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Abstract

As the age of the global population increases, the demand for innovative and practical so-
lutions to support elderly care has attracted significant interest. Recent advances in digital
technologies and computational science offer promising opportunities to extend the contin-
uum of care at patients’ homes.

This dissertation investigates the potential role of artificial intelligence (Al) methods and
technology can have in rehabilitation medicine. The hypothesis is that Al can provide so-
lutions for smart monitoring and assistance in home-based rehabilitation programs, empow-
ering patients to actively participate in individualized treatment, improve self-management,
and autonomously adhere to personalized long-term therapies.

State-of-the-art deep learning algorithms for computer vision and pattern recognition
were analyzed and proposed in the monitoring and evaluation of human motion behavior
during physical therapy exercises. The research also explored bias mitigation and resilience
techniques in algorithm implementation to support the integration of effective and equitable
AT technologies into future clinical applications. At the same time, the ethical challenges
posed by these technological advancements were examined, focusing on the core principles
and strategies to ensure the fairness of Al technologies that support clinical decision-making.
A critical evaluation was also conducted on the regulatory framework within which these
technologies could be effectively implemented and governed.

This thesis pioneers the development and application of Al-driven technologies in rehabil-
itation medicine. Its aim is to create more accessible, responsive, and impactful healthcare
solutions to address the pressing global need for high-quality, cost-effective, and efficient
treatments to manage the growing healthcare demands of non-communicable chronic dis-

eases driven by population aging.
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Chapter 1

Background

1.1 Context and motivation

Demographic ageing and the prevalence of noncommunicable diseases are a global trend.
The European population growth is slowing down, while population ageing accelerates [53].
In the European Union, the number of people aged over 65 years old will almost double
over the next 50 years, from 85 million in 2008 to 151 million in 2060 [240]. Therefore,
frailty is highly prevalent among elderly people, and it is also recognized as a major public
health concern by the World Health Organization. The progressive decline in physical and
cognitive skills prevents elderly people from living independently and lead to the increasing
demand for healthcare assistance [257]. Disability trends are putting significant pressure on
age-related public expenditure in the EU, which is estimated that, by 2060, will reach 12.9%
of gross domestic product (GDP) for pensions, 8.3% of GDP for health care and up to 3.4%
of GDP for long-term care [78]. So there is an emerging consensus that preventing disability
in older adults could reduce related healthcare services costs [317, 119]. In response to the
aging of populations and the resulting shift to high prevalence rates of disability, there is
a need to shift the healthcare delivery to the elderly to a more accessible and convenient
services strategy in terms of efficacy, efficiency, and costs.

Home health care is an accepted strategy worldwide for a cost-effective approach to
manage the growing services need for the healthcare of elderly people. However, it was also
evidenced that elderly people sometimes unsuccessfully follow their home-based care plans
due to issues related to the confusion about treatments, forgetfulness, loss of motivation,
social isolation [166]. New ways to provide and obtain successfully long-term programs and
better outcomes in the healthcare of older people should be investigated.

The recent developments in sensing, mobile, embedded devices have attracted consid-
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CHAPTER 1. BACKGROUND

erable attention toward innovative health applications, representing an hot research field
today. Due to its support for the integration and cost-effective delivery of services, technol-
ogy is recognized as a key asset in the achievement of universal health coverage for all ages.
Recently, the WHO guidelines on Integrated Care for Older People (ICOPE) recognized the
importance of technology in providing long-term healthcare services integrated in patient’s
everyday life [242]. The introduction of smart healthcare applications for elderly people
offers the possibility to implement individual integrated programs especially in remote and
home settings.

Technological advances, particularly in engineering and computer science, are starting to
be applied to support rehabilitation research and practice [239]. In the last decade, research
on the use of new technologies to improve key rehabilitation processes and outcomes has
steadily grown.

Mobile systems and unobtrusive devices, coupled with specific software applications, are
increasingly available to collect data and provide users with information to assess health
and monitor progress toward individualized rehabilitation goals. Additionally, socially and
physically assistive systems are emerging to aid individuals in recovering from illness and
injury to restore function loosing caused by sensory, motor, or cognitive impairments [164].

In response to the growing demand for healthcare assistance for chronic diseases related
to demographic aging and the trend of applying technology to healthcare services, this thesis
investigates the latest advancements in artificial intelligence (Al) research in order to propose

alternative and innovative methods to enhance long-term rehabilitation programs.

1.2 Aims and objectives

Al-powered smart healthcare applications are expected to offer the possibility of implement-
ing efficient, individualized, and integrated programs in remote and home settings. Following
this, the thesis aims to highlight the role of emerging Al solutions in supporting exercise
monitoring and assistance in rehabilitation medicine.

The primary objective is to investigate AI methods and techniques that facilitate home-
based rehabilitation programs delivered remotely, without the need for direct clinical super-
vision. Such decentralized healthcare services are particularly beneficial for the long-term
management of chronic diseases in elderly care, providing essential support for patients in
their home environments.

The research will investigate Al-driven methodologies for unobtrusively monitoring pre-
scribed exercise therapy, with a particular emphasis on recent advancements in deep learning,

computer vision, and pattern recognition techniques.

11



CHAPTER 1. BACKGROUND

The overall contributions of the thesis are as follows:

1. Identify key Al methods and strategies that can support monitoring and assistance in

rehabilitation medicine;

2. Analyze various methods and computational techniques for human motion analysis,
while addressing fairness and equity issues in the implementation of human-centered

systems in healthcare;

3. Discuss the ethical implications of fully automated systems in home-based rehabilita-
tion services and outline the regulatory landscape regarding Al and medical devices,

providing a framework to govern these technologies.

The contributions of this thesis aim to advance the development of Al-based therapeutic
applications that can support and optimize home-based rehabilitation in future healthcare
services. Al-powered monitoring and decision-support systems are expected to streamline
clinical workflows, enhance patient safety, aid in diagnoses, and enable personalized treat-
ment [193]. The scope is to guide the future development o healthcare applications powered
by AI that facilitate the implementation of efficient, individualized rehabilitation programs

in remote and home settings.

1.3 Thesis organization

The results of the research conducted throughout this project have been published in inter-
national peer-reviewed journals, contributing significantly to the body of work presented in
this thesis.

The thesis is structured as follows.

e Chapter 2 introduces the broader landscape of Al innovations in healthcare, with a
particular focus on the emerging applications revolutionizing the field of rehabilita-
tion medicine. The content of the following published articles [213, 212] significantly
contributed to the development of this chapter.

e Chapter 3 presents methodologies for modeling data that can be used to train and
develop automated systems for motion analysis. This chapter presents the results of
the following published articles [214, 210, 211].

e Chapter 4 describes the development and experimentation of a proof-of-concept system

designed to monitor and evaluate exercises in an unobtrusive and automated manner.

12



CHAPTER 1. BACKGROUND

The pipeline of the system and the results of the experiments are presented. Relevant

content from the following published article [210] contributes to this section.

e Chapter 5 addresses the significant challenge of ensuring fairness in Al systems, partic-
ularly in the context of monitoring and assistive healthcare applications. This chapter
provides methods and solutions to promote unbiased and equitable systems, offering
insights from data and algorithmic perspective. The following published article [209]
contributes to this section, while additional results presented in this chapter are cur-

rently under review for future publication.

e Chapter 6 summarizes the key contributions of the thesis and offers a comprehensive
discussion of the overall work, exploring both the technical and ethical implications of

the research. It also outlines potential directions for future research endeavors.

e Chapter 7 concludes the thesis by emphasizing the key contributions of this research

and their implications for future applications.
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Chapter 2

Introduction

2.1 The impact of Al on healthcare

2.1.1 Foundations

The concept of Al was first discussed in 1956 [205], referring to technology used to mimic
human behavior. Since then, the field has made remarkable strides in development. As
a subfield of AI, Machine Learning (ML) was conceptualized by Arthur Samuel in 1959
[276]. He emphasized the importance of systems that automatically learn from experience
instead of being programmed. In the 1980s, ML demonstrated great potential in computer
foresight and predictive analytics, including clinical practice and machine translation [30].
Deep Learning (DL), a subfield of ML, has ushered in new breakthroughs in information
technology. DL may study underlying features in data from multiple processing layers using
neural networks, similar to the human brain [169]. Since the 2010, DL has garnered immense
attention in many fields, especially in image recognition and speech recognition [280].

The term Al generally refers to the performance of tasks that are commonly associated
with intelligent beings by software and/or devices. A specific definition of Al in a recom-
mendation by the OECD Council on Artificial Intelligence states: ‘An artificial intelligence
system is a machine-based system that can, for a given set of human-defined objectives,
make predictions, recommendations or decisions that affect real or virtual environments’.

The basis of Al technologies are algorithms and they may operate with different levels of
autonomy (see Table 2.1) [161].

Two main approaches are actually proposed to develop Al algorithms: the rule-based
approach and the ML-based approach whose definitions are described in Table 2.2 [90].
These algorithms are translated into computer code that contains instructions for the rapid

analysis and transformation of data into conclusions, information, or other results.

14
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Table 2.1: Description of Al system autonomy levels.

Level Definition

Example

Final decision

0 No presence of Al
1 AT suggests decision to
human

2 Al makes decisions,
with permanent hu-
man supervision

3 Al makes decisions,
with no continuous hu-
man supervision but
human backup avail-
able

4 Al makes decisions,
with no human backup
available

Standard care.

Clinicians consider Al recommen-
dations but ultimately make the
final decision on treatment and
therapy.

Al makes clinical decisions on
treatment and therapy, with hu-
man doctors providing ongoing su-
pervision.

Al autonomously makes clinical
decisions regarding treatment and
therapy, but it can alert human
users in case of uncertainty, min-
imizing the need for constant su-
pervision.

AT autonomously govern the clin-
ical decision with no human
backup.

Human
Human

Human

Al

Al

Table 2.2: Description of existing algorithm categories.

Example

Category Definition

Rule-based The system follows a set of
algorithm rules predefined by experts.
[162]

ML-based al- The AI system facilitates

gorithm [185]  the incorporation of intri-
cate knowledge representa-
tions using statistics and

probability theory.

The expert defines the knowledge rep-
resentation of a phenomenon and inte-
grates this model into the system.
The focus is not on defining a prior
knowledge model, but rather on the
collection of data and their integration
into a training set. This approach al-
lows for the continuous development of
knowledge in a specific application do-
main through the ongoing utilization of
data.

The huge amounts of data and the ability to analyze data rapidly feed Al to perform
increasingly complex tasks [164]. For this reason, Al in medicine raises the idea that Al
replaces doctors and human decision-making. However, applications of Al are still relatively

new and Al is not yet routinely used in clinical decision-making. Few of these systems have

been evaluated in clinical studies [212].

The use of Al in clinical care is expected to bring about the major changes schematically
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reported in Figure 2.1. There are four main trends recognized by the WHO: i) the evolution
of the role of the patient in the clinical care process; ii) the shift from hospital to community-
based care; iii) the use of Al to provide clinical care outside the formal healthcare system;
iv) the use of Al for resource allocation and prioritization [270]. Each of these trends has
ethical implications, which will be discussed later.

Patients already take significant responsibility for their care, including taking medica-
tion, improving their diet and nutrition, engaging in physical activity, treating wounds, or
administering injections. However, Al could further change the way patients independently
manage their medical conditions, particularly in chronic disease conditions. Al could help
in self-care, for instance through conversational agents such as ‘chatbots’, health monitor-
ing tools and risk prediction technologies for prevention programs [243]. While the move
to patient-based care may be seen as empowering and beneficial for some patients, others
may find the added responsibility stressful and may limit an individual’s access to formal
healthcare services.

Telemedicine is part of a broad revolution marking the transition from hospital to home
care, and the use of AI technologies is helping to accelerate this journey. The shift to
home care has been partly facilitated by the increase in the use of search engines (which
rely on algorithms) for medical information, as well as the growth in the number of text
or voice chatbots for healthcare [283]. In addition, Al technologies can play a more active
role in managing patients’ health outside clinical settings, such as in ‘just-in-time adaptive
interventions’. These rely on sensors to provide patients with specific interventions according
to previously collected data [224]. The growth and use of wearable sensors and devices may
improve the effectiveness of ‘just-in-time adaptive interventions’, but also raise concerns in
light of the amount of data these technologies are collecting, how they are being used, and
the burden these technologies may shift to patients.

The increasing use of digital self-management applications and technologies also raises
broader questions about whether these technologies should be regulated as clinical appli-
cations, thus requiring more regulatory control, or as ‘wellness applications’, requiring less
regulatory control. Many digital self-management technologies are likely to fall in a ‘grey
area’ between these two categories and may present a risk if they are used by patients for
their own disease management or clinical care, but remain largely unregulated or could be
used without prior medical advice. These concerns are exacerbated by the distribution of
such applications by entities that are not part of the formal healthcare system. Indeed,
AT applications in healthcare are no longer used exclusively in healthcare (or home care)
systems, as Al technologies for health can easily be acquired and used by entities in the non-

health system. Emerging is therefore the issue concerning the use of Al to extend ’clinical’
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care beyond the formal healthcare system.

Finally, with the trend towards self-management, the use of mobile and wearable devices
driven by software capable of acquiring and processing data through sophisticated algorithms
has increased [268]. Self-management systems empower individuals to take an active role
in managing their health. They provide the necessary resources and tools for patients to
track their health, adhere to treatment plans, and make informed decisions about their well-
being. This approach fosters a proactive approach to healthcare, empowering patients to
become partners in their health management. Wearable technologies include those placed
in the body (artificial limbs, smart implants), on the body (insulin pump patches, elec-
troencephalogram devices), or near the body (activity trackers, smart watches, and smart
glasses). Wearable devices will create more opportunities to monitor a person’s health and
capture more data to predict health risks, often more efficiently and in a more timely manner.
Although such monitoring of ’healthy’ individuals may generate data to predict or detect
health risks or improve a person’s treatment when necessary, it raises concerns as it allows
for near-constant surveillance and the collection of excessive data that would otherwise have
to remain unknown or uncollected. Such data collection also contributes to the growing
practice of ’bio-surveillance’, a form of surveillance of health and other biometric data, such
as facial features, fingerprints, temperature and pulse [93]. The growth of biosurveillance
raises significant ethical and legal concerns, including the use of such data for medical and
non-medical purposes for which explicit consent may not have been obtained or the re-use of
such data for non-health purposes by a government or company, such as within the criminal
justice or immigration systems. Therefore, such data should be subject to the same levels of

protection and security as data collected on an individual in a formal clinical care setting.

