflow showing (a) channel setup
options and (b) MultiPot selection for BLE communication.

Real-Time Visualization and Multi-Channel Monitoring: Once configuration
is complete and the device connection established, the user can monitor electrochemical
signals in real-time. Fig. 3.45(a) shows the potentiostat channel selector, which allows
the user to specify which of the four channels should be actively plotted. Fig. 3.45(b)
illustrates simultaneous data visualization for two selected channels, demonstrating the
multi-analyte sensing capability of the system. The real-time chart updates dynamically
as new data packets are received from the device through BLE, ensuring immediate feed-

back during experiments.
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FIGURE 3.45. MultiPot real-time data monitoring. Panel (a) allows chan-
nel selection, and panel (b) demonstrates multi-analyte data visualization.

Concentration Calculation and Data Management: Beyond live monitoring, the
mobile application supports the conversion of raw electrochemical readings into biochem-
ical concentration values and offers database visualization tools (Fig. 3.46). Fig. 3.46(a)
shows the concentration calculation interface, where calibration equations—defined for
specific sensors and analytes—are applied to convert measured currents into concentra-
tion values. Fig. 3.46(b) presents the database view, which lists stored measurements and
enables users to retrieve or export historical data for offline analysis. This dual function-

ality expands the usability of MultiPot for both laboratory and field-based studies.
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FIGURE 3.46. Post-processing and data management features of the Mul-
tiPot mobile application: (a) concentration estimation and (b) historical
data retrieval.

All software layers were evaluated for communication stability and synchronization ac-
curacy. BLE performance was validated up to a continuous data rate of 40 Hz per channel
without observable packet loss. Flash memory ensures that device configuration persists
between sessions, and the PHP-MySQL backend manages user profiles, calibration coef-
ficients, and historical datasets. Together, these components form a cohesive and scalable
software ecosystem that enables real-time, multi-channel electrochemical monitoring with

user-friendly data visualization and management capabilities.

3.5.5. Complete System Assembly and Integration

After PCB fabrication, all surface-mount components were assembled and tested to

produce the final integrated MultiPot system, illustrated in Figs. 3.47-3.49. The assembly
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phase focused on achieving mechanical compactness, electrical reliability, and modular

connectivity between the main sensing board and the external programming module.

S Pt e o

I T St MBI amorain i, 15

FIGURE 3.47. Top view of the fully assembled MultiPot hardware, show-
ing the four-channel potentiostat architecture with integrated motion sen-
sor, power management circuitry, BLE antenna layout and SPE connectors
highlighted in yellow where the printed electrodes could be connected.

The completed system, shown in Fig. 3.48, integrates the core sensing board with
the pogo-pin programming interface for firmware deployment. This connection enables
seamless reprogramming and debugging without requiring a permanent connector, pre-
serving the structural integrity of the enclosure. The modular approach facilitates iterative

firmware updates and rapid hardware validation while maintaining a minimal footprint

for wearable operation.
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FIGURE 3.48. Perspective view of the assembled MultiPot system inter-
faced with the external pogo-pin programmer for in-circuit firmware flash-
ing and debugging.

A standalone view of the external programmer module is presented in Fig. 3.49. The

programmer features spring-loaded pogo contacts, USB-to-UART conversion, and voltage

level translation, ensuring reliable communication with the Artemis microcontroller during

firmware upload. Once programming is completed, the module can be detached, leaving

the sensing unit fully autonomous for battery-powered operation.

FIGURE 3.49. Standalone external programmer used for firmware flashing
of the Artemis microcontroller. The design employs spring-loaded pogo
contacts for rapid, connector-free interfacing with the main board.

The final assembly demonstrates a balance between compactness, serviceability, and

modular scalability. The combination of low-profile components, efficient power routing,

and detachable programming hardware results in a portable and mechanically robust

biosensing platform suitable for both laboratory testing and wearable electrochemical

monitoring scenarios.
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3.5.6. Experimental Validation

To evaluate the performance of the MultiPot system, a series of controlled experiments

were conducted to assess its accuracy, cross-talk, and power efficiency. The setup included:

e MultiPot device: four-channel prototype with Artemis MCU and LMP91000
chips.

e Reference device: Dropsens pStat400 potentiostat.

e Dummy cell: RC network composed of a 10k{2 resistor and a 22nF capacitor,
used to emulate the electrical impedance of an electrochemical cell.

Dummy cells are widely employed in the validation and functional testing of
potentiostat systems prior to experiments with real electrochemical sensors or bi-
ological samples. Their primary purpose is to provide a stable, reproducible, and
well-characterized electrical load that mimics the equivalent circuit of an elec-
trochemical interface, typically represented by resistive and capacitive elements
associated with solution resistance and double-layer capacitance.

The use of an RC-based dummy cell allows verification of key potentiostat
functionalities, including correct biasing of the working electrode, stability of the
control loop, accuracy of current-to-voltage conversion, and dynamic response
during transient measurements such as cyclic voltammetry or step-based excita-
tion. Unlike real electrochemical cells, dummy cells are not affected by electrode
degradation, surface chemistry variations, or environmental conditions, making
them particularly suitable for debugging, calibration, and comparative validation
against reference instrumentation.

The selected RC values (10k2 and 22nF) were chosen to provide a well-
defined and reproducible electrical load, ensuring a measurable dynamic response
within the operational bandwidth of the LMP91000-based potentiostat. Such
RC configurations are commonly reported in the literature and in application
notes for the functional validation of potentiostats and electrochemical front-
ends, particularly during initial testing and calibration phases of portable and

wearable sensing platforms [174, 177].

WE O0— + —ORE
| |
l]l
SEo— 10 KQ ) ——OCE
22 nF

FiGure 3.50. DummyCell.
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e Measurement software: Dropview for reference data, MultiPot mobile app for

BLE acquisition.

A cyclic voltammetry (CV) sweep from 0 V to 0.6 V was applied to compare the cur-
rent—voltage characteristics obtained with both instruments. Since the sampling fre-
quencies of the two systems were not identical, data alignment was performed using a
nearest-neighbor matching method to ensure point-by-point comparability. The quanti-
tative evaluation of agreement between the reference instrument and the developed device
was carried out using two complementary error metrics: the root mean square (RMS) error
and the normalized root mean square error (NRMSE).

The RMS error measures the absolute deviation between the current values recorded

by both systems and is defined as

n

1
RMS = — Z (-[ref,i - IMultiPOt,i)2a (32)

[
where lef; and Innusipot,; Tepresent the current readings of the reference system and
the tested device, respectively, and n denotes the total number of aligned samples. A
lower RMS value indicates a closer match between the two current profiles.
To complement this metric, the normalized root mean square error (NRMSE) expresses

the deviation as a proportion of the dynamic range of the reference signal, enabling direct

comparison across different measurement scales. It is defined as

\/% Z?:l (Iref,i - [MultiPot,i)2

NRMSE =
RMS max (lref) — min(7e)

(3.3)

Lower NRMSE values correspond to higher agreement relative to the signal amplitude.

The calculated performance metrics obtained from these comparisons are summarized in

Table 3.8.
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TABLE 3.8. Experimental Results of MultiPot Compared to Reference Po-

tentiostat
Metric Result
RMS Error vs Reference 83.05%
NRMSE 45.13%
R? (Coefficient of Determination) -0.5993
Power Consumption 41.2mW
Channel Crosstalk 0.42 %

Companson batwsa n Mubpot and Dropears ustat &

FiGure 3.51. Comparison between MultiPot and reference potentiostat
output for CV sweep using dummy cell.

Although numerical metrics indicate a systematic deviation between devices, visual
inspection of the CV curves confirms similar waveform shape and amplitude. The high
RMS and NRMSE values primarily result from small offset drifts and clock synchroniza-
tion differences, not from random noise. Crosstalk measured below 0.5%, validating the
isolation of independent channels.

The total power consumption of 41.2mW corresponds to approximately 45hours of

continuous operation on a 500 mAh battery—suitable for wearable sensing applications.
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3.5.7. Multipot Strengths and Limitations

The MultiPot system demonstrates stable and reliable multi-channel electrochemical
sensing with high signal fidelity and minimal inter-channel interference. The four-channel
architecture enables true parallel acquisition, ensuring consistent performance across si-
multaneous analyte measurements. The integrated hardware—software framework, com-
bining on-board preprocessing, BLE communication, and mobile data visualization, es-
tablishes a comprehensive and scalable platform for real-time biosensing applications.

Measured crosstalk remained below 0.5%, confirming the electrical isolation of the
analog front-ends. Power efficiency of approximately 41.2 mW allows more than 40 hours
of continuous operation from a standard 500 mAh cell, validating the suitability of the
system for portable and wearable scenarios. These results demonstrate that MultiPot
successfully bridges the gap between benchtop-grade precision and embedded, low-power
sensing.

Some design constraints persist, particularly the inherent limitation of the LMP91000
front-end, which does not natively support open-circuit potential (OCP) measurement
modes. This restricts certain electrochemical methods such as impedance spectroscopy
and OCP tracking. Nevertheless, the modular signal-conditioning design readily accom-
modates the integration of complementary amplifiers or analog front-ends to expand mea-
surement capabilities without altering the existing digital or communication architecture.

Ongoing developments will emphasize:

e Enabling secure over-the-air (OTA) firmware updates to facilitate remote soft-
ware maintenance and scalability.

e Implementing advanced calibration and digital phase-alignment algorithms to
further reduce systematic drift and enhance quantitative accuracy.

e Extending supported electrochemical techniques to include OCP and impedance-

based sensing for broader analytical applicability.
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3.6. AlIDrated: Integration of AI Algorithms with Biosensing Platforms for

Hydration Assessment
3.6.1. Introduction

Electrolytes such as sodium and potassium are indispensable to maintaining physiolog-
ical homeostasis, directly influencing fluid balance, nerve impulse transmission, and mus-
cle contraction. In endurance athletes, excessive sweat losses can precipitate significant
electrolyte disturbances, leading to hyponatremia, muscle cramps, reduced performance,
and, in severe cases, cardiac arrhythmias. The capacity to monitor these biomarkers in
real-time is therefore of substantial interest, enabling individualized hydration strategies
that mitigate physiological stress and optimize endurance capacity.

The AlIDrated platform advances this field by integrating ion-selective electrochemical
sensing with embedded edge intelligence, facilitating continuous, non-invasive monitoring
of sodium and potassium levels. Through dedicated potentiometric circuits and machine
learning—based interpretation, the system transcends conventional hydration monitoring
approaches, offering a multimodal framework that captures the interplay between elec-
trolyte dynamics and cardiovascular regulation.

A key innovation lies in the implementation of real-time analytics directly on a stan-
dalone Apple Watch application, leveraging on-device neural processing to eliminate re-
liance on external computing infrastructure or cloud connectivity. This architecture is
particularly suited to ultra-endurance events and field conditions where connectivity may
be intermittent or absent. The platform synthesizes ion concentration trends with heart
rate (HR) and heart rate variability (HRV) to generate personalized hydration assessments
and timely dehydration warnings.

This chapter details the hardware design, signal acquisition strategies, firmware archi-
tecture, and Al integration underpinning this wearable system, collectively advancing the

state of the art in physiological monitoring for sports science and personalized health.

3.6.2. Materials and Methods
3.7. System Architecture

The AlDrated platform was conceived as a comprehensive wearable system for real-
time hydration assessment, integrating multimodal physiological sensing with embedded
machine learning for on-device inference. Figure 3.52 illustrates the high-level archi-

tecture, comprising electrochemical sensing modules, an ultra-low-power microcontroller,
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wireless communication interfaces, and external physiological data streams acquired via

the Apple Watch Ultra.
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FiGURE 3.52. Block diagram of the AlDrated system architecture, high-
lighting the integration of electrochemical sensing, physiological monitoring,
and embedded Al processing.

3.7.1. Embedded System and Sensor Interface

At the core of the hardware implementation is the Artemis microcontroller, selected
for its combination of ultra-low-power consumption, integrated BLE 5.0 communication,
and compatibility with rapid prototyping environments (Arduino and Ambiq SDKs). This
facilitates both energy-efficient wearable operation and streamlined development of em-
bedded inference pipelines.

The electrochemical sensing subsystem employs ion-selective electrodes (ISEs) tailored
for sodium and potassium detection in sweat. Each sensor interfaces with a dedicated
MAX4461 instrumentation amplifier, optimized for high-impedance potentiometric mea-
surements. This Open Circuit Potential (OCP) configuration allows precise tracking of
voltage shifts proportional to ionic activity, without imposing current draw that could
perturb the electrochemical equilibrium.

The amplified signals are digitized via the Artemis ADC and timestamped, forming
synchronized data streams with cardiovascular and thermal parameters acquired from the
Apple Watch Ultra—namely HR and HRV. This multimodal dataset serves as the founda-
tion for the machine learning models, enabling nuanced interpretation of hydration status
that accounts for the complex interplay of electrolyte balance, autonomic regulation, and

thermoregulatory responses.
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The complete architecture thus supports seamless real-time acquisition, preprocessing,
and wireless transmission, facilitating decentralized hydration analytics directly on edge
devices. This closed-loop integration exemplifies a new paradigm in wearable biosensing:
fusing electrochemical measurements with physiological telemetry and Al-based person-

alization in a compact, field-ready system.

3.7.2. Apple Watch Ultra and AI-Based Analysis

The Apple Watch Ultra acts as the BLE central device and computational hub of
the system. A custom watchOS application initiates measurements, establishes a BLE
connection with the AlDrated board, and continuously receives sensor data (sodium and
potassium signals).