2.1.2 Clinical applications

Digital technologies are at the forefront of transforming healthcare practices. Recent inno-
vations hold the promise of improving preventive measures, facilitating early detection of
severe illnesses, and enabling remote management of chronic conditions beyond the confines
of traditional healthcare settings. These developments open up new possibilities for deliver-
ing healthcare services at any time and in any place, aligning with the era of disruptive and
minimally invasive medicine.

Within the realm of digital health technologies, a diverse array of innovative healthcare
tools has emerged, such as health information technologies, telemedicine applications, robotic
platforms, mobile and wearable devices, and Internet of Things (IoT) networks. While these

technologies may differ significantly from a technical perspective, they all share a common
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Figure 2.1: The Al impact on future healthcare system.

objective: to provide decision support in the context of healthcare practice. They accomplish
this by gathering data during their use, consequently enriching the informativeness and
effectiveness of medical practice through the analysis of the recorded information.

A decision support system in healthcare can be considered a computerized tool or soft-
ware that assists healthcare professionals, including doctors, nurses, and administrators, in
making informed and evidence-based decisions related to patient care, treatment options,
and healthcare management. It integrates patient data, medical knowledge, and analytical
tools to provide real-time information and recommendations, aiding healthcare providers in
diagnosing conditions, creating treatment plans, and optimizing healthcare operations. De-
cision support systems have the potential to enhance the quality of care, reduce errors, and
improve efficiency by offering valuable insights and suggestions based on the latest medical
research and patient data.

In detail, Al is playing a pivotal role in revolutionizing decision support systems in
healthcare, fundamentally transforming the way data is collected, analyzed, and utilized.
The integration of Al introduces several significant advancements. Al algorithms can process

vast amounts of patient data rapidly and with a high degree of accuracy. This allows for more
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nuanced and precise diagnostic and treatment recommendations. Al can identify patterns
and anomalies in patient data that might be challenging for human professionals to detect.
AT enables the tailoring of treatment plans to individual patients. By analyzing a patient’s
unique health data, genetic information, and treatment history, Al can suggest personalized
therapies that are more effective and have fewer side effects. This personalized approach can
lead to better outcomes and a higher quality of care. Al-driven decision support systems can
use predictive data analysis to anticipate potential health issues. By continuously monitoring
and analyzing patient data, Al can alert healthcare providers to early signs of disease or
complications, enabling proactive intervention and preventive measures. Al can monitor
patients in real-time, whether they are in a healthcare facility or at home. Wearable devices
and sensors connected to Al systems can provide continuous updates on a patient’s health
status. This real-time monitoring is particularly valuable for chronic disease management
and remote patient care. Al technology allows also to extraction of valuable information
from unstructured data sources such as medical notes and reports. This capability simplifies
the retrieval of relevant patient information, aiding in diagnosis and treatment planning. Al-
powered care assistive systems enhance the patient experience during remote consultations.
They can assist in collecting and interpreting patient data during telehealth visits, ensuring
that healthcare providers have access to the information they need for informed decision-
making.

To delve deeper into the discussion on Al technologies, these systems can be methodically
categorized into two primary groups: diagnosis support systems, and care assistive systems.

The subsequent paragraphs offer an in-depth examination of each system category, eluci-
dating their distinct healthcare functions as shown in Figure 2.2. A comprehensive overview
of the Al technologies adopted for each category and current trends as evidenced in existing

literature are reported.

Diagnosis support systems

Diagnosis support systems are designed to assist healthcare professionals in accurately di-
agnosing medical conditions, often by analyzing patient data, medical records, and clinical
information. They aid in the formulation of precise diagnoses and the selection of appropriate
treatment plans.

The use of Al in disease diagnosis and treatment has been a focus of research since the
1970s when MYCIN, developed at Stanford, was used for diagnosing blood-borne bacterial
infections [42].

In various medical fields, researchers have harnessed a range of Al-based techniques to

detect diseases that require early diagnosis. Figure 2.3 offers a comprehensive summary of
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Figure 2.2: Category and characteristics of Al decision-support systems.

the distribution of medical areas of interest, considering the results of a recent systematic
review [158].

Al is proving to be a valuable tool for image analysis and is increasingly employed by
professionals in radiology for early disease diagnosis and the reduction of diagnostic errors
in preventive medicine. Al also aids in analyzing images and signals from various diagnostic
tools to support decision-making. For instance, the Ultromics platform, implemented in
Oxford, utilizes Al to analyze echocardiography scans, detecting heartbeat patterns and
ischemic heart disease [98]. AI has shown promising results in the early detection of diseases
such as breast and skin cancer, eye diseases, and pneumonia using various imaging techniques
(322, 80, 260]. More recently, a system integrated with the advanced DL model enhanced
precision in identifying ductal carcinoma in breast cancer imaging, providing valuable insights
for practitioners [256]. Furthermore, Al is becoming an integral part of clinical practice,
aiding in diagnostic and therapeutic imaging analysis within the context of the prostate
cancer pathway [304]. This integration facilitates enhanced risk stratification and enables
more precisely targeted subsequent management.

Further, surprising speech pattern analysis with AI has been shown to predict psychotic
occurrences and identify features of neurological diseases like Parkinson’s disease [28, 47]. In
a recent study, Al-based models predicted the onset of diabetes [57]. Additionally, AI has

been instrumental in assisting the public in the battle against the virus, as it has played a
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crucial role in the diagnosis of COVID-19 using various imaging techniques, such as computed
tomography (CT), X-rays, magnetic resonance imaging (MRI), and ultrasound (US) [108,
145, 154].

Al is significantly impacting clinical decision-making and disease diagnosis. It can pro-
cess, analyze, and report large volumes of data from different sources, aiding in disease
diagnosis and clinical decision-making. Al has the potential to assist physicians in making
more informed clinical decisions and, in some cases, may even replace human decisions in
therapeutic domains [281]. Moreover, investigations employing computer-aided diagnostics
have shown remarkable sensitivity, accuracy, and specificity in detecting subtle radiographic
abnormalities, contributing to advancements in public health. However, it is worth noting
that the assessment of Al outcomes in imaging studies often focuses on lesion detection, po-
tentially overlooking the biological severity and type of a lesion. This approach may lead to a
skewed interpretation of Al output. Additionally, the use of non-patient-related radiological
and pathological endpoints may increase sensitivity but at the cost of higher false positives
and potentially overestimate diagnosis by detecting minor abnormalities that could mimic
subclinical disease [237]. Furthermore, Al has found application in motion analysis, with
machine learning-driven video analysis showcasing the capacity of computers to automate
the identification of gait abnormalities and associated pathologies in individuals afflicted
with orthopedic and neurological disorders [6, 164].

Despite significant advancements in recent years, the field of precise clinical diagnos-
tics still faces several challenges that demand continuous improvement to effectively combat
emerging illnesses and diseases. Even healthcare professionals acknowledge the obstacles that
need to be addressed before illnesses can be accurately detected in collaboration with Al
Currently, doctors are not entirely reliant on Al-based approaches because they are uncer-
tain about their ability to predict diseases and associated symptoms. Therefore, substantial
efforts are needed to train Al-based systems, enhancing their accuracy in disease diagnosis.
Consequently, future Al-based research should take into account the aforementioned limi-
tations to establish a mutually beneficial relationship between AI and clinicians. Utilizing
a unified model for disease diagnosis across different institutions can significantly improve

accuracy, thereby aiding in the early diagnosis of diseases.

Care assistive systems

Care assistive systems encompass a diverse range of versatile systems that offer compre-
hensive monitoring and support capabilities across various healthcare settings. They enable
real-time monitoring and provide assistance, fostering patient engagement and compliance in

care. Whether the patient is physically present with the healthcare provider or in a remote
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location, these systems ensure accessibility and convenience, thereby improving the overall
patient experience.

Due to remarkable technological advancements, Al has ushered in innovative applications
within the realm of care assistive [212]. Significant progress was made in wearable devices
capable of measuring physiological changes and facilitating real-time patient monitoring
[227]. Remote patient monitoring, a subset of telehealth, enables healthcare providers to
remotely monitor and assess patient conditions, reducing the reliance on traditional in-
person visits. This approach leverages sensors and communication technologies, simplifying
the process of remotely collecting and evaluating health data, and empowering patients to
take control of their health [8, 21].

Traditionally, patient monitoring systems relied heavily on clinicians’ time management
and invasive methods requiring skin contact. However, patient remote monitoring in health-
care now incorporates innovative loT techniques, including contact-based sensors, wearable
devices, and telehealth applications. These technologies enable the examination of vital signs
and physiological variables, such as motion recognition, which supports medical decision-
making and therapeutic strategies for various conditions, including psychological illnesses
and movement disorders [286]. Healthcare providers have also harnessed remote patient
monitoring platforms to ensure the continuity of patient care during the COVID-19 pan-
demic.

Conventional Al techniques are commonly employed in virtual applications to detect early

signs of patient deterioration, understand patient behavior patterns through reinforcement
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learning, and tailor the monitoring of patient health parameters via federated learning. Al
plays a pivotal role in managing chronic diseases, including diabetes mellitus, hypertension,
sleep apnea, and chronic bronchial asthma, through non-invasive, wearable sensors [146].
Smart homes equipped with sensors that monitor physiological variables such as respiratory
rate, pulse rate, breathing waveform, blood pressure, and ECG can aid residents in their
daily activities and alert caregivers when assistance is required. Additionally, smart mobile
and wearable devices allow users to collect data and monitor progress toward personalized
therapy goals [12, 189]. Inertial sensors in wearable technology can assess individuals’ adher-
ence to exercise regimens, particularly in rehabilitation programs [104, 294]. Recent reviews
highlight the potential of Al integration into wearable technologies while addressing the issue
of user retention, and underscore the need for patient education to improve Al acceptance
(308, 295, 94]. Al-driven data processing from sensors has the potential to monitor pat-
terns in physiological measurements, positional data, and kinematic data, offering insights
into improving athletic performance. Al can enhance injury prediction models, increase the
diagnostic accuracy of risk stratification systems, enable continuous patient health moni-
toring, and enhance the patient experience. Despite these benefits, the adoption of Al in
wearable devices faces challenges such as missing data, socioeconomic bias, data security,
outliers, signal noise, and the acquisition of high-quality data using wearable technology
[52, 100]. Patient acceptance also presents a critical hurdle to the widespread adoption of
these technologies. However, Al’s transformative potential in remote patient monitoring is
accompanied by challenges related to privacy, signal processing, data volume, uncertainty,
imbalanced datasets, feature extraction, and explainability [286].

The integration of Al language models can further revolutionize patient care, with the po-
tential for digital applications to assist patients in managing their treatment regimens. These
virtual assistants, similar to personal healthcare advisors, can provide reminders for medica-
tion adherence and offer health status updates. The rise of virtual patient assistants using
the AI natural language model exemplifies the application of Al in healthcare. These virtual
assistants can guide patients in managing chronic conditions like diabetes, prescribe over-the-
counter medications, and offer guidance on remote therapy sessions. Physically and socially
supportive robots have proven invaluable in aiding individuals in their recovery from injuries
or illnesses, bridging cognitive, motor, or sensory deficits. These technologies contribute
significantly to enhancing functional abilities, independence, and overall well-being [189].
ML methods have also found application in the evaluation of patient data, clinical decision
support, and diagnostic imaging. In therapy, artificial cognitive applications can assess reha-
bilitation sessions based on machine-generated signals [12]. The incorporation of Al-driven

tools, such as the AI natural language model, into rehabilitation sessions can complement
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traditional therapy, offering personalized guidance and monitoring for patients during their
recovery journey [210]. Furthermore, the Al language model can assist individuals in prac-
ticing speech and language skills, making it accessible both at home and outside. Studies
have demonstrated ChatGP'T’s ability to redraft text empathetically, enhancing peer-to-peer
mental health support and various community-based self-managed therapy tasks, including
cognitive behavioral therapy [287]. Furthermore, the utilization of apps and online portals
for patient-physician communication has significantly improved patient engagement rates.
Healthcare apps securely store and distribute patient data in the cloud, providing patients
with easy access to their health information and facilitating better health outcomes. Al-based
medical consultation apps allow patients to obtain information (non-emergency) and even
offer medication reminders. Al language model’s integration into healthcare apps stream-
lines time-consuming tasks like summarization, note-taking, and report generation, making
healthcare more efficient. These apps also assist patients in symptom checking, appointment
scheduling, medication management, patient education, and the self-management of chronic
diseases [131]. Various digital platforms, including mobile apps, voice assistants, and web-
sites, can facilitate access to care assistive. However, the utilization of virtual assistants in
healthcare is not without its challenges, encompassing ethical concerns, data interpretation,
privacy, security, consent, and liability issues [131].

Al is sparking a transformative wave in patient care, touching upon many healthcare do-
mains, ranging from remote monitoring to injury prevention and virtual assistance. Through
ongoing innovation and comprehensive education, Al stands poised to elevate healthcare
services’ quality and global reach. However, it simultaneously raises many issues regarding

ethical and regulatory aspects.

2.1.3 Ethical principles and guidelines

The ethical foundation in medicine rests upon a set of fundamental principles that guide
healthcare professionals in delivering compassionate and patient-centered care. Central to
these principles is respect for patient autonomy, acknowledging individuals’ rights to make
informed decisions about their healthcare. Concurrently, the principle of beneficence un-
derscores the healthcare provider’s duty to act in the best interests of patients, promoting
well-being and striving to maximize positive outcomes while minimizing harm, in adherence
to the principle of non-maleficence [27].