Simultaneously, the Apple Watch collects complementary physiological data from its

built-in sensors:

e Heart rate (HR) — via optical/electrical sensors
e Heart rate variability (HRV) — derived from inter-beat intervals

e Physical activity level — using IMU-based motion tracking

An embedded machine learning model is deployed on the watch, leveraging its dual-
core S8 SiP and on-chip Neural Engine for real-time inference. This model combines data
from the electrochemical sensors (sweat sodium and potassium) with physiological data
(HR, and activity) to estimate the individual’s hydration requirements.

The model was trained offline and deployed in CoreML format, enabling low-latency;,
on-device decision-making without the need for internet connectivity. Based on its pre-
diction, the watch app can issue hydration alerts or recommend fluid intake, personalized

to the user’s physiological state and activity level.

3.7.3. System Integration Summary

The AlDrated system architecture offers a seamless integration of low-power wearable
sensing with edge Al computing. By combining sweat electrolyte measurements with
cardiovascular and thermal data, it enables a more robust and individualized hydration
assessment compared to conventional approaches based on a single parameter. The ar-
chitecture supports further expansion with additional biosensors or cloud synchronization
if needed, but was specifically designed to operate fully autonomously and privately in a

standalone wearable configuration.
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3.7.4. Hardware Implementation

The AlDrated platform was engineered as a compact single-board system that seam-
lessly integrates power management, processing, and electrochemical sensing into a unified
design. This approach enhances mechanical robustness, simplifies assembly, and ensures

future compatibility with ergonomic enclosures for wearable deployment.

3.7.4.1. Board Architecture.

Power Management: The board includes a dedicated power management section,
featuring a 3.3V low-dropout (LDO) regulator to guarantee stable power delivery to all
components. An MCP73831 IC handles safe charging of a 3.7V Li-Po cell, supporting
USB or battery operation with automatic power source switching. This architecture
enables energy-efficient operation critical for long-term wearable health monitoring.

Processing Unit: Processing is performed by the Artemis microcontroller module
(SparkFun), built on the Ambiq Apollo3 Blue SoC. This ultra-low-power system combines
a 32-bit ARM Cortex-M4F processor (up to 96 MHz) with integrated BLE 5.0, achieving
deep sleep currents under 2 uA and active operation as low as 6 uA/MHz. Table 3.9
compares the Artemis with alternative BLE-enabled microcontrollers evaluated during

development.

TABLE 3.9. Comparison of BLE-enabled Microcontrollers for Wearable

Applications
MCU Core BLE Active Cur- Deep Sleep
rent Current
Artemis (Apollo3) ARM Cortex- BLE 5.0 6 pA/MHz <2pA
M4F @96 MHz
nRF52840 ARM Cortex- BLE 5.0, Thread, 20— ~1.5uA
M4 @64 MHz ZigBee 30 pA/MHz
ESP32 Dual-core BLE 4.2 + WiFi 80— ~5 uA
Tensilica 100 pA/MHz
@240 MHz

The Artemis was chosen for its balance of performance, power efficiency, and BLE inte-
gration, as well as its compatibility with the Arduino and Ambiq SDKs, which accelerates
embedded ML development.

3.7.4.2. Electrochemical Sensing Section.
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Amplification and Signal Conditioning : The platform incorporates two MAX4461
instrumentation amplifiers for Open Circuit Potential (OCP) readings, selected after ex-
tensive evaluation of precision amplifiers. The MAX4461 offers ultra-low input offset volt-
ages (typically <150 V), low supply current (<750 pA), and rail-to-rail outputs, maxi-
mizing ADC dynamic range for improved resolution. It operates from a single 3.3 V supply
and its compact SOT23-5 footprint supports high-density layouts essential for wearable
form factors.

Sensor Interfaces : The board features four custom-designed SPE (Screen-Printed
Electrode) mounts, providing reliable connections to disposable biosensors and flexible

positioning to optimize sweat sampling during physical activity.
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3.7.4.3. Biosensors for Electrolyte Monitoring.

Potassium Biosensor : The ZPS POT-000-00066 sensor uses a three-electrode con-
figuration with a carbon WE, Ag/AgCl RE, and CE on a 24.45mm x 7.05 mm alumina
substrate. Designed for OCP measurements, it enables real-time potassium tracking. It
requires storage at 2-8 °C, protected from UV, with an estimated shelf life of one year.

Sodium Biosensor : Similarly, the ZPS SOD-000-00068 sensor is a three-electrode
device with dimensions identical to the potassium sensor. It measures sodium via OCP,
providing continuous, non-invasive electrolyte assessment. It is stored between 2-15°C
and 20-50% RH to maintain performance.

Both sensors integrate seamlessly into the SPE mounts on the board, as shown in

Figure 3.53.
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FIGURE 3.53. Screen-Printed Electrodes (SPE) for sodium and potassium
detection.

3.7.4.4. Edge AI and Physiological Monitoring with Apple Watch Ultra. The
Apple Watch Ultra serves as the edge Al processing unit and provides advanced physi-
ological sensing. Its S8 SiP features a dual-core processor and dedicated Neural Engine,
enabling real-time on-device machine learning inference. Integrated optical and electrical
heart sensors offer continuous HR and HRV monitoring. Table 3.10 summarizes these

capabilities.
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TABLE 3.10. Key Hardware and Sensing Features of the Apple Watch

Ultra
Component Description
Processor Apple S8 SiP (64-bit dual-core CPU)
Neural Engine On-chip engine for ML inference
Optical HR Sensor Continuous photoplethysmography
Electrical HR Sensor ECG-level electrical heart monitoring
HRV Monitoring Analysis of autonomic responses

Skin Temperature Sensor Tracks thermoregulation changes
BLE Connectivity Integrates with external biosensors

Battery Life Up to 36 hours with optimized tracking

3.7.4.5. Circuit Schematics. Complete schematics for the power management, micro-
controller integration, and electrochemical circuits are provided in Appendix F to support

reproducibility and future modifications.

3.7.5. Software

3.7.5.1. AIDrated Watch App. The Apple Watch Ultra application was developed
as a standalone platform to provide real-time hydration monitoring and sensor data visu-
alization without requiring an external smartphone. The interface is designed to provide
intuitive feedback to users, ensuring easy access to hydration status and physiological
parameters during endurance activities. Figure 3.54 illustrates the primary screens of the
application.

The main screen (Figure 3.54a) shows a hydration status indicator represented by
a droplet icon that depletes over time based on the loss of sweat electrolytes. This
visual representation provides an intuitive way for users to assess their hydration levels in
one glance. As sodium and potassium depletion increases, the droplet becomes smaller,
serving as a real-time hydration gauge.

The sensor data screen (Figure 3.54b) displays real-time physiological parameters,
including sodium (Na™) and potassium (K*) concentrations, heart rate (HR), heart rate
variability (HRV), and ambient temperature. This screen allows users to track electrolyte
trends and correlate hydration status with cardiovascular and thermoregulatory responses.
By integrating multiple physiological inputs, the app provides a comprehensive overview

of hydration dynamics.
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When critical levels of dehydration are detected, the hydration alert screen (Fig-
ure 3.54c) issues a notification, warning the user to take immediate action. The noti-
fication is based on a ML model running on the Apple Watch, analyzing trends in elec-
trolyte levels and physiological stress markers. The real-time alert system ensures timely
intervention, helping athletes avoid performance decline and health risks associated with

dehydration.
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FIGURE 3.54. Apple Watch app interface: (a) main screen displaying hy-
dration status, (b) real-time sensor data visualization, and (c) hydration
alert notification when fluid intake is required.

This application interface, coupled with the Edge AI processing capabilities of the
Apple Watch Ultra, provides an efficient and user-friendly solution for hydration man-
agement in endurance sports. The ability to monitor hydration levels, visualize real-time
physiological data, and receive proactive alerts ensures optimal performance and safety

during prolonged physical exertion.

3.7.5.2. Firmware. The firmware for the Artemis microcontroller was developed using
the Arduino framework and the ArduinoBLE library to enable efficient BLE commu-
nication with the Apple Watch Ultra. It is responsible for executing electrochemical
OCP measurements using the MAX4461 instrumentation amplifiers, continuously mon-
itoring sodium (Na't) and potassium (K*) ion levels from the biosensor. Additionally,
the firmware facilitates BLE communication by implementing the GATT protocol, ensur-
ing real-time data transmission to the Apple Watch. Whenever new Na®™ and Kt values
are available, they are instantly sent via BLE notifications, allowing seamless integra-
tion with the hydration monitoring system. This BLE-based implementation optimizes
system responsiveness by maintaining low-latency communication and enabling real-time

physiological tracking.
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3.7.6. On-Device Al: Core ML Model for Hydration Prediction

A graph neural network (GNN) is a type of deep learning model specifically designed
to process graph-structured data. Unlike traditional neural networks, which operate on
fixed-size input vectors, GNNs can model complex relationships between interconnected
data points. In the context of hydration prediction, physiological parameters such as heart
rate (HR), heart rate variability (HRV), ambient temperature, and sodium and potassium
concentrations in sweat may exhibit interdependent or correlated behaviors. By repre-
senting these features as nodes on a graph, with edges that capture correlations between
them, a GNN can learn meaningful patterns and hydration trends in an unsupervised
manner, even without labeled data.

To implement this model, we utilized PyTorch Geometric for efficient graph-based
deep learning, leveraging graph-attention networks (GATSs) to enhance feature interac-
tions dynamically. The model was trained to detect hydration patterns through con-
trastive learning and then converted to Core ML using coremltools, ensuring compatibil-
ity with Apple Watch Ultra. The converted model allows real-time on-device hydration
tracking, enabling personalized insights without requiring cloud-based processing. This
integration ensures low-latency predictions while preserving user privacy, making it an

efficient solution for wearable Al applications.

3.7.7. Validation Results

The evaluation of the final prototype was conducted in two phases: calibration of
the biosensors and real-scenario experiments. The calibration phase established the re-
lationship between the sensor output and known electrolyte concentrations, while the
real-scenario experiments validated the system’s performance under physiological condi-
tions. These results also provided the dataset to train the AI model.

An assembled circuit board containing the key components of the final biosensing
platform was prepared for testing and demonstration purposes. Fig. 3.55 highlights the
main elements on the board, identified by colored boxes: the green box marks the SPE
connectors along with the sodium and potassium screen printed electrodes (SPE sensors);
the red box indicates the lithium battery that supplies power to the system; the yellow
box shows the Artemis microcontroller mounted on the Thing Plus board from SparkFun,
responsible for data acquisition and wireless communication; and the blue box encloses the

MAX4461 dual amplifier chip, which enables simultaneous measurements of open circuit
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potential (OCP) on two channels. This arrangement provided a compact and portable

platform suitable for both calibration and real-scenario validation experiments.

FIGURE 3.55. Assembled biosensing platform highlighting the main com-
ponents: (green) SPE connectors and Na™, KT sensors; (red) lithium bat-
tery; (yellow) Artemis microcontroller on SparkFun Thing Plus; (blue)
MAX4461 dual amplifier enabling simultaneous OCP measurements.

3.7.8. Calibration of the Biosensors

The biosensors were calibrated using test solutions with known concentrations of
sodium and potassium. For each sensor, a set of standard solutions was prepared as
illustrated in Fig. 3.56, and their corresponding analog signal outputs were recorded.
The data obtained were then plotted to derive a calibration equation for each sensor,

allowing accurate concentration estimation in real-world conditions.
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FIGURE 3.56. Sensor calibration procedure.

Sodium sensor calibration was conducted using a series of standard solutions with
known concentrations, ranging from 0 mM to 320 mM. This calibration process was
essential to establish a relationship between the ADC output and the actual sodium
concentration in the sample. The calibration results are presented in Fig. 3.58, where the
sensor response follows a characteristic increase trend corresponding to the incremental
concentrations of sodium.

The calibration curve demonstrates a direct correlation between ADC values and
sodium ion concentration, with higher concentrations producing higher ADC readings.
However, a distinctive initial peak is observed at the beginning of each measurement.
This peak represents the sensor stabilization phase, during which the electrochemical in-
terface between the ISE and the solution reaches equilibrium. This transient response is
expected in electrochemical sensors and indicates that a brief waiting period is necessary
before recording a stable concentration value.

To ensure accurate and repeatable measurements, the final sensor readings were taken
only after the stabilization phase, eliminating transient fluctuations. The data obtained
from this calibration process allowed the derivation of an equation that maps ADC val-
ues to sodium concentrations, enabling real-time estimation of electrolyte levels in sweat

samples during endurance activities.
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FIGURE 3.57. Measured system response of the sodium sensor during cal-
ibration with varying sodium concentrations, where the x-axis represents
time (seconds) and the y-axis represents the ADC output value.

The calibration equation derived from the data in Figure 3.58 provides a mathematical
model that maps the ADC output to the corresponding sodium concentration. Specifically,

the calibration follows an exponential relationship given by
y = 0.0013 ™10

where y represents the sodium concentration (in appropriate units, e.g., mmol/L), and
x denotes the raw ADC output. This equation is fundamental for real-time monitoring,
as it allows the system to interpolate intermediate values and estimate sodium levels
dynamically. By applying this calibration function, the biosensing platform can accurately
quantify sodium concentration in sweat, thereby facilitating electrolyte balance assessment
during prolonged physical activity.

Potassium (K*) sensor calibration followed a similar procedure, with standard con-
centrations between 0 mM and 8 mM. The results are presented in Figure 3.59. Unlike
the sodium sensor, the potassium sensor exhibits a longer stabilization period at the be-
ginning of each measurement, requiring additional time before reliable readings can be
obtained. This delay is attributed to the sensor response time, which must be considered

when implementing real-time monitoring.
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FIGURE 3.58. Inverse characteristic of the ion measurement system when
using Na™ sensor.
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FIGURE 3.59. Measured system response of the potassium sensor during
calibration with varying potassium concentrations,where the x-axis repre-
sents time (seconds) and the y-axis represents the ADC output value.