Justice in medical ethics emphasizes the equitable distribution of healthcare resources,
treatments, and opportunities, addressing disparities and ensuring universal access. Veracity

and confidentiality highlight the importance of honest and transparent communication while
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safeguarding patient privacy.

Fidelity, or professional faithfulness, underscores the commitment of healthcare profes-
sionals to fulfill their duties and obligations, maintaining trust within the physician-patient
relationship and the broader healthcare system. These principles collectively form the ethi-
cal compass that guides decision-making in medicine, ensuring a balance between individual
rights, societal equity, and the integrity of the medical profession. As the healthcare land-
scape evolves, these principles remain essential, fostering ethical practices that prioritize
patient welfare and uphold the core values of the medical profession. Continuous reflection
on these ethical considerations ensures that healthcare professionals navigate the complexi-
ties of medical practice with integrity, compassion, and an unwavering commitment to ethical
standards.

When developing digital technologies for healthcare, it is essential to take into account the
requirements for monitoring patient safety, privacy, traceability, accountability, and security.
Furthermore, plans should be established to address any breaches that may occur.

The WHO initiated in 2019 the development of a framework to facilitate the integration
of digital innovations and technology into healthcare. The WHQO’s guidelines for digital
interventions in healthcare emphasize the importance of evaluating these technologies based
on factors such as benefits, potential drawbacks, acceptability, feasibility, resource utilization,
and considerations of equity. These recommendations underscore that these digital tools
should be perceived as essential aids in the quest for universal health coverage and long-
term sustainability[109].

The ethical principles for applying Al in the field of healthcare are designed to provide
guidance to developers, users, and regulators to enhance the design and utilization of these
technologies while ensuring proper oversight.

At the heart of all ethical principles lie human dignity and the intrinsic worth of every
individual. These foundational values underpin the ethical guidelines that outline duties and
responsibilities within the sphere of developing, implementing, and continually evaluating Al
technologies for healthcare. The European Regulation enacted on April 21, 2021, categorizes
AT products with precision based on their potential risk to fundamental rights such as health
and safety, dignity, freedom, equality, democracy, the right to be free from discrimination,
and data protection.

Given this classification, ethical principles play a pivotal role for all stakeholders engaged
in the responsible advancement, deployment, and assessment of Al technologies for health-
care. This inclusive group encompasses physicians, system developers, healthcare system
administrators, health authority policymakers, as well as local and national governments.

Ethical principles should serve as catalysts, encouraging and aiding governments and public
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sector agencies in adapting to the rapid evolution of Al technologies through legislation and
regulation. Moreover, these principles should empower medical professionals to judiciously
employ Al technologies in their practice.

Within a general framework of the use of Al techniques in the service of society, six fun-
damental principles in favor of the ethical development of such technologies have been identi-
fied in the literature. Some of them are fundamental principles commonly used in bioethics:
beneficence and non-maleficence (i.e. to do no harm and minimize the benefit/risk trade-
off), autonomy (respecting the individual’s interest in making decisions), justice (ensuring
fairness and that no person or group is subjected to discrimination, neglect, manipulation,
domination or abuse). Other principles, on the other hand, principles draw from moral and
legal standards. These principles emphasize maintaining the epistemological aspect of intel-
ligibility, encompassing both the need for clear explanations of technology’s operations and
the responsibility to trace cause-and-effect relationships resulting from technology’s actions.
Furthermore, they underscore the importance of safeguarding and upholding individual pri-
vacy to empower individuals to retain control over sensitive information concerning them-
selves, thereby preserving their capacity for self-determination and, in turn, respecting their
autonomy [5].

In a recent WHO initiative conducted in June 2021, a comprehensive set of indications,
recommendations, and guidelines about the development, application, and utilization of Al
technologies in medicine was established [270]. The WHO work offered a detailed exploration
of fundamental ethical principles designed to guide the development and implementation of
Al technologies. Strongly endorsing the adoption of this updated document within the
Al domain, the subsequent paragraphs provide a comprehensive review of the key ethical
guidelines delineated by WHO for a more thorough examination of the topic. Figure 2.4
provides a schematic summary of recommended ethical principles and guidelines for Al in

healthcare.

Protection of autonomy. The integration of Al may lead to scenarios where decision-
making is either transferred to or shared with machines. Upholding the principle of autonomy
necessitates that any expansion of machine autonomy should not compromise human auton-
omy. In the context of healthcare, this implies that individuals should retain complete control
over healthcare systems and medical choices. Al systems should be meticulously and consis-
tently designed to align with established principles and human rights, specifically focusing
on their role in aiding individuals, whether they are healthcare professionals or patients, in
making well-informed decisions. Respecting autonomy also encompasses the accompanying

responsibilities of safeguarding privacy, maintaining confidentiality, and ensuring informed
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Figure 2.4: Ethical principles and guidelines.

and valid consent through the implementation of appropriate legal frameworks for data pro-

tection.

Promoting welfare, safety and public interest. Al technologies must adhere to strict
regulatory standards concerning safety, accuracy, and effectiveness before they are made
available to the public. These requirements are essential to ensure not only initial quality
control but also to promote continuous improvement. As a result, individuals and entities
involved in funding, development, and utilization of Al technologies carry an ongoing duty to

evaluate and oversee the performance of Al algorithms to confirm their intended functionality.

Ensure transparency, explainability and intelligibility. Al should be comprehensible
to developers, users, and regulators. Achieving transparency necessitates the provision of
adequate information, which should be documented or made available before an Al technol-
ogy is designed and implemented. This commitment to transparency not only enhances the
overall system quality but also serves as a protective measure for patient safety and public
health. For instance, system evaluators rely on transparency to identify and rectify errors,
and government regulators depend on it to carry out effective oversight.

Al technologies should be as explainable as possible, and tailored to the comprehension
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levels of their intended audience. Striking a balance between full algorithmic explainability
(even at the cost of some accuracy) and enhanced accuracy (possibly at the expense of

explainability) is a critical consideration.

Promoting accountability and responsibility. Accountability can be established through
the application of ‘human assurance’, which entails the evaluation of AI technologies by both
patients and physicians during their development and implementation. In the context of hu-
man assurance, regulatory principles are employed both upstream and downstream of the
algorithm, creating human supervision points. The primary aim is to ensure that the algo-
rithm maintains its medical effectiveness, remains open to evaluation, and upholds ethical
accountability. Consequently, the utilization of Al technologies in the field of medicine ne-
cessitates accountability within intricate systems where responsibility is distributed among
various stakeholders.

In cases where Al technologies make medical decisions that result in harm to individuals,
accountability processes should unequivocally identify the respective roles of producers and
clinical users in the harm incurred. To avert the diffusion of responsibility, where ‘everyone’s
problem becomes nobody’s responsibility’, a robust accountability model, often referred to
as ‘collective responsibility’, holds all parties involved in the development and deployment of
AT technologies accountable. This approach encourages all stakeholders to act with integrity
and minimize harm. It is worth noting that this remains a continually evolving challenge
and is yet to be fully addressed in the laws of many countries.

To ensure appropriate redress for individuals and groups adversely affected by decisions
made by algorithm-based systems, mechanisms for compensation must be put in place. This
should encompass access to prompt and effective remedies and redress facilitated by both

government bodies and companies employing Al technologies in the healthcare sector.

Ensuring inclusivity and equity. Inclusivity dictates that AI employed in healthcare
should be intentionally designed to promote the broadest possible and equitable utilization
and access, irrespective of factors such as age, gender, income, ability, or other distinguish-
ing characteristics. Al technologies should not solely cater to the requirements and usage
patterns prevalent in high-income settings; they must also be adaptable to accommodate
various devices, telecommunications infrastructures, and data transfer capabilities, partic-
ularly in less economically privileged environments. Both industry and governments are
responsible for bridging the ‘digital divide” within and between countries to ensure that new
AT technologies are accessible on an equitable basis.

AT developers must ensure that Al data, especially training data, are free from sampling
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bias and characterized by accuracy, comprehensiveness, and diversity. Special provisions
should be in place to safeguard the rights and well-being of vulnerable populations, coupled

with mechanisms for redress in cases where biases and discrimination emerge or are alleged.

Promoting responsiveness and sustainability. Al responsiveness necessitates that de-
signers, developers, and users engage in a continuous, systematic, and transparent assessment
of Al technology to ensure that it functions effectively, and appropriately, in accordance with
the expectations and requirements of the specific context in which it is deployed. When an Al
technology proves to be ineffective or causes dissatisfaction, the obligation to be responsive
involves instituting a structured process to resolve the issue, which may include discontinu-
ing the technology’s use. Therefore, Al technologies should only be introduced if they can
be seamlessly integrated into the healthcare system and receive adequate support. Regret-
tably, in under-resourced healthcare systems, new technologies are frequently underutilized,
left unrepaired, or not upgraded, which squanders precious resources that could have been
invested in other beneficial interventions.

Sustainability also hinges on the proactive response of governments and companies to an-
ticipate workplace disruptions. This includes providing training for healthcare professionals
to adapt to the integration of Al and addressing potential job losses due to the adoption of

automated systems for routine health functions and administrative tasks.

2.1.4 Legislative measures

It is imperative that AI models maintain simplicity in their properties and functions to en-
sure ease of operation by healthcare providers [38]. Nevertheless, several hurdles hinder the
widespread adoption of Al in healthcare. These challenges encompass capacity limitations
in developing and maintaining infrastructure to support Al processes, elevated costs asso-
ciated with data storage and backup for research purposes, and the substantial expenses
required to enhance data reliability [298]. Al algorithms, while powerful, are not without
their limitations, including limited applicability beyond the training domain, and suscepti-
bility to bias [198]. To address these challenges, healthcare stakeholders should develop and
execute a carefully planned strategy for AI implementation in healthcare to handle the cost,
technological infrastructure, and Al system integration into clinical workflows. Furthermore,
clinicians frequently experience mistrust and lack of understanding concerning Al-based clin-
ical decision support systems, primarily due to undisclosed risks and the reliability of such
systems [58]. This skepticism acts as a substantial obstacle to broad adoption. To address
this, there is a growing focus on implementing explainable Al solutions to boost user trust

and navigate these issues [103].
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All these pieces of evidence emphasize that the increasing integration of Al technologies
into healthcare necessitates effective governance to address regulatory, ethical, and trust-
related concerns [262, 243]. A recent study also underscores the critical role of governing Al
technologies at the healthcare system level in ensuring patient safety, healthcare system ac-
countability, bolstering clinician confidence, enhancing acceptance, and delivering substantial
healthcare benefits [201].

Maintaining control over regulated domains, especially healthcare, underscores the ur-
gency of implementing national and international regulations. These regulations are essential
for the responsible integration of Al-driven applications in healthcare while upholding the
tenets of medical ethics [125]. This section concentrates on the proposal and refinement of
five essential European acts, which together can form a unified regulatory framework for

governing Al in healthcare (see Figure 2.5).
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Figure 2.5: Evidencing key European acts to govern Al in healthcare.

In this endeavor, the European Union (EU) has already initiated actions by enacting
the General Data Protection Regulation (GDPR) in 2018. GDPR is specifically crafted to
protect personal data handled by data processors or controllers operating within the EU,
setting a precedent for substantial regulatory changes in the United States and Canada [91].

Moreover, the European Commission has introduced the recent Artificial Intelligence Act
(AIA), which is designed to address a range of risks linked to the extensive implementation
of AI [3, 2]. This set of regulations advocates for the responsible deployment of Al and

endeavors to prevent or alleviate potential harms arising from specific technology applica-
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tions. According to this proposed act, high-risk Al systems are obligated to undergo pre-
deployment compliance assessments and post-market monitoring to ensure their adherence
to all the requirements outlined by the AIA [279].

Furthermore, the European Union has recently implemented the Medical Device Regu-
lation (MDR) 2017/745/EU [4], which replaces both the Medical Device Directive (MDD)
93/42/EC [1], and the Active Implantable Medical Device Directive (AIMDD) 90/385/EC
[112] which aims to enhance the regulation of the medical device market .

In general, the implementation of the MDR does not remove any requirements from the
replaced regulatory acts. Instead, it introduces new ones, emphasizing a life-cycle approach
to device safety. To summarize, the primary changes brought about by the MDR’s entry

into force and application for medical devices are as follows:
i) the MDR enhances controls to ensure the safety and effectiveness of devices.

ii) the mechanism allowing for the acceleration of placing devices on the market or
putting them into service through equivalence to existing devices is no longer applicable for

all medical devices.

iii) post-marketing clinical follow-up is extended to all medical devices, leading to an
increased importance and number of clinical evaluations and investigations.

According to Article 51(1) of the MDR, medical devices are classified into four main
classes: I, Ila, IIb, and III. This classification depends on their intended purpose and inherent
risks, based on the criteria specified in Annex VIII. In general, class I includes most non-
invasive and non-active devices, representing the lowest risk. Class [I(a) devices are of
medium risk, while class II(b) devices are medium to high risk. Class III is reserved for
high-risk devices. Regarding software, it is classified as class II(a) when it is intended to
provide information for diagnostic or therapeutic decisions, unless these decisions could result
in death or irreversible deterioration of a patient’s health (in which case it is classified as class
I11), or if they lead to serious health deterioration or surgery (in which case it is classified as
class II(b)). Furthermore, if the software is designed for monitoring physiological processes,
it is classified as Class I1(a), unless it is meant for monitoring vital physiological parameters,
where changes in these parameters could pose an immediate danger to the patient (in which
case it is classified as Class IIb).