The calibration equation extracted from Figure 3.59 establishes the relationship be-
tween ADC values and potassium concentration, enabling precise estimation of electrolyte

levels in sweat. Specifically, this calibration is represented by the linear equation

y = 0.0639 x — 40.282
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where y denotes the potassium concentration (e.g., in mmol/L) and x corresponds to the
raw ADC output. This calibration function is essential to ensure accurate potassium mon-
itoring, which plays a critical role in muscle function and maintaining overall electrolyte

balance during prolonged physical exertion.
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FIGURE 3.60. Inverse characteristic of the ion measurement system when
using K™ sensor.

The derived calibration equations were then integrated into the firmware, allowing
real-time estimation of ion concentration based on sensor readings. The obtained calibra-
tion coefficients were validated with independent test solutions to ensure measurement

accuracy.

3.7.9. Real-Scenario Experiments

To validate the AlDrated platform in real-world conditions, two experimental scenarios
were conducted: outdoor running and indoor cycling. The objective was to assess the
effectiveness of hydration monitoring and collect data for AI model training.

Sweat was collected using a commercially available sterile absorption pad, approx-
imately 40 mm x 40 mm X 2 mm in size, chosen for its high wicking efficiency, bio-
compatibility, and convenience of placement on the skin. The pad was applied on the
subjects forearm as illustrated in Figure 3.61, and sweat was collected at predefined in-
tervals. A new pad was used for each measurement to ensure sterility and to prevent
cross-contamination between sampling points. Prior to use, pads were verified to be free
of electrochemically active contaminants through blank potentiostat tests under the same

measurement conditions.
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FIGURE 3.61. Placement of the sterile sweat collection pad on the forearm.

In order to obtain a larger sample of each measurement, we compressed the pad with

a serynge.

3.7.9.1. Outdoor Running FExperiment. Participants engage in a running session
outdoors, while the biosensing platform was used to analyze sweat samples. Sweat was
collected using a dedicated pad that was periodically compressed to extract the accumu-
lated sample. At predefined intervals, such as every 15 minutes, the extracted sweat was
analyzed using the developed sensor system. The concentration of Sodium and Potas-
sium ions was recorded and plotted over time to observe electrolyte fluctuations during
exercise. In addition, physiological parameters, including HR and HRV, were synchro-
nized with biosensing data to provide a complete assessment of hydration status. This
integrated approach allowed the creation of a data set that included multiple physiologi-
cal parameters. This data set serves as a foundation for the development of ML models
capable of providing personalized hydration recommendations for endurance athletes.
Figures 3.62a and 3.62b present the measured potassium and sodium concentrations,
respectively, throughout the running session. As the athlete did not consume fluids during
training, a noticeable decrease in ion concentration is observed toward the end of the
session. This reduction suggests a progressive loss of electrolytes, indicating the onset of

dehydration.
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The observed trend highlights the importance of continuous electrolyte monitoring,
as a drop in ion levels serves as a physiological marker of dehydration, signaling the need
for fluid replenishment to maintain optimal performance and prevent adverse effects on

endurance.

Measured concentration of Na+ during outdoor run

Measured concentration of K+ during outdoor run
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FIGURE 3.62. Electrolyte concentration variations during an outdoor run-
ning session. (a) Potassium concentration and (b) Sodium concentration
trends, highlighting electrolyte depletion over time.

3.7.9.2. Indoor Cycling Experiment. A second experiment was conducted in a con-
trolled indoor environment using a cycling turbo trainer, providing stable and reproducible
exercise conditions while allowing precise monitoring of physiological responses. Similarly
to the running experiment, sweat was collected periodically and analyzed to assess vari-
ations in electrolyte concentration. The indoor setting allowed control over temperature
and humidity, isolating environmental effects that could influence sweat rate and compo-
sition.

The results obtained from the cycling experiment, presented in Figure 3.63a and Fig-
ure 3.63b, reveal distinct trends in potassium and sodium concentrations during endurance
exercise. Potassium levels exhibited a significant drop toward the final measurements, sim-
ilar to the observations in the running experiment. This decline may indicate increased

potassium depletion over time due to prolonged muscle activity.
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FIGURE 3.63. (a) Measured potassium concentrations and (b) measured
sodium concentrations during endurance cycling exercise.

In contrast, sodium concentrations exhibited a continuous increase throughout the
exercise session, suggesting progressive sweat sodium accumulation over time. However,
since direct markers of hydration status were not evaluated in this study, no definitive
conclusions can be drawn about the participant’s systemic state of dehydration. This pat-
tern may also reflect the nature of cycling, which generally involves lower overall intensity
compared to running and can result in a distinct sweat composition and electrolyte loss
profile. Physiological differences between participants likely contributed as well, given
that the runner was female and the cyclist male, potentially influencing sweat rate and
electrolyte dynamics.

Environmental conditions during the tests may have further impacted sweat rate and
composition. The indoor cycling experiment was performed under controlled temperature
and humidity, whereas the outdoor running session was subject to varying environmental
factors that could affect thermoregulation and hydration demands. These observations
underscore the importance of accounting for exercise modality, ambient conditions, and
individual physiological characteristics when interpreting electrolyte loss and hydration-

related measurements in endurance activities.

3.7.10. AI Model Training and Data Augmentation

Due to the challenges associated with conducting blood analysis, laboratory facilities
and obtaining medical permissions, we opted for an unlabeled dataset, as it would be
necessary to perform several blood analyzes in order to obtain valuable information on

the hydration level of a subject. Instead of using predefined hydration labels, we collected
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real-world physiological data from the Aldrated platform and the Apple Watch Ultra sen-
sors. Sodium and Potassium concentrations in sweat were measured at regular intervals,
whereas HR, HRV and ambient temperature were collected in real-time. This was due
to the difficulty of adapting the test prototype to be wearable and obtaining good sweat

samples.

3.7.10.1. Feature Selection for Hydration Monitoring: The selection of HR, HRV,
Nat, K* and ambient temperature was based on their physiological relevance to hydra-
tion status. HR is a crucial parameter as it tends to increase when a person is dehydrated
due to a reduction in plasma blood volume, forcing the heart to work harder to main-
tain circulation. HRV which reflects the regulation of cardiac function by the autonomic
nervous system, decreases under dehydration and heat stress, indicating a higher physi-
ological stress [178]. The balance of electrolytes, particularly the concentrations of Na™
and KT in sweat, serves as an essential hydration marker. Sodium plays a key role in fluid
retention and neuromuscular function, while potassium is critical for muscle contraction
and cellular function. As dehydration progresses, imbalances in these electrolytes can lead
to loss of performance and health risks such as muscle cramps or more severe conditions
such as heat exhaustion [179]. Body temperature is another critical factor, as dehydra-
tion impairs the body’s ability to regulate heat through sweat evaporation, causing an
increase in internal temperature. These physiological parameters are not independent;
rather, they correlate with each other due to the integrated response of the body to hy-
dration and thermal regulation [180]. For example, as the ambient temperature increases,
sweat production increases to facilitate cooling, leading to greater loss of Na®™ and K,
which in turn can influence HR and HRV. A decrease in sodium levels can lead to reduced
blood volume, requiring an increase in HR to maintain circulatory function. Similarly,
when HRV decreases due to stress induced by dehydration, it reflects increased activa-
tion of the sympathetic nervous system, which further influences HR and temperature
regulation. Furthermore, as body temperature increases due to inadequate hydration,
the cardiovascular system is strained, requiring higher HR to dissipate heat. This ther-
moregulation response is amplified by the loss of electrolytes, which affects neuromuscular
function and overall performance. The strong interdependence of these factors makes it
essential to consider them collectively for the assessment of hydration, as each parameter

dynamically affects the others in response to environmental and physiological conditions.
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An increase in body temperature is an early indicator of thermal stress related to de-
hydration. In addition, ambient temperature significantly influences hydration needs by
affecting sweat rate. Higher external temperatures lead to increased sweat production,
causing more fluid and electrolyte loss, while lower temperatures can sometimes mask

dehydration symptoms as sweat evaporates more quickly.

3.7.10.2. Machine Learning Model Selection: Several unsupervised ML algorithms
were tested, including K-Means Clustering, DBSCAN (Density-Based Clustering), Gauss-
ian Mixture Models (GMM), Autoencoders, and GNNs. Among these, the GNN-based
autoencoder demonstrated the best performance due to its ability to learn latent repre-

sentations while preserving relationships between physiological parameters.

3.7.10.3. Dataset, Preprocessing, and Validation:

Dataset size: We collected multi-session recordings using the AlDrated platform and
Apple Watch Ultra sensors, comprising six sessions from two unique participants, totaling
approximately three hours of physiological data. Each record included sweat electrolyte
concentrations (Na®, KT) measured at regular intervals, and HR, HRV and ambient
temperature streamed in real-time. Due to the difficulty of adapting the prototype for
continuous wearable sampling and the ethical constraints of obtaining blood-based ref-
erence measurements, the available dataset was necessarily limited. To enable model
training and proof-of-concept evaluation, additional synthetic samples were generated by
augmenting the real data within physiologically plausible ranges derived from literature
and prior studies. These augmented data were used exclusively to expand the feature
space and stabilize unsupervised learning, not to claim clinical accuracy.

Preprocessing pipeline: Signals were (i) time-aligned and resampled to a common
grid; (ii) per-feature normalized using z-score (Z = (z — u)/o) to avoid scale dominance;
(iii) lightly smoothed with a short moving window to reduce sensor jitter without dis-
torting trends; (iv) cleaned for outliers via a robust interquartile-range (IQR) rule with
winsorization (extremes capped at the 1st/99th percentiles); and (v) gap-filled using a for-
ward—backward fill limited to short gaps to prevent drift. Model inputs were structured
as fixed-length overlapping windows to preserve temporal continuity while balancing the
number of samples.

Validation protocol: Given the small sample size, the validation strategy focused

on avoiding overfitting and subject leakage. A grouped split by participant (~70% train,
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15% validation, 15% test) was used, with entire participants held out in each fold. Hy-
perparameters were tuned on the validation set with early stopping, and robustness was
checked through grouped K-fold cross-validation and multiple random seeds to assess
variance in reconstruction error. The objective was not to achieve clinical precision but
to demonstrate that the AI model could identify consistent latent relationships among
physiological variables even with limited input diversity.

Evaluation metrics: Because hydration states were inferred without ground-truth
labels, model performance was assessed through reconstruction-based metrics: Mean
Squared Error (MSE), Root Mean Squared Error (RMSE = +MSE), Mean Absolute
Error (MAE), and the coefficient of determination R?. For the best-performing GNN
autoencoder, we obtained MSE = 0.02197, MAE = 0.1023, R? = 0.9782, yielding RMSE
= (.148.) These values indicate low reconstruction deviation and strong internal consis-
tency, confirming the model’s ability to capture meaningful physiological patterns despite
limited data (see Table 3.11).

Notes on clustering validity and proof of concept: After encoding, K-means
clustering was applied in the latent space to obtain four unsupervised hydration clusters.
As true hydration labels were unavailable—since Na®™ and K™ reference values would
require blood analysis and medical authorization—no external validation could be per-
formed. Instead, internal indices such as the silhouette score and visual cluster separation
were used to verify structural consistency. The present experiment should therefore be
interpreted strictly as a proof of concept: it demonstrates the technical feasibility of
integrating multi-sensor data and Al-based inference for hydration monitoring, while ac-
knowledging that accurate clinical validation will require medically supervised sampling

with approved biochemical reference measurements.

3.7.10.4. Graph Neural Network (GNN) Model. GNNs were chosen for their ef-
fectiveness in modeling structured data such as physiological sensor readings over time
[163]. Unlike traditional ML models that treat data as independent samples, GNNs lever-
age the relationships between features, making them particularly suitable for analyzing
physiological data where different variables influence each other dynamically. The model
architecture consists of graph convolutional layers (GCNConv), which propagate and ag-

gregate information from neighboring nodes in the graph, allowing the network to learn

IRMSE computed as 1/0.02197.
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meaningful feature representations. These layers help preserve the inherent structure of
physiological interactions, such as the correlation between heart rate and electrolyte levels.

The representation of the latent space plays a crucial role in the model, as it captures
an abstract and lower-dimensional encoding of the physiological signals. By encoding
physiological parameters into this space, the model can generalize patterns that differen-
tiate hydration states without requiring labeled data. The decoder network reconstructs
the original signals from the latent embeddings, ensuring that the learned representations
retain key physiological characteristics.

To further analyze hydration states, we applied K-means clustering to the learned
latent space. This step enables the identification of distinct hydration clusters based on
the encoded representations, allowing for meaningful separation into four hydration levels.
The effectiveness of this approach lies in the combination of graph-based learning, which
retains relationships between features, and clustering, which organizes data into distinct

states.

Convolution operation over Convolution operation over
grid-based structure graph-based structure

Graph-based GNN-based propagation

dataset learning process
Convolutional Neural Graph Neural Network
Network (CNN) (GNN)

FIGURE 3.64. Comparison between Convolutional Neural Networks (CNN)
and GNNs. CNNs apply convolutions over a structured grid, while GNNs
generalize this operation to arbitrary graph structures, making them more
suitable for physiological data with complex interdependencies [181].

3.7.10.5. Latent Space Visualization. Three-dimensional projection of the latent
space representations learned by the Graph Neural Network (GNN) autoencoder are pre-

sented in Figure 3.65. In this context, the latent space constitutes a lower-dimensional
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abstract feature space in which the original high-dimensional physiological and electro-
chemical data are embedded.

The GNN encoder transforms complex multimodal inputs comprising heart rate, heart
rate variability, ambient temperature, and sweat electrolyte concentrations into latent em-
beddings that capture the essential underlying relationships and structural dependencies
among these variables. Unlike traditional neural networks, GNNs exploit the inherent
graph-based topology of physiological data, where nodes represent individual features,
and edges model their interdependencies. This enables the encoder to preserve local and
global correlations that are physiologically meaningful, such as the interactionon between
electrolyte depletion and cardiovascular stress markers.

The resulting latent representations provide salient information about hydration-related
physiological states in a compact form. Applying K-means clustering to these embeddings
reveals distinct groups within the latent space, as evidenced by the clear separation of four
groups in Figure 3.65. This separation suggests that the model has successfully organized
the data into discrete patterns or regimes, which may correspond to different hydration
states or physiological adaptation levels during endurance exercise.

This clustering within the latent space not only demonstrates the model’s ability to
extract complex multimodal signals but also highlights its potential for unsupervised
categorization of hydration status without requiring explicit ground-truth labels. This
capability is particularly advantageous in contexts where invasive reference measurements

(e.g., plasma osmolality) are impractical or unavailable.

3.7.10.6. Model FEvaluation. To assess the performance of the model, we used the
mean squared error (MSE), the mean absolute error (MAE) and the R squared error (R?)
instead of precision, as this is an unsupervised learning problem where there are no ground
truth labels for direct comparison. MSE measures the average squared reconstruction
error and should be as low as possible, while MAE represents the absolute reconstruction
error, indicating how much the reconstructed values deviate from the original inputs.
The square R (R?) measures how well the model explains the variance in physiological
data, with values close to 1 indicating excellent predictive performance. Since clustering
is performed unsupervised, traditional accuracy metrics cannot be computed, as there
are no predefined hydration categories to validate against. Instead, reconstruction error-
based metrics provide insight into how well the model captures a meaningful structure in

the data.
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FIGURE 3.65. 3D latent space representation of K-means clustering, high-
lighting patterns emerging from unsupervised analysis of the data.

The results presented in Table 3.11 indicate that the GNN Autoencoder achieved high
accuracy in predicting hydration levels. The low MSE of 0.02197 suggests a minimal
deviation between the predicted and actual values, confirming that the model effectively
captures the underlying patterns in the data. Similarly, the MAE of 0.1023 indicates
that the average prediction deviation remains within an acceptable range for practical
applications.

The R? score of 0.9782 demonstrates a strong correlation between the predicted and
actual hydration levels. An R? value close to 1.0 suggests that the model successfully
explains most of the variability in hydration status based on the input physiological pa-
rameters. These results validate the effectiveness of the GNN Autoencoder in processing
real-time biosensing data, reinforcing its potential for hydration monitoring during en-
durance sports. The model’s high predictive performance ensures reliable assessments

without requiring constant recalibration, making it suitable for real-world deployment.

Metric Value

Mean Squared Error (MSE)  0.02197
Mean Absolute Error (MAE) 0.1023
R-Squared (R?) 0.9782

TABLE 3.11. Performance Metrics of the GNN Autoencoder
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3.7.10.7. Conversion to CoreML for Edge Deployment. The trained model was
converted into a CoreML package for deployment on the Apple Watch Ultra [182]. The
conversion offers several advantages, including on-device inference, eliminating the need
for cloud connectivity, low latency for real-time hydration monitoring, and optimized
execution on Apple’s Neural Engine, which enhances battery efficiency. However, certain
challenges arise, such as the fact that graph structures are not natively supported in
CoreML. Consequently, edge relationships had to be approximated using a fully connected
representation, and computational constraints on embedded devices limit the complexity

of the model that can be deployed.

3.7.10.8. Conclusion and Future Work. This work demonstrated the feasibility of
the AlDrated system as an integrated solution for real-time sweat biomarker monitoring
and hydration assessment, combining wearable electrochemical sensing with intelligent
data processing. The proposed GNN-based hydration prediction model showed high ac-
curacy in identifying hydration-related patterns from physiological data, enabling effective
clustering of hydration states. By deploying the model locally on an Apple Watch Ultra,
the system provides personalized hydration insights without requiring continuous internet
connectivity, reinforcing its suitability for sports and outdoor use.

Building on these results, future developments will focus on transforming the current
prototype into a fully integrated and unobtrusive wearable device. A primary objective is
the further miniaturization of the hardware through a redesign based on a rigid-flex PCB
architecture. This approach will enable seamless integration of the sensing electronics,
power management circuitry, and electrochemical interface directly into a smartwatch
band, such as that of the Apple Watch. The flexible PCB section will conform to the
curvature of the wrist, while rigid sections will house critical components including the
potentiostat IC, BLE transceiver, and battery management circuitry.

To improve sensor—skin interaction and ensure more consistent sampling, future it-
erations may incorporate screen-printed electrodes (SPEs) or microneedle-based sensors
on the inner surface of the band. The Apple Watch will act as the local processing and
user-interaction unit, allowing Al inference and data visualization to be offloaded from
the sensing band. This design choice enables the wearable module to remain compact and
energy-efficient while supporting advanced analytics.

A conceptual illustration of the envisioned smartwatch band integration is shown in

Fig. 3.66, highlighting the proposed form factor and placement of the sensing elements.
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Further research will include long-term validation studies involving larger participant

cohorts to assess robustness, inter-user variability, and long-term stability of sweat-based

measurements. Additionally, future work may explore the adoption of Federated Learning

(FL) approaches to enable privacy-preserving and personalized hydration models, allowing

each user to benefit from adaptive predictions while keeping sensitive physiological data

locally on the device.

Overall, the AlDrated system establishes a solid foundation for continuous, personal-

ized, and non-invasive hydration monitoring, with potential extensions to broader physi-

ological monitoring and real-time fitness and health applications.
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CHAPTER 4

Extended Reality applications for physical rehabilitation

This chapter extends the work presented in Chapter 3 by exploring complementary
technological strategies aimed at improving health and physical performance. While
Chapter 3 focused on the development of wearable biosensing systems for monitoring
physiological parameters, this chapter investigates the use of virtual environments to
support physical rehabilitation. Together, these approaches contribute to a broader re-
search line centered on the application of artificial intelligence and emerging technologies
to healthcare and sports. In particular, the integration of physiological monitoring with
immersive virtual environments opens new possibilities for personalized, adaptive reha-

bilitation protocols guided by Al-driven insights.

4.1. Overview

The integration of advanced technologies, such as virtual environments (VEs), AR,
MR, and AI, has significantly transformed the landscape of physical rehabilitation. These
innovations enable immersive, interactive, and patient-centered therapeutic approaches,
enhancing engagement and improving rehabilitation outcomes. By incorporating wearable
sensors and AAL technologies, rehabilitation processes can be tailored to individual needs,
ensuring more precise assessments and adaptive therapy.

This chapter presents the research contributions related to the application of VEs, AR,
and MR in physical rehabilitation, with a particular focus on Al-driven methodologies
and sensor-based monitoring. The work explores how these technologies create intelligent
rehabilitation frameworks by integrating real-time physiological and motion data from
wearable sensors, facilitating adaptive interventions for improved recovery.

The initial sections will examine the role of AR and MR in rehabilitation environments,
highlighting their potential to merge physical and digital interactions, thus improving
motor learning and functional recovery. Furthermore, the discussion will explore how
Al algorithms use data collected from wearable sensors to personalize therapy sessions,
optimize rehabilitation exercises, and predict patient progress.

Finally, this chapter will provide an overview of the impact of Al-assisted VEs in

rehabilitation, emphasizing their role in delivering personalized, data-driven therapeutic
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interventions. The integration of these technologies paves the way for more effective,
engaging, and accessible rehabilitation programs, ultimately improving patient outcomes

and promoting advancements in digital healthcare solutions.

4.2. Mixed Reality and Augmented Reality proposed applications for
Physical Rehabilitation

Mixed Reality (MR) and Augmented Reality (AR) are rapidly advancing techno-
logical domains whose unique capabilities enable innovative and immersive experiences.
By seamlessly integrating physical and digital environments, these technologies hold sig-
nificant promise for physical rehabilitation, offering novel enhancements to traditional
therapeutic approaches [104, 111, 113, 183].

This section will delve into the practical applications of MR and AR within the realm
of physical rehabilitation, providing a comprehensive exploration of various case stud-
ies. These will demonstrate how these technologies have been effectively implemented to
improve the rehabilitation process, offering a more engaging, interactive, and personal-
ized therapeutic experience. By carefully examining these cases, we can gain a deeper
understanding of the transformative impact of MR and AR within the healthcare field,
specifically in rehabilitation practices.

Balance is a fundamental aspect of motor control and a critical focus in physiother-
apy, particularly for populations recovering from neurological injuries, musculoskeletal
impairments, or age-related decline. Effective balance maintenance relies on the integra-
tion of sensory inputs from the visual, vestibular, and proprioceptive systems, alongside
coordinated neuromuscular responses [184, 185].

Traditional balance assessment employs both clinical scales, such as the Berg Balance
Scale (BBS) and the Timed Up and Go (TUG) test, and instrumented methods such
as force platforms that quantify center of pressure (COP) dynamics [186]. While these
tools provide valuable quantitative and clinical insights, they are typically performed in
controlled clinical settings and may not fully reflect balance performance during daily
functional activities. In addition, such assessments often provide limited patient engage-
ment and real-time feedback during rehabilitation.

Integrating Mixed Reality (MR) and Augmented Reality (AR) technologies into bal-

ance assessment and training offers the potential to address these limitations. By creating
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interactive, immersive environments, MR and AR can simultaneously challenge and eval-
uate postural control under more functionally relevant conditions, potentially enhancing
neuroplastic adaptations and motivation during therapy [187, 104, 111].

This section discusses the incorporation of MR and AR into balance-focused rehabili-
tation, reviews conventional measurement techniques, and highlights anticipated benefits

and challenges in clinical applications.

4.3. Physical Rehabilitation in AR Scenario

The developed platform implements a novel approach for categorizing user balance by
leveraging data from a smart sensing floor (SensFloor) combined with IMU measurements,
processed through neural network models. Based on the user’s position and motion, the
system attempts to classify balance into three levels. It has the potential to be used
in different environments and could be combined with other systems. Thanks to these
features, the system is able to track the user’s balance and classify it.

The theoretical foundation of this research is based on the integration of Al and AR
technologies in the field of gait rehabilitation. This framework is based on the understand-
ing that current methods for gait analysis frequently rely on manual monitoring, which is
prone to errors and does not provide comprehensive real-time data. With an Al-driven,
non-intrusive method, it is possible to improve monitoring by providing continuous and
accurate data collection, resulting in better patient outcomes.

This theoretical framework proposes a sequential process of data collection using smart
sensing technology, data analysis and interpretation using Al algorithms, and feedback
via an AR system. This novel method allows for real-time monitoring of patients’ gait
characteristics, which is accessible to both physical therapists and patients.

The primary goal of this framework is to enable the creation of personalized training
plans based on accurate, real-time data, which has the potential to significantly improve
rehabilitation outcomes. This theoretical perspective serves as the foundation of this
research, providing a lens through which to comprehend its goals, methodology, and
implications.

In this section, a description of the hardware and software components of the system

is presented.
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FIGURE 4.1. Overview of the system’s architecture for physical rehabilita-
tion.

4.3.1. System Architecture

The architecture of the system for physical rehabilitation, as shown in Figure 4.1, is
divided into four blocks. Block 1 represents the applications in which both the user and
the physiotherapist interact with the system. This interface allows for visualization of
training performance and configuration of various training parameters.

Block 2 illustrates the sensing components of the system. The SensFloor system
transmits data to a hat unit connected as a shield to the Raspberry Pi. A Node.js script
then retrieves this data and forwards it to the database. A wearable motion sensor,
equipped with an ESP32 microcontroller, also sends data directly to the database via its
wireless capabilities.

Block 3 reveals the software components responsible for data handling and pre-processing.
Within this block, the Node.js application plays a key role by incorporating a preprocess-
ing mechanism specifically designed to address potential false positives that may arise
during the training process. This mechanism operates by analyzing the distance between
new and previous data points, automatically discarding any data points that exceed a pre-
defined threshold. By implementing this approach, the Node.js application ensures the
reliability and accuracy of the training data. Moreover, the Node.js application facilitates

the seamless transfer of data to the database, streamlining the storage of pre-processed
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data for further analysis. As part of the preprocessing stage, a separate Python script
retrieves the data from the database to apply ML algorithms. Currently, this Python
software operates on a dedicated machine. It conducts essential preprocessing tasks on
the data from the IMU, such as calculating the average, minimum, maximum, root-mean-
square, and standard deviation. These calculated features are crucial for the subsequent
classification performed by our models, also included in this Python script.

Finally, Block 4 symbolizes the system’s database, which utilizes Amazon DynamoDB
for data storage. By providing a comprehensive overview of the system’s architecture, we
hope to enhance readers’ understanding of the relationship and interaction between its

various components.

4.3.2. Hardware Description

This section provides an overview of the two main hardware components used in
our system: the sensor floor and the IMU. Both components play a crucial role in data
acquisition and processing, enabling effective monitoring and analysis of the environment

and user movements.

4.3.2.1. SensFloor. SensFloor, by FutureShape, is a large area sensor floor that can be
installed beneath all kinds of flooring, making it invisible (Figure 4.2) and nonintrusive. It
is made of a 3mm thick underlay with capacitive sensor arrays that can detect people and
conductive materials. This system, created by Future-Shape GmbH, is based on large-
area capacitive sensor technology, which provides high spatial resolution and sensitivity
(Figure 4.3). It is also incredibly flexible because it is made up of separate modules that

can be combined in a variety of scenarios.