All other software falls under class I (as per rule 11 of Annex VIII). However, it is essential
to note that, concerning Al-based medical devices, class I risk classification is typically not

applicable. From this point of view, however, it should be considered that, as far as Al-based
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MD is concerned, it is not plausible that risk class I could be applicable [199]. Nonetheless, AT
technologies are medical devices in the light of their definition under the MDR. However, this
conclusion requires further clarification. Specifically, the choice of applicable law hinges on
whether a medical product incorporated into an Al device is considered ‘ancillary’, leading
to the application of the MDR, or ‘non-accessory’, which triggers the application of laws
related to medicines for human use [215]. In this context, one could argue that, according to
Article 1 of the MDR, if the medicinal product incorporated into the device has an ancillary
role concerning the device, it falls under the evaluation and authorization process defined by
the MDR. However, if it serves a principal (i.e., non-accessory) function, the comprehensive
product will be regulated by Directive 2001/83/EC of the European Parliament and of the
Council, which pertains to medicinal products for human use, or by Regulation 726,/2004/EC,
which governs Community procedures for authorizing and overseeing medicinal products for
human and veterinary use, including the establishment of the European Medicine Agency
(EMA) when applicable.

Furthermore, when discussing accountability and transparency in Al, the Clinical Trial
Regulation (CTR) offers relevant suggestions for regulation.

Of particular significance are the regulations surrounding two key aspects of the prod-
uct lifecycle, particularly during the pre-market phase: the responsibilities of sponsors and
investigators. A sponsor of a clinical study or experiment can be an individual, a company,
an institution, or an organization that assumes the responsibility for initiating, managing,
and financing the said investigation or experiment. On the other hand, an investigator in a
clinical study or experiment is an individual responsible for conducting it at a clinical inves-
tigation site. Under the MDR, the sponsor, whether acting alone or in conjunction with the
investigator, is obliged to adhere to various obligations concerning the execution of clinical
investigations. These obligations, outlined in Article 11 of the MDR and Article 25 of the

ATA, encompass the following tasks:

i) maintaining a copy of the EU Declaration of Conformity and technical documentation

available for review by the national competent authority in the context of market surveillance;

ii) furnishing the national competent authority, upon request, with all the necessary

information and documentation to demonstrate the conformity of a high-risk Al system;
iii) collaborating with the national competent authority, upon request, on any actions

about the Al system.

Finally, the accountability process for regulating Al products may be extended to users,
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which encompasses health professionals, laypersons, legal entities, public authorities, agen-
cies, and other organizations that utilize medical devices under their jurisdiction.

Article 29 AIA lays down a series of responsibilities for users employing high-risk Al
systems. These responsibilities include adherence to the provided instructions for use, en-
suring the data inputted aligns with the system’s intended purpose, diligent monitoring of
the system’s operation as per the instructions, immediate notification of the developer or
distributor, and discontinuation of the AI medical device use if there are concerns about its
application not complying with the instructions for use. Users are also expected to report
identified serious risks to the sponsor and investigator, utilize relevant information for ful-
filling their obligations, and comply with data protection regulations specified in Article 35
of Regulation (EU) 2016/679 or Article 27 of Directive (EU) 2016/680, where applicable.

2.2 The role of Al in rehabilitation

2.2.1 New trends in rehabilitation

The current model of care is resource-demanding and already faces major challenges in
coping with an increasing number of patients due to demographic change, the paucity of
skilled healthcare professionals and economic pressure to minimize healthcare costs [63].

Traditional rehabilitation services strongly rely on physical therapy sessions, which are
based on one-to-one interactions with healthcare practitioners during a hospital stay (above
all during the acute and sub-acute phase of the disease) or as part of periodic visits to special-
ized clinics (mostly during the chronic phase). Despite the clinical-centered model allowing
healthcare professionals to closely monitor and support patients and their families physically
and emotionally, it presents some limitations. A clinical-centered model that heavily relies
on physical access to medical facilities and prolonged interactions with trained specialists
makes events such as the coronavirus pandemic (COVID-19) and the increased demand for
assistance to chronic patients challenging to manage [138, 45]. Distancing measures neces-
sary during a pandemic phase and the increasing management issues avoiding the overload
of the healthcare system could lead to a reduction in rehabilitation visits. Moreover, the
lack of human resources could affect the dose and quality of therapy patients receive, limit-
ing rehabilitation to relatively short periods that might be insufficient to achieve functional
recovery [311, 231].

Despite the growing evidence that intensive high-dose rehabilitation positively impacts
functional recovery even long after the disease, therapy dose is typically rather low at all

stages of the continuum of care. In fact, after clinic discharge, there is limited support
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for ongoing rehabilitation management at home, which is necessary for the maintenance
of functional outcomes in physical activities [66, 325]. To this end, there is a need for a
sustainable approach that facilitates patients’ long-term management more efficiently [204,
121, 203]. Many efforts are needed to shift care services toward a decentralized model
opposite the conventional therapy approach.

New developments are emerging as possible answers to rehabilitation service limitations
related to time, distance, difficult terrains, costs, and limited access to clinical facilities [328].
Some proposed solutions span from a live communication stream in which rehabilitation
professionals guide and encourage patients while monitoring their progress to more advanced
solutions involving various sensor and information and communication technologies (ICTs),
sometimes coupled with Al algorithms to support the monitoring and assistance in remote
contexts [15, 310].

AT applications are considered to play a key role in further establishing and supporting
a decentralized rehabilitation model in which intelligent connected tools will be employed
to assist clinical decision-making, and health outcomes monitoring [140, 226]. Many Al-
based methods and solutions have been proposed in recent years to support the future
challenge of enabling assisted physical therapy and assessments in a minimally supervised
and decentralized manner, ideally at the patient’s home. Some existing works in literature
have provided an overview of the role of machine learning algorithms combined with specific
technologies used for rehabilitation issues, such as wearable sensors [67, 34] and vision-based
motion capture technologies [197]. More specifically, a recent work emphasized machine
learning methods for movement evaluation in rehabilitation programs using motion capture
systems [177]. Other works highlighted the progress in machine learning for automated
evaluation of patient performance and recovery, introducing data analytics to improve the
effectiveness and efficiency of care for physical rehabilitation [137].

However, no prior studies have offered a comprehensive review of machine learning meth-
ods and applications for remote monitoring and assistance in rehabilitation that could sup-
port the advancement of this dissertation. To fill this gap, Section 2.2 of this thesis presents
a detailed and extensive analysis of existing literature on the topic. The analysis of current
trend in literature provides an in-depth exploration of the evolving landscape of Al-driven
solutions, serving as a valuable foundation to guide the research endeavors undertaken during

this doctoral study.
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2.2.2 Analysis of the state-of-the-art

This section offers a comprehensive overview of recent developments in Al-based method-
ologies and emerging technologies relevant to rehabilitation.

In line with the thesis objective, a systematic analysis of current research efforts provides
essential guidance for the implementation and evaluation of Al-driven solutions for remote
and decentralized rehabilitation services.

A literature search was conducted in PubMed, IEEE Xplore, and Scopus databases by
covering the period from 2010 to May 2022. A structured search strategy was performed
in each electronic database concerning Al-based machine learning methods and applications
supporting remote monitoring and assistance in the rehabilitation context. The same search
string was used for PubMed, IEEE Xplore, and Scopus, with the only difference due to the

syntax required by the database. Performed queries are shown in Table 2.3.

Table 2.3: Electronic search strategy.

Database Query

(“artificial intelligence” OR, “deep learning” OR, “machine learning”)

AND ( ( tele OR remote OR home ) AND (evaluation OR monitor-
PubMed ing OR supervision OR assessment OR interaction OR feedback OR

communication ) ) AND ( “physical therapy” OR exercise OR “phys-

ical rehabilitation” )

(artificial intelligence OR deep learning OR machine learning) AND

(tele OR remote OR home) AND (evaluation OR monitoring OR
IEEE Xplore supervision OR assessment OR interaction OR feedback OR commu-
nication) AND (physical therapy OR exercise OR physical rehabili-
tation)
TITLE-ABS-KEY ( ( “artificial intelligence” OR “deep learning” OR
“machine learning” ) AND ( ( tele OR remote OR home ) AND ( eval-
uation OR monitoring OR supervision OR assessment OR interaction
OR feedback OR communication ) ) AND ( “physical therapy” OR
exercise OR “physical rehabilitation” ) ) AND ( LIMIT-TO ( LAN-
GUAGE , “English” ) )

Scopus

Most of the current literature addressing Al technologies and methods in rehabilitation
is focused on specific applications or a specific area of research. In this thesis is presented a
broader overview of different research areas and applications.

The main contributions of the systematic literature review are as follows:

e Al-based systems and technologies for monitoring and assistance in rehabilitation are

identified and discussed along with their practical implications;
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e machine learning algorithms that find their application in rehabilitation are classified

and discussed according to the state-of-art literature;

e machine learning methods and approaches are outlined and discussed according to the

clinical application scopes from a practical point of view;

Table 2.4 highlights the major differences with other review articles about Al and reha-

bilitation topics.

Table 2.4: Key differences between this review and existing literature.

Reference Main differences
The objective of the study was to survey exercise evaluation in post-

[34] stroke rehabilitation by means of wearable devices and machine learning
algorithms.
The study reviewed the evolution of RGB-D sensors for musculoskeletal
[197] health monitoring, also evidencing computational algorithms based on

machine learning.

The study reviewed computational approaches for evaluating patient
performance in rehabilitation programs using motion capture systems.
The study provided a non-systematic brief overview of big data analysis
to optimize outpatient rehabilitation.

[177]

[137]

The entire review process used to analyze the state of the art is schematically presented
step by step in Figure 2.6.

The overall findings from the literature are summarized in Figure 2.7. This figure illus-
trates the distribution of published works over the years and provides a qualitative assessment
of these publications based on a quality quartile metric, which evaluates the impact of the
journals. A preliminary summary of emerging technologies and applied methodologies sup-
porting Al-driven rehabilitation services for remote therapy delivery is provided in Figure
2.8.

In the next sections, a more detailed presentation and analysis of state-of-the-art tech-
nologies and applications are presented and analyzed. Specifically, Section 2.2.3 presents
an overview of relevant technologies, Section 2.2.4 reviews the algorithms used, and Section

2.2.5 explores the clinical scopes of Al technologies.

2.2.3 Al-based systems and technologies

The remote delivery of rehabilitation services should enable therapists to optimize the tim-
ing, intensity, and duration of therapy which is often not possible due to the constraints of

face-to-face treatment protocols of the traditional healthcare model. Therefore, ICTs used in
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Figure 2.6: PRISMA flowchart of the results from the literature search.

decentralized rehabilitation services allow facing traditional logistic problems making treat-
ments access equitable to geographically remote individuals.

Applications to date used to support decentralized services can be categorized as: i)
synchronous systems using real-time electronic communication via simple webinar platforms
through which healthcare professionals provide audio and video support for the patient,
and ii) asynchronous systems using store-and-forward communication involving data and
collection through distributed devices [303, 159]. Healthcare professionals typically use syn-
chronous systems to interact with patients on a live communication stream, guiding and

encouraging patients by monitoring their progress. Asynchronous approaches, in general, in-
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Figure 2.7: Distribution of the number of articles published over years.

Note. The quality quartile ranking according to Scimago Journal & Country Rank (SJR)
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Figure 2.8: Results synthesis.

Note. A) capture motion technologies, B) machine learning tasks, C) machine learning
applications.

volve the acquisition, transmission, and elaboration of data to generate an appropriate action
in patient care with associated decision support [310]. Such approaches have attracted recent
researchers’ interest, as evidenced by the results of reviewed articles. Some attempts have

been made to provide real-time audio and video suggestions with asynchronous technologies.
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Retrieved systems have been used to guide and assist motion while collecting objective
data on movement quality and encouraging remote rehabilitation sessions wvia digital thera-
peutic approaches, providing access to quality therapy from a distance without needing con-
stant supervision by a therapist on site. Different digital strategies have been individualized:
exergame solutions that engage the patient to perform some functional movements providing
relevant video and audio feedback during a serious game session [96, 319, 192, 253, 320, 222];
digital coach solutions that, via speech [32, 326, 69|, sometimes involving social humanoid
robot to encourage activity participation [200], or app-based text notifications [82], offer
automated conversational interaction to replace some human care tasks (reminders and mo-
tivational messages for medication, nutrition, and exercise, routine condition checks and
health maintenance based on personal monitoring data).

Over the past decade, significant efforts focused on developing unobtrusive, effective,
and objective motion-modeling systems have been made, taking advantage of the progress
made in sensor technology which has become more compact and more efficient [195]. In
almost all the included works, motion capture technologies based on wearable sensors and
optical sensor-based systems have been mainly individualized as useful systems to support
the remote monitoring of physical rehabilitation tasks. Such technologies allow for providing
crucial information about the patient’s movement during physical exercise sessions by ana-
lyzing significant kinetic (force, torque, moments, etc.) and kinematic (angle, orientation,
velocity, etc.) features collected in an unobtrusively way [208].

Wearable systems are based on compact, lightweight sensors directly mounted on the
interesting body part to analyze, sometimes resulting in embedded smart textile systems
such as garments and gloves [17, 278, 288] or wrist-worn devices such as smart bands and
smartwatches [39, 48, 222, 40, 165, 19], or as the hardware part of immersive virtual reality
systems (haptic interfaces and headset) [253]. The Inertial Measurement Unit (IMU) was
the most common motion capture technology thanks to its low cost and wearability. IMUs
combine linear acceleration from the accelerometer and the angular turning rates from gy-
roscopes resulting in accurate motion data. Moreover, IMUs coupled with different sensors
such as optical fiber sensors [17] and flex and force resistive sensors [278] are useful to acquire
more information about the amount of deflection or bending and the force applied during
a rehabilitation task. Acceleration signals were also used and coupled to electrocardiogram
(ECG) data in order to better recognize the patient’s physical activity form [217].

Recently, the advancements in optical sensor-based motion capture technologies attracted
researchers to perform unobtrusive motion analysis. The vision-based sensor technology uses
the contactless approach for motion capture; at the same time, it provides reliable movement

tracking without influencing its naturalness, extraction of kinetic and kinematic parameters,
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and accuracy in non-controlled environments [220]. The Microsoft Kinect camera was the
vision-based system majorly used in motion tracking. Meanwhile, the Leap Motion system
was more specifically applied in the field of hand rehabilitation [149].

Besides all these types of motion capture technologies, the recent developments in the
computer vision field extended the use of low-cost RGB and depth sensors to perform motion
analysis by means of human pose estimation algorithms based on deep learning frameworks
[32, 130, 320]. Human pose estimation is a field of computer vision that aims to predict
the poses of human bodies by extracting joints from images and videos for motion analysis
[70]. Contrarily to wearable sensors, Al-based human motion modeling enables commercial
systems equipped with a camera and low-cost hardware, such as tablets and smartphones,

to perform inexpensive and unobtrusive home-based monitoring in patients’ daily life [32,

315, 133].

2.2.4 Algorithms

Machine learning is an artificial intelligence application that allows systems to automatically
learn and improve from experience without being explicitly programmed to do so using
previously selected features. Depending on scopes and tasks, machine learning algorithms
can be divided into unsupervised and supervised learning. Unsupervised learning is well
known for feature extraction, while supervised learning is suitable for predictive modeling
by building relationships between features and the target of interest [135]. Retrieved machine

learning algorithms are schematically presented in Figure 2.9.
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2} RegrESSion }7 2. Decision Tree
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=
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Figure 2.9: Categorization of machine learning algorithms.

Note. LSTM: long short-term memory, MLP: multilayer perceptron, CNN: convolution
neural network.

In only one study that emerged, an unsupervised machine learning technique known as
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Self Organized Map (SOM) was used to individualize some clusters according to patients’
demographic and clinical characteristics [96]. SOMs are artificial neural networks that gen-
erate a feature map to produce a low-dimensional and discretized representation of the input
training samples for clustering, visualization, and classification scopes [216].

Almost all the articles involved supervised machine-learning techniques for classifica-
tion tasks. Regression analysis modeling relationships between dependent and independent
variables involved linear regression algorithms in analyzing and learning from the existing
training data. Linear regression algorithms have been applied in fewer works aiming, for
example, to reduce the system complexity of an exergame platform by estimating ground
reaction forces from kinematic features [319], or to solve self-occlusion errors in motion anal-
ysis mapping the noisy Kinect-based measurements to a more accurate benchmark system
measurements [51].

Random Forest (RF) and, more specifically, Decision Trees (DT) algorithms were the
most used classifiers. DT algorithm was also used for a regression problem concerning the
feasibility of using motion tracking data to predict joint angles and torques during an im-
mersive virtual exergame [253]. DT is one of the oldest machine learning algorithms; it
bases its decision logic on a tree-like architecture [151]. Its ease of interpreting and its
rapid learning speed made it popular to use in the healthcare domain, especially in multi-
class activity recognition problems in rehabilitation. The reason is that when examining the
tree for a classification sample, the results of each node will provide relevant information
to be inferred about its class. RFs are sets of randomized DTs combined using bagging
techniques to reduce overfitting problems when the dataset is relatively large [247]. An RF
model is particularly useful for categorizing classes of patients according to their clinical
assessment characteristics [327]. Support Vector Machine (SVM) and K-Nearest Neighbor
(KNN) were the other traditional supervised machine learning algorithms most used in se-
lected studies, followed by logistic regression classifiers, Naive Bayes (NB) algorithm, and
the Hidden Markov Model (HMM) algorithm. HMM is a Markov chain process that finds
application in posture recognition and characterization of skeletal tracking spatial-temporal
data as a parametric stochastic model [180]. HMM was applied as a probabilistic approach
to model a given action into hidden states representing an arbitrary decomposition of the
whole movement into successive phases. For example, an HMM algorithm was applied to
classify the performed exercise into six possible correctness classes according to its execution
[271]. Also, logistic regression was used for movement evaluation [278, 222| and activity
monitoring [172]. Logistic regression is considered the baseline supervised machine learning
algorithm to classify an observation, and its outputs can be easily interpreted as probabilities

of the occurrence of a class [230]. In the case where authors handled multiple classes [217], a
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generalization of logistic regression was used: the softmax regression algorithm [72]. A more
simplest approach used to make class-probability inference was the NB algorithm. The NB
classifier is fast and easy to implement, resulting in particularly used for the implementation
of a recommendations system. However, one of its biggest disadvantage is that the algo-
rithm is based on Bayes’ theorem that assumes independence between the features which
are dependent in most of the real-life cases [70].

The KNN is another algorithm often applied in classification problems. KNN is a non-
parametric classification algorithm known for its simplicity and effectiveness, used to classify
data based on closest or neighboring training examples in each region [300]. The KNN
classifier is based on distance metrics and was widely used in real-time applications for
activity monitoring [69, 254, 26, 172, 40] as it is free from the underlying assumptions about
the distribution of the dataset. Finally, Support Vector Machines (SVM) was the third
most used traditional machine learning classifier applied for classification tasks in activity
recognition [69, 31, 192, 254, 26, 40], movement classification [326], and also for clinical
assessment scopes [82]. SVM algorithms present good generalization ability for sequential
data structures and datasets that are not too large and for linear and non-linear problems.

Artificial neural networks were also a common choice among researchers interested in im-
plementing solutions for monitoring and assisting decentralized physical rehabilitation. Arti-
ficial neural networks are a subset of machine learning algorithms inspired by neuroscientific
studies concerning the functioning of the neurons’ brain, whose branch is known as deep
learning [116]. The recent advancements in deep learning, such as hybrid and lightweight
deep neural networks, have been exploited to develop a framework for exercise performance
evaluation and smart assistance for home-based rehabilitation sessions. Convolutional neu-
ral network (CNN) was the commonest architecture applied in selected papers. CNNs are
designed to learn spatial hierarchies of features automatically and adaptively through back-
propagation by using multiple building blocks, such as convolution layers, pooling layers,
and fully connected layers [331]. The CNNs have been trained on large—scale datasets and
on graph-structured data for motion analysis issue [315, 152]. CNNs achieved outstanding
accuracies in the computer vision field for human detection and pose estimation that is useful
to compute position and orientation data of interesting joints [32, 327, 320, 200], but also
for activity monitoring [39, 48, 254, 40] and movement evaluation [37]. Particularly CNN
architectures such as ResNet [115] and AlexNet [155] achieved the highest accuracy respec-
tively in pose estimation method for tracking human motion [320]and activity monitoring
by processing some kinematic data [254]. Also, recurrent neural network (RNN) models
achieved high accuracy in activity monitoring, which, thanks to the redundant connections

between the network’s neurons, can capture temporal dependencies in input data [319, 312].
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More in detail, long short-term memory (LSTM), which is an RNN variant model [173], is
particularly useful for analyzing temporal sequences between motion data frames [200]. The
latest common deep learning approach among articles was the multilayer perceptron (MLP).
MLP showed to achieve high accuracy above all in detecting specific movements [31]. MLP
is a feed-forward fully connected network consisting of an input layer that receives data, an
output layer that makes the decision or prediction about the input signal, and one or more
hidden layers between these two that are considered the network’s computational engine
[114]. MLP, not requiring preliminary feature engineering, is considered easier to develop
and apply in smart assistant applications than other deep learning methods. Also, a more
simple learning algorithm, called extreme learning machine (ELM) that is composed of a
single-hidden layer feed-forward neural networks [143], was able to achieve high accuracy in

multi-class classification task in work [41].

2.2.5 Clinical applications

Besides technical requirements, it is fundamental to integrate clinical knowledge into tech-
nologies to be used at home in a minimally supervised way. Hence, the role of Al in clinical
practice should be to provide a combination of medical, psychological, and technical knowl-
edge in the form of embedded algorithms analyzing and processing online the data generated
by digital technologies. Al is expected to play a crucial role in clinical decision-making, the
online adaptation of therapy exercises, and the monitoring of progress through the extraction
of validated assessment scores [164]. Based on the reviewed papers, three main approaches
have been introduced to manage the remote monitoring and evaluation of physical reha-
bilitation therapies by means of machine learning applications. These approaches could be
categorized as activity recognition, movement classification, and clinical functional assess-
ment.

Machine learning algorithms address activity recognition tasks aimed to identify specific
rehabilitation actions to remotely track patients’ adherence to the prescribed therapy and
sometimes to measure the treatment outcomes based on patients’ activity in real-world life
[238]. Most of the reviewed papers covered the problem of recognizing activities for specific
body parts like strength training exercises for upper and lower limb [69, 254, 200, 217],
exercises to improve range of motion [192], flexibility and balance exercises [288, 200], specific
rehabilitation exercise for upper limb and lower impaired limb in stroke [31, 48, 149], and
shoulder impairments [39, 26, 40]. Other articles monitored activities of daily living (ADL),
detecting general activities such as standing, sitting, squatting, walking, and running useful

for health promotion programs in the elderly [17, 200], and other routine activities involving

43



CHAPTER 2. INTRODUCTION

upper limb goal-directed tasks in stroke rehabilitation [172].

Movement classification approaches aimed to assess the quality of rehabilitation exercises
performed remotely. Algorithms addressing movement classification tasks have been used
to evaluate exercise performance in terms of the well and poorly-executed tasks. Some ap-
proaches relied on classifying the movement into discrete score classes based on clinician rat-
ing, such as low, moderate, and high performance of hand movements in stroke rehabilitation
[41, 278]and well or badly performed upper limb movements while playing exergame [222].
Always based on clinical expertise knowledge, other approaches classify movements in correct
or erroneous execution classes defined by a set of pre-established rules [326, 133, 271, 54]. For
example, a set of predefined rules was used to label correct and compensatory movements
in different possible classes to provide real-time feedback during remote hip rehabilitation
exercises [271]. Noteworthy, another approach based on the movement classification task was
applied to develop an accurate segmentation of exercise repetitions to evaluate the patient’s
performance in a detailed way [37, 25].

The last interesting approach in reviewed papers aimed to manage rehabilitation inter-
ventions through preventive and personalized solutions by predicting the patient’s clinical
functional status. A personalized exergame based on classifying the user profile according
to related impairment characteristics was introduced to adapt therapeutic settings during
a motor neurorehabilitation session [96]. An accurate and quantitative balance assessment
based on a validated clinical instrument mini-BEST test was proposed to recognize the level
of patient impairment and predict the fall risk [327]. Finally, a multi-class classifier was used
to separate new users into three groups based on their initial activity level (vigorous, mild,
and sedentary users) to develop a conversational agent-assisted health coaching system to

support behavioral change via personalized recommendations [82].

2.2.6 Drawbacks

In the analysis of literature emerged some drawbacks of the current research in Al ap-
plications. Major issues regard the size and characteristics of the samples and the low
generalizability of results in a relevant operational environment.

In general, the data are mainly collected from a limited sample composed mainly of
healthy subjects that did not reflect the pathological behavior of the end-user population
target for which the technologies have been developed.

Few systems have been tested and validated on relevant clinical population targets: stroke
[41, 31, 48, 172], Parkinson’s disease [326, 327], cerebral palsy [192], patients with shoulder

impairments [39, 26], osteoarthritis [32, 25], chronic obstructive pulmonary disease [133].
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Other studies recruited subjects with various motor impairments related to orthopedic and
neurological conditions [96, 32, 222, 54], thus addressing an enormous heterogeneity in col-
lected data.

Other problems concerning the generalizability of results have been addressed as related
to the reproducibility of the data collected in limited or different conditions (such as settings,
users, and operators).

Considering the technology readiness level (TRL) of all the reviewed solutions, it generally
spans from level 3 (experimental proof of concept) to level 4 (technology validated in the
laboratory) [153]. A very minority of studies validated and demonstrated the application of
proposed Al-based solutions in relevant operation environments such as remote conditions
and home-based settings [192, 82, 39, 48].
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Data for human motion analysis

3.1 Data modeling and collection

3.1.1 Approaches for motion evaluation

A key prerequisite for evaluating the progress of patients in home exercise programs is the
provision of an efficient and comprehensive performance evaluation approach. Mathematical
modeling of human motions is a challenging research topic that has been investigated for a
wide range of applications. Nevertheless, from a general point of view, modeling of human
motions remains a challenging problem, due to several aspects related to their intrinsic
properties.

First, the selection of the approach to model and analyze rehabilitation performance
depends on the nature of the exercise, whether it involves simple or complex movements. A
complex movement is characterized by patterns that can differ between individuals due to
the specific functional activity that is being performed [60, 134]. These movements involve
multiple joints and muscles that work together to accomplish a specific task or functional
activity. Complex movements are more context-dependent and may vary depending on
individual abilities, body mechanics, and motor skills. Activities such as drinking, walking or
picking up objects are examples of complex movements because they require coordination and
integration of various body movements to achieve the desired outcome. On the other hand,
a simple movement can be defined as a physiological bending and extension along the range
of motion of a particular joint or body part [60]. This kind of movement typically follows a
standard pattern and is consistent across individuals. Examples of simple movements include
basic joint flexion and extension, such as bending and straightening the elbow or knee.

Existing approaches for evaluating rehabilitation exercises can generally be categorized

into three distinct areas: comparison, categorization, and scoring [70].
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Comparison techniques involve assessing a patient’s exercise performance by contrasting
their motion sequences with predefined template motion sequences. These templates are
typically derived from accurate executions of exercises by healthy individuals, clinicians, or
patients under clinical supervision. Categorization methods, on the other hand, are designed
to classify patient activities into discrete groups, such as correct and incorrect movement
patterns. Scoring approaches aim to provide automated evaluations of a patient’s motion
using personalized clinical or non-clinical scoring systems, utilizing both continuous and
categorical scales.

Unlike comparative and scoring analyses, categorization methods play a crucial role in
delivering real-time patient feedback and guidance during rehabilitation sessions. The se-
lection of the most suitable computational technique for monitoring and assessing human
movements significantly impacts the collection and organization of datasets.

Several datasets have been published in the field of rehabilitation research. Datasets
like SPHERE [245], MSR-3D [175], and UTD-MHAD [50] have been compiled and used for
monitoring applications, primarily offering graphical or statistical comparisons of patient
actions without providing definitive patient evaluations. For example, the SPHERE dataset
includes examples of both normal and physically impaired movements for activities like
walking, ascending stairs, and sit-to-stand transitions. The KIMORE [44] and UI-PRMD
[313] datasets have been designed to develop an evaluation system that assigns a score to
exercise performance.