FIGURE 4.2. Example of a Sensfloor use case. To provide additional pro-
tection, flooring is positioned above a sensory layer [188].
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FI1GURE 4.3. Example of a Sensfloor detecting a person fall and users’
position [189].

The SensFloor system is composed several components:

(1) Textile sensor layer: A grid of capacitive sensors is embedded within a thin,
flexible textile in this layer. The sensor grid is made up of conductive fibers that
have been woven into the fabric in a specific pattern to allow for precise foot
position detection. The sensor grid’s size and resolution can be tailored to meet

the needs of various applications.

FIGURE 4.4. Raspberry Pi 3 equipped with a SensFloor hat.

(2) SensFloor Raspberry hat unit ( Figure 4.4): This unit collects data from

the textile sensor layer and communicates with external devices. The control
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unit contains ADCs that convert capacitance signals into digital data. It also
includes a microcontroller for data processing and a communication interface for
sending processed data to external devices like the Raspberry Pi in our setup.
Raspberry Pi 3: The Raspberry Pi 3 is a credit card-sized single-board com-
puter with a 1.2GHz quad-core ARM Cortex-A53 CPU, 1GB LPDDR2 RAM,
and a Broadcom VideoCore IV GPU. With a dual-band 802.11n wireless LAN
and Bluetooth 4.1 support, it has built-in wireless and Bluetooth connectivity.
Four USB 2.0 ports, a full-size HDMI port, a 3.5mm audio jack, a microSD card
slot for storage, and a 40-pin GPIO header for connecting to other hardware
are included on the board. The board is powered by a micro-USB port and is
compatible with a variety of operating systems, including Linux distributions
and Windows 10 IoT Core. In addition to camera and display interfaces, the
Raspberry Pi 3 has a CSI camera port and a DSI display port for connecting
to cameras and displays. Because of its small size, low cost, and extensive fea-
ture set, it is a popular choice for hobbyist projects, educational initiatives, and
commercial applications.

Power supply: To ensure optimal performance, the SensFloor system requires
a stable power source. The power supply is typically connected to the control

unit and supplies the voltage and current required to run the system.
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FIGURE 4.5. Experimental setup with laminated wood flooring installed
above the SensFloor layer. Black tape marks the active sensing area. A TV
screen displays a detected cell corresponding to a person standing on the
floor which was taken the photo.

(5) Protective flooring: The system employs an 8 mm high-density fiberboard
(HDF) laminated wood floor with an AC5 rating, indicating suitability for heavy
industrial use due to its excellent durability and resistance to wear. As illustrated
in Figure 4.5, this protective floor is installed directly over the SensFloor e-textile
sensing layer. Black tape visibly marks the perimeter of the active sensing re-
gion. The AC5-rated HDF ensures that while users interact with the system, the
underlying SensFloor remains safeguarded against mechanical damage, preserv-
ing its functionality. Moreover, the laminated surface does not interfere with the
capacitive sensors’ ability to detect foot positions and movements with high pre-
cision. This combination of materials allows the smart floor to reliably capture
gait and posture data, supporting applications in both residential and clinical
environments. In the Figure 4.5, the display screen shows a detected cell cor-
responding to a person located above the sensing area, demonstrating real-time

position tracking.
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FIGURE 4.6. Sensfloor module.

The SensFloor system detects capacitance changes produced by a user’s foot on the
sensor grid. These capacitance variations are converted into digital data and sent to
the high-performance computational unit for further analysis and implementation in ML
algorithms, virtual environment rendering, and user interaction via the mobile application.
Sensor events are noticed in eight triangular sensor areas (enumerated from 1 to 8 in
Figure 4.6) below the feet when a person walks across the floor. In the Sensfloor underlay,
eight sensor regions are linked to each radio module. Sensor events are wirelessly relayed
(868 MHz) from the radio module located in the middle of the Sensfloor tile highlighted
in orange in Figure 4.6 to the Sensfloor transceiver hat connected to the raspberry pi.
Its purpose is to process sensor events from sensor modules, analyze time sequences, and

reconstruct movement trajectories of individuals walking on the floor [190].

4.3.2.2. Motion Sensing System. Typically, sensors such as accelerometers and gy-
roscopes are used in the development of gait monitoring solutions; however, they are not
ideal for obtaining precise data regarding the position of a body or object. Thus, for the
purposes of this study, a wearable module containing an IMU (LSM9DS0) that combines
accelerometer, gyroscope, and attitude data was developed as illustrated in Figure 4.7.

The wearable module contains the following componets:

(1) LSM9DS0 IMU Sensor: The LSM9DS0 is a 9-axis motion sensor module
that incorporates in a single package a 3-axis accelerometer, a 3-axis gyroscope,
and a 3-axis magnetometer. Accelerometers measure linear acceleration, gy-
roscopes measure angular velocity, and magnetometers measure magnetic field

strength. By combining these three kinds of measurement, the LSM9DS0 can
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provide precise information regarding an object’s orientation and movement in
three-dimensional space. The LSM9DS0 communicates with an ESP32 microcon-
troller via an 12C interface, and each of its sensors has a programmable full-scale
range.

(2) ESP32 Microcontroller: The ESP32 microcontroller is a 32-bit, dual-core pro-
cessor that operates at speeds up to 240 MHz. It has built-in Wi-Fi and Bluetooth
connectivity, as well as a variety of other peripherals, such as GPIOs, UARTS,
12C, SPI, ADC, and DAC. 520 KB of SRAM and 4 MB of flash memory are
also included on the ESP32’s on-board memory. For the purposes of this project,
the ESP32 is responsible for processing the IMU data, inserting timestamps, and
transmitting the data to the database via HTTP protocol.

(3) Battery: The wearable module is powered by an 850mAh Li-Po battery, pro-
viding approximately 3.5 hours of continuous measurements.

(4) Charging Module: The adaptation of a powerbank module enables the battery
to be charged and the operating voltage to be set to 5V.

'\ e‘a”“i”’z"l““
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FIGURE 4.7. Wearable Motion Measurement Unit.

The user should use the motion measurement system in his back securing it in place

with a velcro tape as Figure 4.8 exemplifies.
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(a) (B)

FIGURE 4.8. Wearable Motion Device. (a) Device with velcro tape to
facilitate the use. (b) User example using the wearable device.

Figure 4.9 depicts the motion device operation.

NTP Database
Server
Timestamp
Accelerometer Data (x,y,z) Train ID
Rest API
LSMIDS0 Gyroscope Data (x,y,z) ESP32 Train Data
""" %rain ID, Attitude Data (Roll, Pitch, Yaw), Timestamp“""

FIGURE 4.9. Motion Device Operation.

Data was acquired for the x, y, and z components of both the accelerometer and gyro-
scope embedded in the LSM9DS0 sensor, sampled with a periodicity of 10 seconds. The
ESP32 microcontroller processed this data to extract the spatial orientation of the user,
specifically calculating Roll (¢), Pitch (), and Yaw (¢), which correspond to rotations

around the front-to-back, side-to-side, and vertical axes, respectively.
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A complementary sensor fusion algorithm was implemented to combine the short-
term stability of the gyroscope with the long-term drift correction provided by the ac-
celerometer. The gyroscope measurements were integrated over time to estimate angular

displacement, following:

(bg(t) = <]§g(t — Al) +w, - At
Oy(t) = 0,(t — At) +w, - At (4.1)
Yy(t) = Yyt — At) + w, - At

where w,, w,, and w, denote the angular velocity components from the gyroscope.

To correct drift inherent to gyroscopic integration, the accelerometer was used to

estimate Roll and Pitch based on the measured gravity vector:

a
¢o = arctan [ ——2—
a2+ a?

(4.2)

0, = arctan | ————
Vaz + az
The final orientation estimates were obtained by blending the gyroscope and ac-

celerometer contributions through a weighted complementary filter:

¢ = agg(t)] + (1 — @) [éd]
0 = a[fy(t)] + (1 — a)[ba]

(4.3)

where « is a filter constant (0 < o < 1), typically chosen around 0.98 to favor gyro-
scope stability while gradually correcting for drift using the accelerometer.

The Yaw angle (¢)) was primarily derived from the integrated gyroscope data, due to
the absence of a magnetometer correction in this configuration.

Temporal synchronization was achieved by associating each measurement with a times-
tamp obtained via an NTP (Network Time Protocol) server. Additionally, a refinement
procedure was implemented to achieve millisecond-level resolution, ensuring precise tem-
poral alignment of orientation data with other sensor modalities.

To validate the motion direction estimation, controlled tests were performed in which
known rotational movements were executed and the resulting Roll, Pitch, and Yaw tra-
jectories were compared to the expected kinematic profiles, confirming the consistency

and responsiveness of the orientation tracking under practical conditions.
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4.3.3. Software Description

This section provides a detailed understanding of the software developed for the sys-
tem, divided into two main parts: the embedded firmware responsible for low-level data ac-
quisition and transmission, and the high-level software architecture that processes, stores,

and presents this data to healthcare professionals and patients.

4.3.3.1. Firmware Description. The firmware was developed in C using the Arduino
framework and compiled for deployment on the ESP32 microcontroller. Its primary re-
sponsibilities are to acquire sensor data, synchronize time, establish network connectivity,

and transmit measurements to the higher-level software components.

e Sensor acquisition: The firmware interfaces with the LSM9DSO0 inertial mea-
surement unit (IMU) to acquire three-axis accelerometer and gyroscope data.
Sampling occurs at a defined interval, with initial filtering and checks to discard
anomalous readings that could indicate sensor faults or transient disturbances.

e Time synchronization: To ensure precise temporal alignment of the acquired
motion data, the ESP32 periodically connects to an NTP (Network Time Proto-
col) server. This process synchronizes the internal clock to UTC, with additional
refinement to achieve millisecond-level resolution. Accurate timestamps are cru-
cial for correlating IMU data with external systems, such as the SensFloor.

e Network connectivity and data transmission: The ESP32 establishes a
secure Wi-Fi connection to the local network. Once connected, the firmware
packages the timestamped sensor data into JSON payloads and transmits them to
a RESTful API via HTTP POST requests. To enhance robustness, an automatic
reconnection mechanism is implemented, along with a lightweight retry strategy
using exponential backoff to handle transient connectivity issues.

e Resilience and watchdogs: The firmware includes watchdog timers and peri-
odic health checks to detect potential deadlocks or communication breakdowns.
If such issues are identified, the microcontroller automatically resets specific in-

terfaces or reinitializes the system to maintain continuous operation.

This embedded layer ensures that reliable, time-synchronized sensor data is consis-

tently delivered to the high-level software for further processing and analysis.

4.3.3.2. High-Level Software Description. The high-level software layer is a fun-

damental component of the system, enabling data processing, evaluation, and execution
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of application-specific tasks. This section provides an overview of the software architec-
ture, with particular emphasis on the interaction between sensing, data handling, and
user-facing components.

At the user level, healthcare professionals interact with the system through a dedi-
cated web-based application. This interface provides real-time and historical visualization
of patient data, supporting monitoring and assessment during rehabilitation sessions. The
application presents the users’ planar position coordinates (x, y) on a grid-based layout,
as well as motion-related information derived from the inertial measurement unit (IMU),
including yaw, pitch, and roll. Interactive dashboards allow clinicians to observe move-
ment trajectories, orientation trends over time, and summaries of overall activity patterns,

facilitating informed clinical evaluation.
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F1GURE 4.10. Physiotherapist application homepage dashboards.

The web application retrieves sensor data stored in a DynamoDB database and up-
dates the visual interface in real-time, as illustrated in Figure 4.10. Historical data are
also accessible through interactive charts implemented using the Chart.js library. These
charts display the user’s position history during individual training sessions, the temporal
evolution of IMU orientation angles, and cumulative movement patterns across multiple
sessions, providing physiotherapists with intuitive tools to assess adherence and progress.

At the sensing layer, the SensFloor system is connected to a Raspberry Pi 3 microcon-
troller through the SensFloor Shield, as previously described. The Raspberry Pi uses the
SensFloor API, implemented in NodelJS, to collect, filter, and process raw sensor data.

A custom script was developed to expose the processed data to the web application.
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Prior to transmission, the data are formatted and filtered to prioritize the most relevant
information for gait and balance analysis.

To mitigate process-related errors and reduce the impact of false positive detections,
an error-handling mechanism was implemented. This mechanism compares consecutive
positional data points using a predefined distance threshold based on feasible human
movement. When the distance between two points exceeds this threshold—indicating
that the displacement is unlikely to have been produced by a human step within the
sampling interval—the new data point is discarded, thereby improving data reliability.

This strategy is particularly relevant in rehabilitation contexts where assistive devices
such as crutches may be used. Although such devices were not explicitly tested in this
study, it is hypothesized that contacts generated by assistive devices would produce sensor
activations corresponding to unrealistically distant points. By rejecting these outliers, the
system minimizes their potential impact on gait analysis. Overall, this error mitigation
approach enhances the robustness of the system and supports its applicability in real-

world rehabilitation environments.
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FIGURE 4.11. User application flow.

The use case of the system is demonstrated in Figure 4.11:
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(1) The healthcare professional selects the level for the user.
(2) The user receives a notification and visualizes the path and their position in
real-time on a monitor or TV.

(3) The user finishes the session and can view their score in the application.

If the patient is registered in the mobile application, data is also stored in a real-time
cloud database, providing access to dashboards that allow them to track their progress
over time and review scores obtained.