Conversely, other datasets like the Toronto Rehab Stroke Pose (TRSP) [74], Kinect 3D
Active (K3Da) [174], and IntelliRehabDS (IRDS) [218] were created to classify movements
into categorical classes. For example, the TRSP dataset contains pose estimations of stroke
patients and healthy subjects performing upper limb rehabilitation movements, annotated
for regular and compensatory patterns of motion during an assisted-robot rehabilitation
session. The IRDS dataset contains gestures of simple rehabilitation movements performed
by both healthy and pathological subjects under various conditions (sitting or standing),
labeled for correct and incorrect executions.

The currently available published datasets exhibit limitations in motion data modeling,
which are crucial to provide real-time patient feedback and guidance during rehabilitation
sessions. In this thesis a methodology for modeling motion data is proposed to support
Al-driven assistive systems for home-based rehabilitation programs. The approach enables
real-time feedback to patients, allowing them to correct their performance even in the absence
of direct clinical supervision.

The modeling process focuses on establishing a set of categorical classes for movements

associated with different phases of exercise. The proposed modeling approach aims to im-
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plement a set of categorical movement classes linked to specific exercise phases, enabling the
detailed evaluation of exercise repetitions based on the quality of motion patterns [143].

To support the objectives of this thesis, a subset of a publicly available dataset was
adapted for rehabilitation exercises (see Section 3.1.2), and a new dataset focused on pre-

venting physical decline was collected (see Section 3.1.3).

3.1.2 A dataset for shoulder rehabilitation

The IRDS differs from other datasets is its inclusion of natural motions performed by both
patients and healthy subjects, encompassing correct and incorrect patterns. Moreover, the
dataset features patients with diverse pathological conditions, such as stroke and spinal
cord injury, offering a valuable resource for enhancing the monitoring and assistance of
upper limb rehabilitation across various populations, including those with neurological and
musculoskeletal disorders.

While the current published form of the IRDS dataset serves as a valuable resource for
categorizing exercises and assessing their correctness, it falls short of addressing the needs of
digital assistive rehabilitation systems. These systems require a finer evaluation, recognizing
repetitions of each exercise and assessing them for the completeness of range of motion
(ROM) while analyzing incorrect patterns of motion, as suggested by recent works [37, 176].
The overall aim is to provide a dataset that facilitates the evaluation of whether an exercise
is performed correctly according to its prescription or not.

A subset of the IRDS dataset, containing shoulder movement repetitions performed by 29
subjects (15 patients and 14 healthy individuals), was selected for modeling. Recorded using
a Microsoft Kinect One sensor at 30 frames per second, the dataset includes 3D coordinates
of 25 body joints and corresponding depth maps for each frame. Each movement is carefully
annotated with details such as exercise type (shoulder flexion, abduction, or forward ele-
vation), limb side involved (right, left, or both), subject position (sitting or standing), and
motion pattern correctness (correct or incorrect). Shoulder flexion and abduction exercises
involve performing gestures separately with the left and right body sides, while shoulder
forward elevation requires simultaneous movement of both sides. Table 3.1 summarizes the
rehabilitation exercises included in the dataset.

The data modeling process aims to enable a comprehensive evaluation of the range of mo-
tion (ROM) and compensatory movement patterns during a shoulder rehabilitation exercises
session.

To increase the granularity of the analysis, a set of categorical ROM classes was associ-

ated with specific exercise phases in an individual’s performance. This approach enables a
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Table 3.1: Description of exercises included in the new dataset for shoulder therapy.

Gesture Gesture Name Description
Index
Flexion and extension movement of left shoul-
2 Shoulder Flexion Left der while keeping the arm straight in front of
the body
Flexion and extension movement of right
3 Shoulder Flexion Right shoulder while keeping the arm straight in
front of the body
. The left arm is raised away from the side of
4 Shoulder Abduction Left the body while keeping the arm straight
5 Shoulder Abduction Right The right arm is raised away from the side of

the body while keeping the arm straight
With hands clap together, the arms are kept
6 Shoulder Forward Elevation  straight and raised above the head, keeping
the elbows straight

detailed assessment of each movement, considering both the accuracy and completeness of
its execution. In the IRDS dataset, each frame, capturing both correct and incorrect move-
ments, underwent labeling for ROM execution classes. Depth images were assessed to assign
classes such as complete concentric phase (up), complete eccentric phase (down), incom-
plete eccentric phase (incomplete down), and incomplete concentric phase (incomplete up).
These labels serve three main objectives in rehabilitation evaluation: segmenting exercise
routines into repetitions, assessing each repetition’s completion status and providing feed-
back for performance enhancement, indicating which phase of the repetition is considered
invalid—concentric, eccentric, or totally incomplete.

Furthermore, incorrect movements were labeled to distinguish various classes of ROM,
allowing for a detailed evaluation of repetitions not only in terms of motion completeness
but also in terms of the percentage of correct and incorrect patterns. This approach pro-
vides insights into the quality of motion and facilitates tracking advancements during the
rehabilitation process.

The methodology is based on the hypothesis that separating the evaluation of ROM and
the recognition of compensatory movements into distinct stages can enhance the accuracy of
Al-assisted rehabilitation systems. This separation reduces the complexity of each task by
minimizing the number of classes, thereby potentially improving overall system performance.

Formally, are considered a set of input—output pairs D = {(z;,v;)}, where z; € R"
are the N samples of the input feature space obtained from the 3D video motion analysis

and y; € C' = {C;|1 < j < j} are the class of labels to which these features correspond.
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The evaluation look for a decision function f : R™ — (' which given a sample, that in
this work contains features of body joints’ 3D pose data, determines the output class that
includes the kind of execution performed: z — y = f(x,w). Throughout the following, let
X(z) = { Xy, my, ¢} denote a labeled sequence of N frames of the considered set of the three
shoulder exercises z € {S1,52, 53} , where X; denotes the acquired RGB-D image at frame
t, and m; represents the ROM phase of the exercise execution. Moments of a given exercise
comprise both the key ROM phases of the exercise, resulting as m; € C = {C}|1 < j < 4}.
Moreover, ¢; € C = {C;|0 < j < 2} denoting whether the ¢ frame belongs either to a

physiological or compensatory motion pattern class.

ROM-class 1 ROM-class 2 ROM-class 3 ROM-class 4
Key pose - Down Phase - Incomplete down Phase - Incomplete up Key pose - Up

Figure 3.1: A chronological sequence of left-side shoulder flexion, labeled within the context
of ROM classes.

Note. In the example are showed depth images of patient with ID=215.

At the final stage of the modeling process, the new dataset consists of 1488 files for shoul-
der rehabilitation movements. Each file is associated with i) subject ID, ii) gesture type, iii)
number of repetitions, and iv) label of correct movement and incorrect movements, following
the structure and nomenclature of the original dataset (‘SubjectID. Gesture Type. RepetitionNo.
CorrectMovement. Position.csv’).

The data contents of each file, presented in csv format, can be described as follows: (i)
each file contains n frames, (ii) each frame contains spatial information of 25 joints along the
three axes (X, y, z), iii) each frame contain temporal information of ROM phase execution.

The ROM phase executions are available along with depth image files. Figure 3.1 displays
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a chronological sequence of motion for ROM classes, exemplifying their temporal order in
execution.
The comprehensive dataset composition is outlined in Table 3.2, providing a detailed

breakdown of ROM classes for both the healthy and patient categories.

Table 3.2: Description of the new dataset in terms of samples for each ROM class category
along the various gesture types.

Gesture Index ROM _class Healthy Patients
down 1098 684
5 up 4022 2793

incomplete_down 2959 17790
incomplete_up 1349 9075
down 951 398

3 up 3785 3139
incomplete_down 2873 14238
incomplete_up 1321 6819

down 929 1267
4 up 4286 552
incomplete_down 3757 6993
incomplete_up 1498 1945
down 893 380
5 up 3967 2879
incomplete_down 3342 4314
incomplete_up 1475 2282
down 3162 3545
6 up 4687 2792
incomplete_down 995 2730

incomplete_up 1903 3141

Finally, the distribution of data for each ROM class was systematically examined within
each patient and healthy subject category for the various exercise types. Figure 3.2 depicts a

bar plot that distinguishes between patient and healthy category IDs for each gesture type.
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3.1.3 A dataset for sarcopenia prevention

The dataset presented in this section was designed to evaluate motion performance within a
rehabilitation protocol involving resistance training exercises.

Resistance training is defined as a strength training exercise with the use of progressive
overload in which the muscles create the force against external load. Resistance training
interventions might be particularly beneficial to reduce the causes (e.g., loss of muscle mass)
and consequences (e.g., loss of muscular strength or functionality) that both syndromes
usually produce, even at early stages [246, 299]. The exercise protocol is proposed as an
effective strategy to treat sarcopenia and physical frailty [202, 334, 206]. Furthermore, the
protocol was developed to be scalable for home-based rehabilitation programs and to fit the
needs of a large range of individuals with reduced motor ability such as elderly people [124].

The exercises were selected according to the guidelines of the American College of Sports
Medicine (ACSM) for resistance training for older subjects [228]. The protocol consists of
6 rehabilitation exercises: 3 for upper limbs (biceps curl (E1), triceps curl (E2), front raise
(E3) ), and 3 for lower limbs (squat (E4), leg extension (E5), leg curl (E6) ). These exercises
targeted the major muscle groups, such as the legs, back, abdomen, chest, shoulders, and
arms.

Resistance training exercises are typically characterized by the execution of a muscle
contraction (concentric phase) followed by muscle relaxation (eccentric phase) repeated a
defined number of times. So, the repetition of a certain exercise corresponds to the period
between two consecutive key phases (concentric and eccentric phases) that a subject should
accomplish. The concentric and eccentric phases are correctly performed when the subject
achieves the full ROM of the joint interested in the exercise. For this reason, it is important
to distinguish series performed along the entire ROM as correct executions from the wrong
performances that are represented by incomplete executions in concentric/eccentric phases.
Furthermore, the patient intending to achieve the target movement during the concentric
phase of resistance training exercises could accomplish compensation movements that have a
deleterious outcome on the rehabilitation program. A meticulous evaluation should promptly
recognize the performance of compensatory movements to preserve the beneficial effects of
rehabilitation exercise. A set of pre-defined categories of the compensatory patterns of
motion were defined for each exercise in agreement with existing guidelines [60].

Under the scope of the proposed approach, a dataset containing the video of 6 rehabili-
tation exercises performed in the correct and wrong manner was acquired. The dataset was
obtained by recording a rehabilitation expert performing the pre-defined variants of the exer-

cise motion. Five of the 6 exercises requested the person in a stand position (S1). Exercises
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E2 and E6 were recorded with the therapist in the seated position (S2). Each video was
recorded from the best camera perspective which allows us to perfectly monitor the exercise.
Three scenarios were considered for selecting the most relevant point of view to describe
subjects’ movements in front of the camera: a lateral view with the right side perpendicular
to the camera (V1), a frontal view facing the camera (V2), and a lateral view with the right
side oblique to the camera (V3). For V1 and V3, only the right side is completely visible
in the image. All samples were recorded under a resolution of 1280x720 at 30 frames per
second. All frames of each video were labeled in agreement with a physical rehabilitation
expert concerning temporal and categorical motion domains. The labeling process was care-
fully conducted twice by a rehabilitation expert to ensure accuracy and avoid any errors in
labeling. The characteristics of each exercise, the information regarding scenario settings, as
well as the classes corresponding to the categories for the evaluation of the completeness of

ROM and compensatory movements, are all described in Table 3.3.

Table 3.3: Exercises description and characteristics.

Exercise Camera

. . List of compen-
name view and List of ROM-classes
. satory movements
(IN) Scenario
. C1: excessively shoul-
) Down (ROM-class 1): elbow extension ) ]
Camera view: ] der flexion with arms
(< 30°) with the forearms parallel to the
V1 (frontal), not parallel to the
) trunk; Incomplete down (ROM-class 2): )
Biceps V3  (lateral | , trunk during ROM-
. incomplete elbow extension; Incomplete
curl (E1) oblique); ' classes 3-4; C2: exces-
) up (ROM-class 3): incomplete elbow flex- ,
Scenario: S1 | . sively trunk extension
. ion; Up (ROM-class 4): elbow flexion .
(standing) _ during ROM-classes 3-
(> 130°) with arms parallel to the trunk. A
Camera ]
, Down (ROM-class 1): elbow flexion (> ,
view: V2 _ - C1: excessively shoul-
130°) with the arms in line to the trunk; ) )
(lateral per- ) der abduction with the
) i Incomplete down (ROM-class 2): incom-
Triceps pendicular), ) arms and trunk not
plete elbow flexion; Incomplete up (ROM- )
curl (E2) V3  (lateral , _ aligned below them
. class 3): incomplete elbow extension; Up i
oblique); . during  ROM-classes
. (ROM-class 4): elbow extension (< 30°)
Scenario: S2 3-4.

(seated)

with the forearms parallel to the trunk.
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Continuing of Table 3.3

Scenario: S1

(standing)

of knee; Up (ROM-class 4): seated posi-
tion with bent knee aligned to hip joint.

Exercise Camera .
. . List of compen-
name view and List of ROM-classes
. satory movements
(IN) Scenario
Down (ROM-class 1): shoulder extension _
Camera . C1: excessively trunk
) with the forearms parallel to the trunk; _ _
view V1 . extension during
Incomplete down (ROM-class 2): incom-
Frontal (frontal), ) ROM-classes 3-4; C2:
] plete shoulder extension; Incomplete up )
raise V3  (lateral . elbow flexion not
_ (ROM-class 3): incomplete shoulder flex-
(E3) oblique); ) ) aligned to shoulder
) ion; Up (ROM-class 4): shoulder flexion o .
Scenario: S1 . i and wrist joints during
. at 90° with elbow aligned to shoulder and
(standing) . ROM-classes 3-4.
wrist joints.
) Up (ROM-class 1): standing upright po- C1: excessively trunk
Camera view: ] ) )
sition; Incomplete up (ROM-class 2): in- flexion during ROM-
V1 (frontal), i o
complete upright position; Incomplete classes 3-4; C2: knees
Squat V3  (lateral . o
(B4) blique) down (ROM-class 3): incomplete squat and ankles joints not
oblique); N .
q _ position; Down (ROM-class 4): squat po- aligned below them
Scenario: S1 i i . i
] sition with bent knees and hips aligned during ROM-classes
(standing)
below them. 3-4.
' Down (ROM-class 1): seated position
Camera view: )
with bent knee (90°); Incomplete down ) ) )
V1 (frontal), . _ C1l: hip flexion with
Leg ex- (ROM-class 2): incomplete flexion of ,
) V3  (lateral ) knee not aligned to
tension _ knee; Incomplete up (ROM-class 3): in- = ]
oblique); i hip joint during ROM-
(E5) . complete extension of knee; Up (ROM-
Scenario: S2 . _ classes 3-4.
class 4): seated position with extended
(seated) . | 2
knee aligned to hip and ankle joints.
Camera view: Down (ROM-class 1): standing upright
V1 (frontal), position; Incomplete down (ROM-class C1: hip extension with
Leg curl V3  (lateral 2): incomplete flexion of knee; Incomplete knee not aligned to
(E6) oblique); up (ROM-class 3): incomplete extension hip joint during ROM-

classes 3-4.

During the repetition of a certain exercise, key poses represent the most important human

poses that everyone should accomplish, and phases correspond to the period between two

consecutive key poses. Therefore, frames with a common phase or key pose will have the
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same temporal label accordingly. On the other side, repetitions can also be analyzed in
terms of validity at a frame-level, since a set of categorical motion categories of ROM and
compensatory movements can be associated with each frame depending on the individual’s
performance, as shown in Table 3.3.

The temporal and categorical motion domains to evaluate the valid repetitions taking

into account the ROM are visually depicted in Figure 3.3.

ROM-class 1 ROM-class 2 ROM-class 3 ROM-class 4
Key pose - Down Phase - Incomplete down Phase - Incomplete up Key pose - Up

Figure 3.3: Exercise correct repetition.

Note. The figure is a visual description example of a biceps curl (E1) repetition, highlighting:
i) the difference between key poses and phases, ii) the difference between each class of ROM
execution.

For instance, during the execution of the frontal raise exercise (E3), individuals might
excessively extend the trunk (C1) or bent elbow flexion (C2) in ROM-classes 3-4 instead of

following the physiological pattern of movement (see Figure 3.4).

— r

Compensation 1 Compensation 2

Figure 3.4: Compensatory movement.

Note. An example of compensatory movement during the execution of a frontal raise (E3).

This dataset was implemented to develop a preliminary proof-of-concept system capable

of monitoring and evaluating exercise execution, as described in Chapter 4. For detailed
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statistical characteristics of the dataset, including the number of samples for each movement

class and exercise type, refer to Section 4.2.4.

3.2 Synthetic data generation: a new research chal-

lenge

3.2.1 Existing methods

The recent application of deep learning techniques in various domains has been significantly
bolstered by the advent of data augmentation methods [292, 156]. Data augmentation serves
as a powerful tool, enabling the generation of diverse training samples from existing data,
thereby enhancing the performance of machine learning models. While traditional augmen-
tation techniques, such as rotations and flips, have proven effective in many applications,
they often fail to capture the full range of semantic variations present in the rehabilitation
data such as the diverse range of exercise motion patterns, patient demographic, and physical
characteristics, or the context of the therapy setting.

The augmentation of datasets containing labeled images of rehabilitation exercises offers
several benefits. Firstly, it addresses the issue of insufficient training data, which is a common
challenge in real-world rehabilitation settings where access to large-scale, diverse datasets
is limited. Synthetic data serves as a valuable resource to improve the diversity of data in
a supervised learning setting without the time-consuming labeling process. Synthetic data
effectively expands the training dataset and promotes a more comprehensive representation
of the underlying data distribution by synthesizing new samples that accurately capture vari-
ations in human movements. Synthetic data can be seen as a logical extension of traditional
data augmentation techniques, which are standard in image processing. These augmentation
methods, such as rotations, flips, and zooms, introduce minor variations to existing data to
enhance model performance and generalization. However, their ability to generate diverse
samples along key semantic axes may be limited. Synthetic data, on the other hand, enables
the creation of entirely new instances that encompass a broader range of pose variations,
postures, and gestures, enhancing the overall diversity of the dataset.

Researchers have recognized the significance of synthetic data as a tool to augment ex-
isting datasets. Studies such as those by Shorten and Khoshgoftaar [290], Perez and Wang
[250], Inoue [128], and Miiller and Holzinger [223] have explored various approaches to lever-
aging synthetic data for improving classification and recognition tasks. These works highlight
the benefits of synthetic data in enhancing the generalization and performance of supervised

learning models.
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Moreover, Seib et al. [282] provide a comprehensive overview of different approaches
for enriching real data with synthetic data. Their study discussed techniques ranging from
generative adversarial networks (GANs) to physics-based simulations, demonstrating the
broad applicability of synthetic data across various domains. By combining real and synthetic
data, researchers can create more comprehensive and diverse datasets that can further bolster
the performance and robustness of machine learning models.

In the context of deep learning, the success of models largely hinges on the size of the
training dataset available. In the medical field, however, obtaining extensive and diverse
medical data poses significant challenges due to privacy concerns and limited accessibility.
To tackle these issues, researchers have turned to GANs within the medical domain. GANs
have shown their versatility in various applications, including addressing legal and ethical
data-sharing dilemmas, translating data between different modalities, and enhancing the
performance of deep learning models. Nonetheless, generating meaningful medical data is
exceptionally challenging, as medical diagnoses often rely on detecting subtle changes in
complex organ structures. Additionally, GANs suffer from inherent architectural problems,
such as failing to capture true diversity and exhibiting issues like mode collapse and unstable
training behaviors. Therefore, generating high-quality synthetic medical data has become a
critical focus.

Recent breakthroughs in denoising diffusion probabilistic models (DDPMs) and latent
DDPMs have achieved state-of-the-art results, surpassing GANs in the realm of natural
images. However, a comprehensive, large-scale comparison between latent DDPMs and
GANSs for medical images across various medical domains is still lacking.

Initial studies have started to compare the performance of Diffusion Probabilistic Models
(DDPMs) and Generative Adversarial Networks (GANs) in specific medical image synthesis
scenarios. For instance, Pinaya et al. utilized a latent DDPM to generate brain MRI
images, surpassing the performance of Least Squares GAN and Variational Autoencoder
[252]. Similarly, Dorjsembe et al. employed a DDPM to create brain MR images, with the
DDPM outperforming GAN in quantitative evaluations but falling short when compared to
a Cycle Consistent Embedding GAN [76]. Akbar et al. observed that DDPMs exhibited a
stronger capacity to memorize training images when generating brain MR images in contrast
to StyleGAN [7].

In the context of training a classification network using either real or synthetic radio-
graphs, Packhéduser et al. achieved competitive results with images generated by a latent
DDPM but encountered limitations with those produced by a Progressively Growing GAN
(ProGAN) [244]. Furthermore, Moghadam et al. demonstrated the superior performance of
DDPMs over ProGAN when generating histopathological images [221]. Collectively, these
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studies underscored the potential of DDPMs as a promising alternative to GANs within
the medical domain, particularly when leveraging latent DDPMs. These specialized models,
distinct from conventional DDPMs, enable the generation of larger images and volumetric
data through sampling within a compressed latent space, making them especially valuable
for medical data synthesis.

Overall, synthetic data represents a powerful means of enriching existing datasets. Its
utilization extends the capabilities of traditional data augmentation methods and addresses
the challenges of limited labeled data. By integrating synthetic data, researchers can signif-
icantly improve the diversity, generalization, and performance of machine learning models
across various applications, including rehabilitation frameworks. The fusion of real and syn-
thetic data lays the foundation for the development of more resilient and dependable models,
ultimately propelling the field of artificial intelligence (AI) methods in this domain.

In rehabilitation medicine, the integration of synthetic data can alleviate the challenges
associated with limited labeled data availability. The reliance on small, potentially biased
datasets can be mitigated by synthesizing additional training samples that capture a wide ar-
ray of human movements with different characteristics. This not only enhances the diversity
but also may improve the generalization capabilities of the existing datasets.

Image and video synthesis is a thriving area of research in computer vision and machine
learning. It has gained significant attention due to the development of deep generative models
and its academic and practical value. Among the various object categories, the synthesis of
high-fidelity human images has been a common focus, with researchers exploring different
deep generative models, task settings, and applications.

In recent years, the field of image synthesis has made remarkable progress, thanks to the
emergence of deep generative models like GANs, and Variational Autoencoders (VAEs) [105,
110, 147, 232]. Notable advancements, such as the DDPM [123], text-to-image generation
models as latent diffusion[267] and DALL-E [261], have further enhanced stability, scalability,
and performance of image synthesis tasks. These models have spurred research in visual
generation tasks, with human image generation being a particularly popular research topic.
Human image generation involves simulating complex variations in human body appearance,
such as articulated and non-rigid deformations, clothing attributes, background changes,
illumination variations, and viewpoint differences across different cameras. This research area
has gained significant attention in both computer vision and computer graphics communities.

Deep person generation has also attracted extensive research due to its broad applications
in virtual agents, video conferencing, online shopping, and art/movie production. With
the advancement of deep learning, it has become easier to generate or manipulate visual

appearances, including the face, pose, and clothing, of persons in images.
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In particular, the pose-guided person image generation method, originally introduced in
the domain of computer vision, has emerged as a promising approach to generate realistic-
looking person images with varying poses [134, 284]. Pose-guided person generation aims
to generate full-body photo-realistic person images or videos guided by target poses. This
method was developed for motion-aware generation tasks like dancing and sports synthesis. It
has applications in movie production, online fashion shopping, and more. Existing methods
for pose-guided person image generation can be categorized into three groups: top-down,
bottom-up, and hybrid methods [284]. Top-down methods directly learn a mapping from
input to output images using GAN-like networks [190, 142, 182]. Bottom-up approaches
decompose the pipeline into intermediate components and gradually build up the final result
(22, 49, 184]. Hybrid methods combine the advantages of both approaches [229, 330, 332].
All these methods face challenges in handling the diversity and complexity of human poses,
especially when there are large gaps between source and target poses. Specifically, top-down
methods may sacrifice texture details, while bottom-up methods are sensitive to occluded
areas.

Recently, a new neural network architecture called ControlNet was adapted to learn
the mapping between source person images and target poses for pose-guided person image
generation task [336]. Specifically, the integration of ControlNet and latent diffusion mod-
els in controlling poses for image generation represents an innovative advancement in the
field. ControlNet, originally introduced as a self-supervised learning approach for visual
representation learning, has been adapted to specifically address pose-guided person image
generation. It operates by learning the mapping between source person images and target
poses through training on paired image-pose datasets. With a combination of convolutional
and fully connected layers, ControlNet effectively captures both local features and global
dependencies, ensuring accurate pose alignment during image generation. Latent diffusion
models, on the other hand, have emerged as a solution to challenges faced by generative
models, such as mode collapse and training instability. These models employ a diffusion pro-
cess in which noise vectors are progressively transformed into desired output samples. By
exploring the complete data distribution through iterative transformations, latent diffusion
models generate diverse and high-quality samples [296, 306].

The combined application of ControlNet and latent diffusion models holds great poten-
tial for various domains, including rehabilitation. By precisely controlling poses in synthetic
image generation, tailored training scenarios for rehabilitation purposes can be created.
Healthcare researchers can simulate a range of poses, movements, and exercises. The gen-
erated synthetic images that exhibit accurate pose alignment, visual fidelity, and diversity,

may offer a realistic and customizable dataset for effective rehabilitation training of machine
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learning-based systems. Moreover, this approach addresses the limitations of relying solely

on real-world data, providing a scalable and adaptable solution.

3.2.2 The proposed approach

In this thesis is introduced a novel approach to synthetic data generation in the context of
rehabilitation medicine. The proposed method aims to address the challenge of limited data
availability in the area. Specifically, for the first time diffusion models to generate synthetic
data that mimics realistic-looking human movements in a rehabilitation context is provided
in this thesis.

This is the first work that presents a synthetic generated dataset that mimics realistic-
looking human movements during rehabilitation exercises. A pose-guided person image
method that generates variations of real images using diffusion models and ControlNet ar-
chitecture is described.

This method introduces significant innovations in the field. Firstly, it pioneers the con-
cept of data augmentation of images containing biomechanical data using pose-guided image
generation methods. Secondly, by harnessing the power of cutting-edge techniques like Con-
trolNet and latent diffusion models, the generation of synthetic images with precise and
accurate pose control becomes feasible. The integration of these models should enable fine-
grained manipulation of poses within the generated images, offering unprecedented control
over the desired body movements and joint positions. Thirdly, a qualitative and quantitative

analysis were provided to validate the generated dataset.

(
({

Dataset acquisition Generated dataset

. Generative model . .
Data labelling 1 enerative model Image generation —  Data evaluation
configuration

Figure 3.5: Workflow of the proposed methodology.

The objective was to modify the appearance of foreground persons and backgrounds via
text-to-image prompts of the diffusion model to introduce more variability in the physical and
demographic characteristics of subjects and also vary the setting scenario of the rehabilitation

intervention. Furthermore, by conditioning the image generation process on pose information
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via the ControlNet architecture this method enabled the synthesis of images that accurately
reflect the spatial consistency of human joint relationships of a specific class of movement of
a predefined rehabilitation exercise. Specifically, the proposed data generation method was
investigated on the dataset preliminary described in Section 3.1.3. The entire workflow of
the proposed experimental method is synthetically described in Figure 3.5.