Given that maintaining an organized medical history is a key requirement in eHealth
systems, this functionality was incorporated and is illustrated in Figure 4.12.

Using Google’s Firebase as a real-time database dedicated to patient and healthcare
professional data, the objectives of data sharing and synchronization are achieved. Fire-
base, being a cloud-hosted NoSQL database, ensures that whenever a CRUD operation
(Create, Read, Update, Delete) occurs, all connected devices are updated in real-time
— for instance, when a healthcare professional prescribes a new exam, it immediately
appears in the patient’s mobile application. The patient application itself was developed
using Google’s Flutter, chosen for its cross-platform capabilities and strong integration

with Firebase.

Healthcare
Patient Professional
A . AWS RDS °
Google’s
Cloud DB " Firebase . e
Controller
Device
Other
a
PowerBI

FIGURE 4.12. Application data flow.

According to Figure 4.12:
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(1)

(3)

(4)

Mbobile application uploads data to Firebase: The mobile application en-
ables patients to register and securely upload their data to Firebase Cloud Fire-
store. This database was selected due to its fully managed, scalable, and real-
time capabilities, which are well suited for mobile health applications that require
continuous data synchronization across devices. Firestore supports low-latency
data access and automatic synchronization, allowing patient information to be
updated and retrieved in real-time without the need for complex backend infras-
tructure management.

Patient profile data can be updated dynamically, and an optional profile pic-
ture is stored using Firebase Storage, which integrates seamlessly with Firestore
for handling multimedia content. In addition, patients can record personal health
metrics such as weight, height, blood pressure, and glucose levels. The use of
Firebase services also provides built-in authentication, role-based access control,
and secure communication channels, simplifying compliance with data protection
and privacy requirements. Overall, Firebase Firestore offers a robust and flexible
backend solution that supports scalability, reliability, and rapid development for
the proposed mobile health monitoring system.

Mobile application retrieves data from Firebase: On accessing the appli-
cation, the saved data and profile picture are automatically loaded. Any exams
or medications prescribed by healthcare professionals are also displayed via a
timeline interface.

Web application uploads data to Firebase: Healthcare professionals register
in the web application, which saves their data to Cloud Firestore. They can
then upload exam or medication files to patients, stored in Firebase Storage and
accessible in the patient app. Each file is linked with the prescribing professional’s
details.

Web application retrieves data from Firebase: The web interface lists
all registered users and their medical histories, also retrieving health metrics

submitted by patients.

Long-term patient data is stored in a MySQL database hosted on AWS RDS for per-

manent record-keeping, with Firebase acting as a temporary database to support real-time

operations. Dashboards are generated and published in a secured workspace, accessible

only via authenticated application sessions.
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FIGURE 4.13. Users’ side application.

Finally, these dashboards are embedded within the web application and can also be
accessed by patients who are granted permissions. This allows users to track their progress
and see their current location, enabling an augmented reality scenario where they receive

immediate feedback if they deviate from the designated path (Figure 4.13).

4.3.4. Machine Learning for Balance and Gait Stability Analysis

In this section, we discuss the machine learning (ML) techniques employed to analyze
and process the data collected by the SensFloor and IMU sensors. ML plays a crucial
role in extracting clinically relevant insights from the sensor data, enabling the detection
of specific patterns and anomalies associated with user stability and locomotion. In our
context, anomalies primarily refer to indicators of unbalance, such as irregular gait pat-
terns, abrupt changes in orientation (Roll, Pitch, Yaw) exceeding expected thresholds, or
deviations from predefined walking paths. Unbalance is operationally defined by observ-
ing either excessive sway, rapid corrective movements, or inconsistent center-of-pressure
trajectories relative to normative datasets.

To validate the effectiveness of the proposed models in detecting such events, methods
such as cross-validation with labeled datasets, confusion matrix analysis, and comparison
with established clinical assessments (e.g., Timed Up and Go or force platform metrics)
can be employed. We previously demonstrated an initial version of our system in [191]. In
this work, we extend that approach by integrating ML models with a wearable IMU to im-
prove the detection accuracy of unbalanced events and enhance the system’s applicability

to personalized rehabilitation interventions.
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For the training and model testing we used Edge Impulse software (Figure 4.14) which

provide a user interface to facilitate embedded ML model training. It features Tensorflow

[192] and Keras [193] which are suitable for the demands of this work.
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FICGURE 4.14. Edge Impulse Software

4.3.4.1. Data Preprocessing. Due to the sensing principle of the SensFloor , some-
times is possible to observe false positives about users’ current position, therefore and
as we had previously delimited a area of the floor we removed some points that were
incorrect. For the IMU values we had also remove initial and final seconds of the training

to ensure that only movement were actually captured.

TABLE 4.1. Summarised features extracted according to sensing element.

Sensing Unit Features extracted

LSM9DSO0 yaw, pitch, roll,
average, minimum, maximum,
root-mean square and standard deviation

Sensfloor X,y

4.3.4.2. Feature Extraction. In the forthcoming findings section, we delve into a de-

tailed exploration of numerous experiments we conducted, employing a variety of data
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pre-processing methodologies. In contrast to our previous study [191], where we derived
key indicators without leveraging ML, in this study we experimented with the range of x
and y values, specifically their maximum and minimum values, along with their standard
deviations. We found that the utilization of ML techniques, in place of raw values, led to
the discovery of certain metrics that yielded superior results.

Table 4.1 presents a summary of the features extracted based on the sensing elements
used in the study. In terms of feature extraction from the IMU data, we pre-processed
it and implemented a sliding window approach to extract average, minimum, maximum,
root-mean square, and standard deviation. As we observed, the use of ML with these
extracted features outperformed models that were trained purely on raw values.

The feature extraction method we employed is designed to distill salient features from
the preprocessed data, which can accurately illustrate the underlying trends in user be-
havior and mobility. These features may take the form of statistical measures, frequency-
domain features, or time-domain features, all of which are derived from the sensor data.
The chosen features are then utilized as input for ML algorithms.

In the context of synthesizing features from different sensors, we’ve refined the data
integration process. Data from the SensFloor smart carpet and the IMU wearable sensor
are merged and processed using ML algorithms designed to handle different data types.
The algorithms effectively integrate the positional and movement data from the SensFloor
with the detailed movement data from the IMU, providing a nuanced and comprehensive
overview of the patient’s gait and balance. This sophisticated synthesis of data from
multiple sensors allows for a more accurate interpretation of the patient’s movements,
subsequently informing the creation of personalized training plans for more effective re-

habilitation.

4.3.4.3. Model Selection and Training. In our study, we applied various ML models
to the extracted features with the aim of classifying and predicting balance. We considered
several models and selected the most suitable one based on the specific problem, data
characteristics, and desired performance. During the model training process, we divided
the dataset into training and validation sets. The training set was utilized to fine-tune the
model’s parameters, whereas the validation set served as a means to evaluate the model’s

performance and mitigate overfitting.
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To clarify the determination of classes before the start of the training process, a
predefined classification scheme is followed for gait analysis. The system defines three

classes to represent different gait patterns:

e (Class 1 is associated with an abnormal gait pattern, indicating a deviation from
the expected or typical gait. This class represents instances where individuals
exhibit significant deviations in their walking pattern, potentially indicating a
gait impairment or dysfunction.

e Class 2 is assigned to a less-abnormal gait pattern. It represents instances where
individuals demonstrate some deviations from the optimal gait, but to a lesser
extent compared to Class 1. This class may include individuals with mild gait
abnormalities or those in the early stages of recovery from a gait-related condition.

e Lastly, Class 3 represents the optimal gait pattern. It represents instances where
individuals exhibit a normal, healthy gait without significant deviations or ab-
normalities. This class serves as a reference point to compare against the other

classes and provides a benchmark for the ideal gait pattern.

By defining these three classes, the system is able to capture and classify various
gait patterns observed in the dataset. This classification scheme allows the system to
differentiate between different levels of abnormality and assess the degree of deviation
from the optimal gait.

Moreover, the models can be optimized by repeating the training process while adding
new and relevant data. However, the frequency at which the training process should be
repeated depends on several factors, including the stability of the underlying data and
the dynamic nature of the gait patterns being analyzed. In the context of this study, it
is recommended to periodically retrain the model to ensure its accuracy and adaptability
over time.

The training process should be repeated when there are significant changes in the
dataset or when new data becomes available that could potentially enhance the model’s
performance. For instance, if there are updates to the dataset with a larger and more
diverse set of gait patterns, it is beneficial to incorporate this new information into the
training process.

Additionally, if there are changes in the target population or if individuals with dif-
ferent characteristics are included in the dataset, retraining the model becomes crucial to

capture these variations and improve the model’s generalizability.
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It is important to strike a balance between the frequency of training and the com-
putational resources required. While regular retraining can ensure the model’s accuracy,
it can also be resource-intensive. Therefore, it is recommended to assess the stability
of the data and the potential impact of any changes before determining the appropriate
frequency for retraining. By periodically revisiting the training process, researchers and
practitioners can maintain the model’s relevance and optimize its performance, allowing

it to adapt to new data and provide accurate gait analysis results over time.

4.3.4.4. Model Evaluation and Optimization. Once the model is trained, its per-
formance is evaluated using various evaluation metrics such as Accuracy (Acc), Precision
(P), Recall (R) and Fl-score (F'1), and their values can be obtained by using the following

equations:

Ace=Tp3 ?E:E‘j FFN (44)
p= TPT—fFP (4.5)
= TPT+PFN (4.6)
F1=2><]P;:i;” (4.7)

The Accuracy (Acc) is a commonly used evaluation metric that calculates the pro-
portion of correct predictions (True Positives, TP, and True Negatives, TN) out of the
total number of predictions, including False Positives (FP) and False Negatives (FN).
Precision (P) measures the fraction of True Positives (T'P) out of the sum of True Posi-
tives (T'P) and False Positives (F'P), providing insight into how well the model identifies
positive instances among all instances predicted as positive. Recall (R), also known as
sensitivity or true positive rate, calculates the fraction of True Positives (T'P) out of the
sum of True Positives (T'P) and False Negatives (F'IV), indicating the ability of the model
to correctly identify positive instances among all actual positive instances. The F1-score
is the harmonic mean of P and R, providing a balanced measure that considers both P
and R, especially when dealing with imbalanced datasets where one class dominates the

other [194].
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4.3.4.5. Deployment and Monitoring. After achieving satisfactory performance, the
trained ML model is deployed to analyze the real-time data collected by the hardware
components. The model’s performance should be continuously monitored and updated as
needed to ensure its effectiveness in providing accurate and meaningful insights into user
behavior and movements.

In summary, the integration of ML techniques in our system enhances the analysis
and interpretation of the data collected by the Sensfloor and IMU. These techniques
enable the identification of patterns and anomalies, informing healthcare professionals

and supporting personalized interventions for improved patient outcomes.

4.3.5. Results & Discussion

In this section, we present the findings and insights derived from the application of
various ML models to the previously presented work [191]. The results highlight the ef-
fectiveness of the selected models in classifying and predicting user balance. Additionally,
we discuss the implications of a new IMU unit sensing system to provide more metrics and
features to the systems. Using the developed system, including hardware and software,
we defined a straight virtual path with positions the user needs to follow, and coordinate
intervals to evaluate if the user stays in the correct path and maintains the balance. In
this developed prototype, the virtual path and current user position is displayed in a TV

screen for the user to visualize.

4.3.6. Participant Selection

For the evaluation of the system, a total of sixteen volunteers participated in the study.
Each volunteer was instructed to follow a line that was marked on the floor. During the
test sessions, the participants wore the wearable sensing system, which collected their
motion. A total of 10 trials per volunteer were conducted, and all the data captured were
stored in a database for further analysis. Specific biometric information for the volunteers
is presented in Table 4.2 below. All participants were informed about the experiments
and gave their verbal consent. None of the participants reported any mental, cardiac,
respiratory, or other disturbances. However due to a failure between the sensing system

communications with internet one of the trials were excluded.
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TABLE 4.2. Volunteers Specific Biometric Information.

Male Female Total
Participants 7 9 16
Age Range 21 - 32 18 - 28 18 - 32
Average Range 26 23 25
Standard Deviation of Ages 3.34 3.5 3.77

4.3.7. Experimental Protocol

The experimental protocol for this study included recruiting fourteen users of various
ages to participate in the experiments. The participants were informed about the study’s
objectives and given a thorough explanation of the experimental procedure.

Each participant was asked to try to follow a straight line several times going forward
and then turn and repeat.

During the testing phase, the system was used to record several motion parameters
such as x and y position according to the Sensfloor and yaw, pitch and roll. The data
gathered during the testing phase was later used to train and evaluate the ML models.

The experimental protocol was created to ensure the accuracy and reliability of the
data collected during the experiments. The data collection process was meticulously

monitored to ensure that all relevant parameters were recorded.

4.3.8. Preliminary assessment

Initially the presented system evaluated the user performance following some metrics
based on statistics, resulting in two different mathematical relations. The first metric
consists in obtaining the total number of measurements during the time the user takes to
complete the exercise (N), the number of measurements out of the virtual path’s bounds
(NO), the real Sensfloor dimensions, in meters (in this case, MazX = 4 and MazY = 2)
and the maximum X and Y deviations (MaxDevX and MaxDevY'). It is also possible
to calculate the average X and Y deviations, AvDevX and AvDevY, respectively, as

follows:

NO NO
dev X devY
2o devX Nev ;AvDevY = 2y devy ¥ v (1)
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in which dev(X/Y") represents the array with all deviations. By doing so, the final

score formula is achieved, shown in Equation 2.

N —-—NO MaxX — MaxDevX MazxY — MaxDevY

Sere =Ty MazX MazY
MaxX — AvDevX MaxY — AvDevY 100 2)
Max X MaxY

In an ideal scenario, variables NO, MaxrDevX, MaxDevY, AvDevX and AvDevY
are equal to zero, corresponding to a perfect score (100%) however, in the worst-case sce-
nario, if MaxDevX = MaxX, MaxDevY = MaxY, AvDevX = MaxX or AvDevY =
MazY , the score is automatically 0%. By analyzing the first term of the equation, if the
user spends most of the time outside bounds, the score tends to be lower.

As to the second solution, it makes use of RMSE (Root Mean Square Error), as a way
to measure differences between the correct values and the deviations. RSME is calculated

as follows:

n. _ gy 2
RMSE = Z:; % (3)
The term
Y — i
corresponds to the deviations calculated previously. This gives an estimation of how devi-
ated the measurements are from the ideal. RMSE = 0 corresponds to a perfect scenario,
where no deviations were made throughout the path. By testing the IoT system, the

worst-case scenarios reached to a RMSE of 0.15. These RM SE values can be converted

to a percentage, as to generate the final score, using Equation 4.

k
RMSE +k
It is possible to conclude that if RMSE = 0, score = 100%, thus for a bigger the

100 (4)

score =

RMSE value, the score is lower. By incrementing / decrementing the parameter k, the
score is less/more sensible to the RM SE value, respectively.

Although this technique can provide a metric it is not possible to correctly evaluate
gait or balance only based on the users’ position. Therefore, we had included in this work
one more sensing system capable of monitoring users’ lateral motion and thus we can now

obtain more parameters but we cannot use this scoring system. With the new parameters

168



Chapter 4 Virtual environments applications for physical rehabilitation
we had implemented ML. From the previous work mentioned in [191] we still concluded
that some of the metrics referred on this section such as MaxDev X, MaxDevY, AvDevX

and AvDevY were important features when training the ML modules.

4.3.9. ML Application

In this study, we evaluated the performance of three different ANN architectures
(MLP, LSTM and GRU) to classify the balance of the users in three different levels. To
assess their performance, we measured various performance metrics such as accuracy, loss,
and Fl-score. Both architectures were trained on a dataset using the same training and
validation processes. During training, we monitored the model’s accuracy and loss on both
training and validation data to prevent overfitting and ensure generalization performance.
In addition, we evaluated the models’ performance using the F1-score metric, which takes
into account both P and R to provide a balanced measure of the model’s effectiveness.

The network hyperparameters that were configured for the training process are shown

in Table 4.3.

TABLE 4.3. Network hyperparameters.

Hyperparameter Value
Epochs 100
Optimizer ADAM
Loss Sparse Categorical Cross Entropy
Initial LR 0.0001
Batch size 512
Batch Normalization Yes
Activation Function ReLU & Softmax

The table presents the network hyperparameters used in the study. These hyper-
parameters are settings that were manually set before training the neural network to
optimize its performance. The hyperparameters include the number of epochs, which
was set to 100, indicating that the network was trained for a total of 100 cycles. The
optimizer used was the Adaptive Moment Estimation (ADAM), which is a popular opti-
mization algorithm for DL models. The loss function employed was Sparse Categorical

Cross Entropy (SCCE), which is suitable for multi-class classification problems.
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The selection of the SCCE as the loss function in this study is justified by the cat-
egorical nature of the target variable, which has a cardinality of more than two. The
use of this loss function allows us to effectively handle multi-class classification tasks and
preserve the non-ordinality of the target variable. It also avoids the need for creating
dummy variables by directly encoding the target labels [195]. This approach is particu-
larly advantageous when dealing with a large number of classes, as it helps to reduce the
computational complexity associated with one-hot encoding. Moreover, by using SCCE;,
we can leverage the inherent structure of the target variable and train the model to make
predictions based on the actual class labels, without introducing any artificial ordering of
the classes. This is especially important in this case, as we want to preserve the categor-
ical nature of the gait classification problem and avoid any assumptions of an inherent
order among the classes.

The initial Learning Rate (LR) was set to 0.0001, which is a small value commonly
used to prevent the model from diverging during training. The batch size was set to 512,
which indicates that the model was trained on batches of 512 samples at a time. Batch
normalization was also used, which is a technique to normalize the input data to the net-
work to prevent overfitting and improve training stability. Overall, these hyperparameters
were chosen to optimize the network’s performance and balance between underfitting and
overfitting.

To capture the complex relationships and patterns in the gait data, the MLP model
employs a total of 9 hidden layers. With multiple hidden layers, the model can learn hier-
archical representations and abstract features from the input data, potentially improving
its performance.

The MLP model’s inclusion of various hidden layers allows the network to learn in-
creasingly complex and abstract representations of the input data. This depth may aid
the model’s ability to capture fine details and intricate patterns that may exist within
gait patterns, resulting in improved performance.

It is important to note, however, that the optimal number of layers in a neural network
depends on the specific problem and dataset. While deeper models may perform better,
there is a trade-off between model complexity and the risk of overfitting. In our case, 9
hidden layers struck a balance between model complexity and generalization capability.

The Rectified Linear Unit (ReLU) activation function has been used for the hidden
layers, while the softmax function has been employed for the output layer. The ReLLU
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activation function is a popular choice for hidden layers in neural networks. It avoids the
vanishing gradient problem and can accelerate the convergence of the learning process.

For the output layer, the softmax activation function was selected. The softmax
function is commonly used in multi-class classification problems, such as gait classification,
as it normalizes the output scores into probabilities that represent the likelihood of each
class. By using the softmax function, we obtain a probability distribution over the different
gait classes, enabling us to make confident predictions and assign a class label to each
gait pattern.

Different activation functions serve different purposes and are suited for different types
of problems. In the case of the MLP model for gait classification, the ReLLU activation
function in the hidden layers allows the model to learn and represent complex features,
while the softmax activation function in the output layer provides a probabilistic inter-

pretation of the predictions.

4.3.9.1. Performance FEvaluation. In this section, we present the performance eval-
uation of the three models: MLP, LSTM, and GRU, which were developed to analyze and
classify the given dataset. The models were trained on the same dataset, comprising =z,
Y, yaw, pitch, and roll data. The primary objective of this performance evaluation is to
assess the capabilities of each model and compare their effectiveness in terms of accuracy,
P, R, and F1l-score for each class. By providing a comprehensive analysis of the models’
performance, we aim to identify the strengths and weaknesses of each approach and offer
insights into their suitability for the given problem domain.

Figure 4.15 depicts the confusion matrices for the three models: MLP, LSTM, and

GRU.
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FiGUurE 4.15. Confusion matrix of MLP, LSTM and GRU, respectively.

The performance of the three models, MLP, LSTM, and GRU, was evaluated using the
confusion matrices shown in Figures 4.15a, 4.15b, and 4.15c. These confusion matrices
provide insights into the classification accuracy and misclassification patterns for each
class.

Starting with the MLP model (Figure 4.15a), the results indicate that it achieves a
relatively high accuracy of 66.9% for Class 1. However, the model encounters difficulties
in correctly classifying instances from Classes 2 and 3. It misclassifies 19% of Class 2
instances as Class 1, indicating a certain degree of confusion between these two classes.
Similarly, it misclassifies 13.7% of Class 3 instances as Class 1, further highlighting the
challenge in distinguishing between these classes.

In the case of the LSTM model (Figure 4.15b), some improvements were observed in
the classification accuracy for Class 1, which reaches 82.7%. The model shows a better
ability to differentiate Class 1 instances from the other classes. However, it still faces chal-

lenges in correctly classifying instances from Classes 2 and 3. Specifically, it misclassifies
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30.8% of Class 2 instances as Class 1, indicating a significant confusion between these two
classes. It also misclassifies 23.6% of Class 3 instances as Class 1, further highlighting the
difficulty in distinguishing between these two classes.

Lastly, the GRU model (Figure 4.15¢) demonstrates a higher classification accuracy
for Class 1, achieving 86.2%. This indicates its better ability to correctly classify Class
1 instances compared to the other models. However, similar to the previous models, it
struggles with differentiating between Classes 2 and 3. It misclassifies 32.7% of Class 2
instances as Class 1, suggesting a considerable overlap between these two classes. Ad-
ditionally, it misclassifies 30.8% of Class 3 instances as Class 1, further emphasizing the
challenge in distinguishing between these classes.

In summary, the evaluation of the three models reveals a higher classification accu-
racy for Class 1 compared to Classes 2 and 3. The LSTM and GRU models demonstrate
improvements in classification performance compared to the MLP model, particularly
in terms of accurately classifying Class 1 instances. However, they still face challenges
in differentiating between Classes 2 and 3. These misclassifications suggest an inher-
ent difficulty in distinguishing certain patterns or characteristics of the data related to
these classes. Further investigation and optimization of the model architectures, train-
ing parameters, and potentially incorporating additional features may help enhance the
classification performance for all classes.

Figure 4.16 shows the training behavior over time on accuracy and loss values.
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FIGURE 4.16. Training parameters over time of accuracy and loss values.

Figure 4.16 presents the training behavior over time for the MLP, LSTM, and GRU
models in terms of accuracy and loss. Although all three models converge and achieve
comparable performance trends, differences can be observed in their convergence speed
and final performance.

The MLP model exhibits slower convergence in loss values when compared to the
recurrent models. This behavior is expected, as MLPs lack an explicit mechanism to model
temporal dependencies and therefore rely solely on instantaneous feature relationships.
As a result, their ability to capture sequential patterns present in gait and balance data
is limited.

The LSTM and GRU models display very similar training behavior, characterized by
faster convergence and more stable loss evolution. This similarity can be attributed to
their recurrent architectures, which are specifically designed to model temporal dependen-
cies through gating mechanisms. These mechanisms allow both models to retain relevant
historical information while mitigating vanishing gradient issues, making them well suited

for sequence-based sensor data.
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TABLE 4.4. Models Performance evaluation.

Class 1 Class 2 Class 3
Model P R F1 P R F1 P R F1 Acc

MLP 084 0.67 0.75 0.56 0.71 0.62 0.58 0.72 0.64 0.69
LSTM 0.80 0.83 0.81 0.69 0.6 0.64 0.68 0.70 0.69 0.751
GRU 0.78 0.86 0.82 0.69 0.62 0.65 0.75 0.63 0.68 0.757

The summary of the quantitative evaluation metrics for all models is presented Ta-
ble 4.4. The MLP model achieves the lowest overall accuracy (0.69) and demonstrates
unbalanced performance across classes, particularly for Class 2 and Class 3, indicating
limited generalization capability. In contrast, both recurrent models outperform the MLP
across most metrics.

Between the recurrent architectures, the GRU model achieves the highest overall accu-
racy (0.757), slightly surpassing the LSTM model (0.751). In addition, the GRU demon-
strates a more balanced performance across the three classes, particularly in terms of
recall and Fl-score for Class 3, which is critical for reliable detection of balance-related
patterns. Given its competitive performance, reduced architectural complexity, and lower
computational overhead compared to LSTM, the GRU model was selected as the most
suitable model for this application.

Overall, these results indicate that recurrent neural networks are better suited for
modeling the temporal characteristics of the sensor data, with the GRU offering the best

trade-off between accuracy, robustness, and computational efficiency.

4.3.10. Conclusions

Table 4.4 provides a comprehensive performance evaluation of the three models: MLP,
LSTM, and GRU. All models were trained on the same dataset, which includes z, y, yaw,
pitch, and roll data. The table displays the precision (P), recall (R), and Fl-score for
each class.

The MLP model achieved a validation accuracy of 69%. For Class 1, the model showed
a P of 0.84 and a R of 0.67, resulting in an Fl-score of 0.75. The model performed

moderately well in correctly identifying instances from Class 1. However, it exhibited
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lower performance in distinguishing instances from Class 2, misclassifying 19% of them
as Class 1, and instances from Class 3, misclassifying 13.7% of them as Class 1.

Comparatively, the LSTM model showcased superior performance compared to the
MLP model, achieving a validation accuracy of 75.1%. For Class 1, the model demon-
strated a P of 0.80, a R of 0.83, and an Fl-score of 0.81, indicating a strong ability to
correctly identify instances from Class 1. While the model faced challenges in distin-
guishing between Classes 2 and 3, it showed improved performance compared to the MLP
model.

Lastly, the GRU model also demonstrated excellent performance, achieving a valida-
tion accuracy of 75.7%. For Class 1, the model exhibited a P of 0.78, a R of 0.86, and an
F1-score of 0.82, indicating its proficiency in correctly classifying instances from Class 1.
The model faced similar challenges as the LSTM model in distinguishing between Classes
2 and 3 but showcased improved performance compared to the MLP model.

In conclusion, the LSTM and GRU models demonstrated superior performance com-
pared to the MLP model. This improvement can be attributed to the LSTM and GRU
architectures’ ability to effectively capture temporal dependencies present in the data.
The use of the same dataset for all three models ensures a fair comparison, highlighting
the strengths of the LSTM and GRU architectures in modeling time series data. These
findings validate the significance of incorporating sophisticated recurrent neural network
models for accurate and reliable predictions in our task.

The proposed non-intrusive loT-based smart sensing system, which combines an VR
application, IMU data, and ML algorithms, has the potential to significantly enhance
physical rehabilitation efficacy. The system’s ability to detect and analyze users’ gait and
physiological health characteristics in real-time provides invaluable insights to physical
therapists and patients, allowing them to adapt their gait and posture during rehabilita-
tion exercises.

By incorporating IMU data on the previous work mentioned in [191], the system can
now capture more detailed information on the user’s movements and orientations. This
additional data, when combined with ML algorithms, enables the precise classification
of user’s balance in three levels. As a result, therapists can provide more targeted and
personalized interventions to improve patients’ gait and overall rehabilitation outcomes.

Furthermore, the system’s use of real-time cloud database storage allows for the de-

velopment of tailored analysis, which can be paired with essential metrics and graphics to
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provide a report based on traditional physical rehabilitation reports. Overall, this system
has the potential to improve physical therapy by shortening the time required by existing
procedures, giving real-time feedback, and enabling a planned and organized approach to
monitoring and improving users’ health status and gait during rehabilitation exercises.

In the face of growing demand for healthcare services worldwide, innovative tech-
nologies like this non-intrusive loT-based smart sensing system can play a crucial role in
optimizing rehabilitation procedures and improving patient outcomes.

Several potential directions for future work can further enhance our system. Firstly,
we plan to expand the number of participants in our experiments to validate the system’s
effectiveness on a larger sample size. Moreover, we intend to address limitations, such as
movement artifacts and sensor floor capacitance characteristics, to increase the accuracy
of our wearable sensing system. Another possible future approach is to include additional
modalities, such as audio or visual feedback, to increase the patient’s engagement with
the rehabilitation exercises. Lastly, we seek to investigate the remote patient monitoring
capabilities of our system, which could significantly increase access to physical therapy

for individuals who are unable to attend in-person sessions.
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CHAPTER 5

Conclusions and Future Work

This thesis investigated the integration of smart wearable sensing technologies, arti-
ficial intelligence, and interactive digital environments for applications in physiological
monitoring, sports science, and physical rehabilitation. The research was motivated by
the growing need for continuous, personalized, and non-invasive health assessment tools
capable of operating outside controlled laboratory or clinical environments. To address
this need, the work focused on two complementary research directions: the development
of wearable and portable biosensing systems for real-time physiological monitoring, and
the use of software-driven environments and machine learning techniques to interpret

movement and rehabilitation-related data.

5.1. Conclusions

One of the primary outcomes of this thesis is the demonstration that compact, low-
power electrochemical sensing platforms can be effectively designed for wearable operation
while maintaining sufficient measurement fidelity for real-world use. Through the devel-
opment and validation of the PotLink and MultiPot platforms, this work showed that
miniaturized potentiostat architectures are capable of acquiring meaningful electrochemi-
cal signals and supporting wireless communication, embedded processing, and user inter-
action. Experimental comparisons with laboratory-grade instrumentation confirmed that,
while some limitations exist in terms of resolution and long-term stability, the proposed
platforms provide a viable foundation for wearable electrochemical sensing.

Building upon these hardware contributions, the AlDrated system demonstrated the
feasibility of non-invasive hydration monitoring through sweat electrolyte analysis. By
targeting sodium and potassium concentrations and combining these biochemical mea-
surements with physiological context such as heart rate and heart rate variability, the
system moved beyond traditional hydration assessment methods based on indirect or in-
termittent indicators. Controlled running and cycling experiments showed that relative
variations in sweat electrolytes correlate with changes in hydration status and exercise

intensity, supporting the relevance of these biomarkers for continuous monitoring.
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Artificial intelligence played a central role in transforming raw sensor data into higher-
level insights. The successful deployment of machine learning models on a smartwatch
platform demonstrated the practicality of Edge AI for real-time physiological assess-
ment without reliance on constant cloud connectivity. The proposed Graph Neural Net-
work—based model proved effective in capturing relationships between multimodal phys-
iological inputs and hydration-related patterns, enabling personalized recommendations
that adapt to individual responses. These results directly address the research ques-
tion concerning the effectiveness of machine learning for real-time feedback, showing that
data-driven approaches can operate within the constraints of wearable devices.

In parallel, this thesis addressed rehabilitation-oriented sensing and analysis through
the integration of floor-based position tracking, inertial sensing, and clinician-facing soft-
ware tools. The SensFloor-IMU system provided a richer representation of gait and
balance behavior than conventional single-sensor approaches. Machine learning models
applied to this data confirmed that temporal architectures such as LSTM and GRU out-
perform static models, highlighting the importance of sequence modeling for locomotion
analysis. The associated software infrastructure, including real-time dashboards and his-
torical data visualization, demonstrated how sensing and analytics can be translated into
tools that support clinical decision-making and patient monitoring.

Taken together, the results of this thesis provide partial but meaningful answers to
the research questions posed at the outset. The work confirms that wearable smart
sensors are feasible and capable of acquiring biologically and biomechanically relevant
data, particularly when combined with appropriate signal conditioning and contextual
information. It also demonstrates that machine learning techniques can effectively process
this data to extract clinically relevant patterns and provide real-time feedback.

However, not all research questions could be fully answered within the scope of this
thesis. In particular, questions related to long-term reliability, large-scale clinical val-
idation, and direct comparison with established gold-standard clinical methods remain
only partially addressed. While controlled experiments and proof-of-concept deployments
provided strong evidence of feasibility, broader validation across diverse populations, en-
vironmental conditions, and clinical contexts is required to fully establish accuracy, gen-
eralizability, and clinical impact. Similarly, while the proposed systems show clear advan-

tages in terms of continuity, personalization, and accessibility, a comprehensive evaluation
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against traditional monitoring and rehabilitation methods would require longitudinal clin-
ical trials beyond the timeframe of this work.

Overall, this thesis establishes a solid conceptual and technical foundation for intel-
ligent health monitoring systems. It demonstrates how wearable biosensing, embedded
and mobile computing, artificial intelligence, and interactive software environments can
be integrated into cohesive platforms that support both physiological monitoring and

rehabilitation assessment.

5.2. Future Work

The limitations identified in this research naturally define several directions for future
work. A primary focus should be the long-term robustness and calibration stability of
wearable biosensors. Future studies should investigate adaptive calibration strategies,
improved sensor materials, and compensation techniques for factors such as sweat rate
variability, temperature changes, and sensor drift. Addressing these challenges is essential
for answering the research questions related to reliability and long-term feasibility more
comprehensively.

Another important direction is large-scale validation. Expanding experimental stud-
ies to include larger and more diverse participant cohorts, longer monitoring periods,
and a wider range of environmental and exercise conditions will be critical to establish
generalizability. In both sports and rehabilitation contexts, future work should include
systematic comparisons with gold-standard measurement techniques to quantify accuracy
and clinical relevance.

From an artificial intelligence perspective, future research should focus on personal-
ization and adaptability. Inter-individual variability remains a major challenge in physi-
ological and biomechanical monitoring, and approaches such as Federated Learning offer
promising solutions for building personalized models while preserving data privacy. These
methods could directly address research questions related to personalized monitoring and
management that were only partially explored in this thesis.

In the rehabilitation domain, future work should extend the use of virtual and ex-
tended reality technologies to enhance patient engagement and therapeutic outcomes.
Integrating AR, MR, or VR elements into rehabilitation workflows could enable adap-
tive feedback, gamification, and more immersive training environments. Clinical studies

involving patients with different pathologies and assistive devices are also required to
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validate the robustness of the sensing and machine learning pipeline under real-world
rehabilitation conditions.

Finally, a long-term vision emerging from this work is the development of a uni-
fied closed-loop system that integrates physiological state monitoring and motor perfor-
mance assessment. By jointly considering biochemical signals, cardiovascular response,
and movement quality, future systems could adapt interventions in real-time based on
both physiological readiness and functional capability. Such an approach would not only
answer remaining research questions but also advance the field toward truly personalized

and intelligent health monitoring solutions.
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Comment Description Designator Footprint LibRef Quantity Value

Polarized

Cap Poll Capacitor (Radial) |C1, C2 A Cap Pol1 2|4.7uF

Cap Capacitor C3, C4, C7 C0805 Cap 3|1nF, 470pF, 100nF
Polarized

Cap Poll Capacitor (Radial) |C5, C6 B Cap Poll 2|2.2uF

KP-3216EC Typical INFRARED

(FC:8530025) GaAs LED D1 C1206 LEDO 1
High Conductance

Diode 1N4148 Fast Diode D2 S0D-323 Diode 1N4148 1

Micro USB B

Receptacle I Micro_USB_B Micro_USB_B 1

Header 3 Header, 3-Pin J2 SPE_Socket Header 3 1

S2B-PH-SM4- Connector_S2B-PH|Connector_S2B_P

TB(LF)(SN) 43 SM4-TB(LF)(SN) H_SM4_TB 1

Header 5 Header, 5-Pin P1 HDR1X5 Header 5 1

Header7 Header, 7-Pin P2 HDR1X7 Header7 1

Res1 Resistor R1, R5, R6, R7 6-0805_M Res1 41470R, 1K, 47R, OR

Res1 Resistor R2 C1206 Res1 1]2K

Switch_JS202011JA

JS202011JAQN S1 JS202011JAQN QN 1

MCP73831T- MCP73831T-

2ACI/0T U1 S0T-23-5 2ACI/0T 1

MIC5219-3.3YM5-

MIC5219-3.3M5-TR u2 S0T-23-5 TR 1

LMP91000SDE/NO LMP91000SDE/NO

PB u3 QFN14 PB 1

MCP1501T-33E/CH U4 S0T23-6 MCP1501T-33E/CH 1
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Comment Description Designator Footprint LibRef Quantity

Polarized Capacitor

Cap Poll (Radial) C1, C2 A Cap Poll 2

C3, C4, C5, C7, C8, C9,

Cap Capacitor C10,C12,C13, C14 0805 Cap 10
Polarized Capacitor

Cap Poll (Radial) C6 B Cap Pol1 1
Typical INFRARED GaAs

KP-3216EC (FC:8530025) [LED D1 1206 LEDO 1
High Conductance Fast

Diode 1N4148 Diode D2 S0D-323 Diode 1N4148 1
Typical INFRARED GaAs

RED LED D3 1206 LEDO 1
Typical INFRARED GaAs

GREEN LED D4, D5 1206 LEDO 2

Micro USB B Receptacle J1 Micro_USB_B Micro_USB_B 1

Header 3 Header, 3-Pin 2 SPE_Socket Header 3 1

Header 3 Header, 3-Pin J4 HDR1X3 Header 3 1

Plug Plug P1, P2 PIN1 Plug 2

R1, R7, R8, R9, R10,

Res1 Resistor R11, R12, R13, R14 6-0805_M Res1 9

Res1 Resistor R2 1206 Res1 1

JS202011JAQN S1 JS202011JAQN Switch_JS202011JAQN 1

MCP73831T-2ACI/0T U1 S0T-23-5 MCP73831T-2ACI/OT 1

MI1C5219-3.3M5-TR u2 S0T-23-5 MIC5219-3.3YM5-TR 1

LMP91000SDE/NOPB U3 QFN14 LMP91000SDE/NOPB 1

MCP1501T-33E/CHY u4 S0T23-6 MCP1501T-33E/CHY 1

RFD22301 U5 RFD22301 RFD22301 1

FT232RL-Reel USB UART AsynchronoujU6 SSOP-28_N FT232RL-Reel 1
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Comment Description Designator Footprint LibRef Quantity
C5, C6, C7, C8, C9, C12,
€13, C16, C19, C22,
€23, C24, C25, C26,
Cap Capacitor C27, C29, C30 1608[0603] Cap 17
Typical INFRARED GaAs
BLUE LED D1 0603 LED LEDO 1
Typical INFRARED GaAs
YELLOW LED D2 0603 LED LEDO 1
Diode 11DQ03 Schottky Rectifier D3, D4 S0D-323 Diode 11DQ03 2
Typical INFRARED GaAs
RED LED D6 0603 LED LEDO 1
Header 2 Header, 2-Pin Il HDR1X2 Header 2 1
Header 3 Header, 3-Pin 42,483, 44, 45 SPE_Socket Header 3 4
Jumper-SMT_3_2-
NC_TRACE_SILK JP1 SMT_Jumper_3_2 Jumper_SMT_3_2 1
POGO_PL P1, P2, P3, P4, P5, P6, P7|POGO PIN LITLE POGO PIN LITLE 7
R1, R2, R3, R4, R5, R6,
Res1 Resistor R10 1608[0603] Res1 7
2ASW8-ART3MIS U1 2ASW8-ART3MIS 2ASW8-ART3MIS 1
MCP73831T-2ACI/0T u2 S0T-23-5 MCP73831T-2ACI/OT 1
AP2112K-3.3TRG1 u3 S0T-23-5 AP2112K-3.3TRG1 1
MAX6043CAUT33 u9 S0T23-6 MAX6043CAUT33 1
LSM9DS1 u1o0 LGA-24L LSM9DSH 1
LMP91000SDE/NOPB Uil QFN14 LMP91000SDE/NOPB 1
TMUX1104 U12, U13, U14 VSSOP10 TMUX1104 3
32.768KHz Crystal Oscillator Y2 CRYSTAL_ABSO07AIG XTAL 1
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Comment Description Designator Footprint LibRef Quantity

Cap Capacitor C17,C18, C20, C21, C28 |1608[0603] Cap 5
Typical INFRARED GaAs

Yellow LED D5 0603 LED LEDO 1
Typical INFRARED GaAs

Green LED D7 0603 LED LEDO 1

USB-C 24P, FC: 2524076 J10 USB-C-24P USB-C-24P 1

PogoPB P1, P2, P3, P4, P5, P6, P7[POGO PIN BIG POGO PIN BIG 7

R11, R12, R13, R14,

Res1 Resistor R15, R16 1608[0603] Res1 6

DNP Resistor R17 1608[0603] Res1 1

DTSM-61-NR 83 Switch_B3FS1000P SWITCHE_DTSM-61-NR 1

CH340E U10 MSOP10 CH340E 1
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