This Section is structured as follows: in paragraph 3.2.2 is described the overall framework
to generate synthetic data of rehabilitation exercises with a particular focus on ControlNet
architecture used to condition text-to-image latent diffusion model; in paragraph 3.2.2 is
described the experimental setup of data generation; paragraph 3.2.2 describes the evaluation
metrics used to analyze the robustness of the method to generate images of human exercise

movements.

Data generation framework

The data generation framework is based on a latent diffusion model used in combination with
the ControlNet architecture. The diagram of Figure 3.6 illustrates the main characteristics

of the entire framework using the latent diffusion model in combination with ControlNet.
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Figure 3.6: Ilustration of the pose-guided image generation method using the pose-guided
conditioned diffusion model.

A network € is used to encode the input conditions ¢; into feature maps ¢y because UNet

of latent diffusion accepts a latent feature (64x64) instead of the original image. Image
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diffusion models learn to progressively denoise images to generate samples. The denoising
can happen in pixel space or a “latent” space encoded from training data. Latent diffusion
uses latent images as the training domain. Given an image x, encoded in z, latent feature,
diffusion algorithms progressively add noise to the encoded image and produce a noisy latent
feature z;, with ¢ being how many times the noise is added. When ¢ is large enough, the
image approximates pure noise. Given a set of conditions including time step ¢, text prompts
ct, as well as a task-specific condition ¢y, image diffusion algorithms learn a network €y to

predict the noise added to the noisy latent feature 2z, with

L= Ezo,t,ct,Cf,GNN(O,l) [He - Ee(zt, t, Ct, Cf)H2] (31)

where L is the overall learning objective (loss function) of the entire diffusion model.
This learning objective can be directly used in fine-tuning diffusion models on task-specific
applications.

In detail, the latent diffusion model is a powerful text-to-image diffusion model that
has been trained on a massive dataset of billions of images. This model follows a U-net
architecture, featuring an encoder, a middle block, and a skip-connected decoder. Both
the encoder and decoder consist of 12 blocks each, and the complete model incorporates
25 blocks, including the middle block. Among these blocks, 8 are responsible for down-
sampling and up-sampling convolution layers, while the remaining 17 are main blocks, each
consisting of 4 ResNet layers, and 2 Vision Transformers (ViTs) that employ cross-attention
and self-attention mechanisms.

Text inputs are encoded using OpenAl CLIP [259], and diffusion time steps are encoded
using positional encoding. Initially, the text inputs are converted into embedding vectors
through a language model denoted as 7y (CLIP), after which they are mapped into the U-Net
using a (multi-head) Attention(Q, K, V) layer. The parameters in each level of the UNet are
locked in 6 and then duplicated into a trainable copy .. Specifically, ControlNet generates
this trainable copy, which encompasses the 12 encoding blocks and 1 middle block of the
latent diffusion model. The copied 6. is trained with an external condition vector ¢y, referred
to as the control map, which, in our approach, contains the positions of human key points
as the input condition c¢;.

To connect the UNet blocks, a unique type of convolution layer called ‘zero convolution’
is employed [336]. The zero convolution operation is denoted as Z(-;-), and two instances
of parameters 6,1, 0.5 are used to compose the ControlNet structure with the following loss

function:

Yo = F(2:0) + Z(F(x + Z(cf;0:1):0c5); 0:2) (3.2)
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In the above equation, y.; represents the output of the UNet block, as visualized in Figure
3.6.

During the initial training step, as the weight and bias of the zero convolution layer are
initialized as zeros, the feed-forward process is identical to the one without the ControlNet
encoder. However, after backpropagation updates the trainable copy and the zero convolu-
tion layers in the ControlNet, the zero convolution weights gradually transition to optimized
values.

The overall functioning of ControlNet architecture in conditioning the latent diffusion

model is schematically showed in Figure 3.7.

64x64

Cr
Ci
""""" v ;
(_zero convolution )85 | Z(c;6y,)
X : L x+Z(cs; 6;)
U-Net block ,
(locked) ‘ trainable copy Scf F(x+Z(cs; 0z,); Ocr)
® . [_zero convolution ]922 Z (F (x+ Z (cf; 65,); Bcf); 6,
Ver ControlNet

ycf = F(x; 9) + Z{F (X +Z(ij ezl); gcf); 6zz)

Figure 3.7: ControlNet architecture.

Experimental setup and data generation

The proposed synthetic dataset was generated from the preliminary collected dataset in-
cluding the resistance training exercise protocol developed. The characteristics of dataset
regarding the classes and the number of samples corresponding to each category of exercise

movements, are all described in Table 3.4.
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Table 3.4: Dataset description in terms of classes of movement and number of samples.

Number of samples

Exercise Class of movement Comera view 1 Camera view 2
Down 292 185
Incomplete down 250 113
Biceps curl (E1) Incomplete up 409 253
Up 176 218
Compensation 1 (C1) 672 456
Compensation 2 (C2) 352 426
Down 237 235
Incomplete down 221 195
Triceps curl (E2) Incomplete up 369 406
Up 245 320
Compensation 1 (C1) 676 421
Down 269 312
Incomplete down 397 350
Frontal raise (E3) Incomplete up 299 240
Up 313 199
Compensation 1 (C1) 651 578
Compensation 2 (C2) 631 286
Down 168 132
Incomplete down 414 489
Squat (EA) Incom[?lete up 469 440
p 280 181
Compensation 1 (C1) 765 393
Compensation 2 (C2) 261 377
Down 477 416
Incomplete down 165 348
Leg extension (Eb) Incomplete up 222 166
Up 198 116
Compensation 1 (C1) 564 436
Down 627 498
Incomplete down 213 163
Leg curl (E6) Incomplete up 177 138
Up 118 156
Compensation 1 (C1) 711 430
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As a basis for image generation, a pre-trained latent diffusion model, recently released,
was used [318]. This is a model that allows images to be created and modified based on image
and text prompts. It is a latent diffusion model trained on a subset (LAION-Aesthetics)
of the LION5B text-to-image dataset [267], and uses the text encoder CLIP ViT-L/14 to
encode the text prompts [259, 274]. To improve the preservation of spatial consistency in
human joint relationships within a specific class of movement in the generated images, the
ControlNet architecture was integrated to introduce an additional control based on human
poses to the diffusion process [336]. With this method, keypoints are extracted from the input
image using a 2D human pose estimation network, and saved as a control map containing the
positions of human joints. It is then fed to latent diffusion as an extra conditioning together
with the text prompt and images are generated based on these two conditions. Text prompts
were used to condition the diffusion model, allowing it to modify the foreground aspects to
represent an older man or woman and adjust the background setting to depict a traditional
home environment. Preliminary tests were executed to find the optimal configuration of
setting parameters to generate synthetic images.

The Classifier Free Guidance scale (CFG) is a parameter to control how much the diffusion
model should respect the text prompt and it ranges between 0 and 30. CFG value was
selected to strictly follow the text-prompt condition. The sampling steps and sampling
method of the denoising process determine the quality of the generated image. Quality
improves as the sampling step increases. The selected number of steps with the Euler
sampler reached a high-quality, sharp image. The image size corresponds to the size of
the output image. The random seed determines the initialized noise pattern and hence
the final generated image is a new one at each image processing output. Control weight
parameter, starting and ending control step parameters control how much the control map
is followed relative to the text prompt. The control weight and starting and ending control
step parameters range between 0 and 1 it was set so that the control map strictly follows the
text-prompt. The control mode controls the importance of the text prompt and the control
map during the denoising process so it was set to be balanced. Resize mode controls what
to do when the size of the input image or control map is different from the size of the images
to be generated. The resize mode was set to scale the width and height of the control map
to fit the generated image size.

Finally, all synthetic data were generated using the settings described in Table 3.5. The
overall experiment was run on NVIDIA T4 GPU and it took about 12 seconds to create a
single image. This resulted in a total time of more than 74 hours for the creation of the

whole synthetic dataset.
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Table 3.5: Parameters configuration of latent diffusion model and ControlNets to generated
synthetic images.

Parameter Configuration
Text prompt ‘1 old man or woman at home’
CFG scale 25
Sampling steps 20
Sampling method Euler
Image size 512x512
Batch size 1
Seed -1 (random)
Control weight 1
Starting control step 0
Ending control step 1
Control mode Balanced
Resize mode Just resize

Evaluation methods and techniques

Evaluating the results of generative models is always a challenging task. Generally, the eval-
uation metrics are divided into qualitative and quantitative ones. The qualitative evaluation
metrics, based on human visual evaluations, can reflect the users’ opinion on the generation
results directly. On the other hand, the quantitative evaluation metrics are more objec-
tive than the qualitative ones however presenting limited robustness [323]. Sometimes, the
evaluation results of one metric might be not consistent with the results of other metrics
33, 302].

Synthetic data generation involves creating artificial data that closely resembles real data
in terms of statistical and mathematical properties. However, the quality of the synthetic
data may not always match that of the original data, and it may not accurately capture the
various relationships between different data features. This lack of fidelity can pose challenges
for stakeholders who rely on synthetic data for obtaining reliable and high-quality results.
Therefore, it is crucial to have metrics that can assess the quality of synthetic data, helping
both data generators and users evaluate its usefulness.

One important aspect to consider is how well the synthetic data captures the inter-
dependency between features and the overall context, in addition to matching the statistical

properties of the real dataset. These metrics can provide insights into whether the synthetic
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data accurately represents the complex relationships present in the original data, ensuring
that it can be effectively used for various applications and analyses.

Further analysis was performed to evaluate the consistency and validity of motion data
between the original and synthetic datasets.

Paragraph 3.2.2 describes the qualitative evaluation methods. Paragraph 3.2.2 describes
metrics used to quantitatively evaluate the generated synthetic images. Paragraph 3.2.2

describes methods used for motion data validation.

Qualitative evaluation

An expert-based evaluation method was addressed to perform a qualitative analysis of the
generated images. As a rehabilitation specialist with extensive expertise in biomechanical
and motion analysis, I personally undertook the assessment of the generated images.

The qualitative validation process involved the examination of a random sample of 50
images for each category of movement within the six rehabilitation exercises.

The objectives of this evaluation encompassed several key aspects: i) assessing the re-
alism in depicting older individuals engaging in specific exercises within predefined poses;
ii) evaluating the introduced variations in the physical and demographic attributes of the
depicted individuals; iii) scrutinizing the portrayal of the rehabilitation environment within
the images.

This expert-driven evaluation aimed to ensure the quality, fidelity, and realism of the
generated images while also examining their biomechanical characteristics and the diversity

introduced into the dataset.

Image evaluation metrics

Considering the metrics reported in the literature, following evaluation metrics were selected
and applied for the analysis: the Inception score (IS) [275], the Fréchet Inception distance
(FID) [120], the Structural similarity index (SSMI) [324], the detection score for person-class
and joint-class [284]. The performance of these metrics was evaluated considering also the
background influence by masking it out with a state-of-the-art human segmentation model
[258].

The IS is a popular quantitative evaluation metric in the research of human image gen-
eration, it evaluates both the quality and diversity of the image samples. IS calculates the
distribution of generated images via a pre-trained Inception V3 network [23]. The calculation
of the IS is based on a statistics formula called the Kullback-Leibler (KL) divergence [64]

and it measures the similarity of two probability distributions: the average class probability
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(quality) and the marginal entropy of the class distribution (diversity) (see Equation 3.3.

nu—mm(%EZDKAManm@»> (33)

The IS equation 3.3 contains two main items, (p(y|z') and p(y) that represent respectively
the posterior distribution and the empirical distribution of classification labels, where
indicates the generated image samples and y indicates their labels. Therefore, based on the
calculation of KL-divergence, the highest IS values express good quality and diversity in the
dataset. The IS provides an overall assessment of the dataset so it was calculated for the
whole original and synthetic generated datasets for comparative analysis.

The FID is a metric to measure the quality of images synthesized by generative models.
The FID calculates the Fréchet distance between the distribution of generated images and
real images to capture their similarity. It assumes that the real images and generated im-
ages follow the Gaussian distributions and calculates the Fréchet distance between the two
distributions [92]. Similar to IS, FID uses a pre-trained inception network to extract the
features of real images and generated images. The multidimensional Gaussian distributions
of generated images and real images are defined as N(u,, ;) and N(u,, X,) , respectively.
Then, FID is calculated as follows:

FID(x.y) = [z — 3+ tr (S0 + 5, — 2/5,5,) (3.4)

The FID was applied to compare each ground-truth image to the corresponding generated
samples. The mean and standard deviation were reported for the analysis.

The SSIM measures the quality of the generated image compared with the original im-
age, which is widely used in image synthesis. Specifically, SSIM calculates the similarity
between synthesized image and ground-truth real image in three dimensions. It considers
the luminance, contrast, and structure of the images during evaluation. The SSIM index can

be formalized as follows:
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SSIM(z,y) = I(z,y)"C(z,y)’ S(z,y)”

($7y) ) + 2 4 Cl
12, + 12, (3.5)
2Ux20y + 02
Cly) = e o
20’wy + Cg
) =G e

In Equation 3.5, z and y indicate the generated image and referenced image, respectively.
The «, 3, v parameters are usually set as 1. p and o indicate the mean and standard de-
viation of corresponding images and o,y denotes the correlation coefficient between z and
y. C1,Cy, C5 are the constants. I(x,y), C(x,y), S(z,y) evaluate the similarity of luminance,
contrast, and structure between the images, respectively. The SSIM index is a bounded met-
ric ranging between 0 and 1 which higher value indicates that two images are identical. The
evaluation of SSIM was applied to compare each ground-truth image to the corresponding
generated samples. The mean and standard deviation were used for the analysis.

The DS for person-class (DS-person) measures the confidence of a pre-trained model used
for person detector in image samples, by computing the average person-class detection scores
on generated images. The model used for person detection was the YOLO model developed
for real-time detection tasks of several object classes [263].

The DS for joint-class (DS-joint) measures the average confidence of a pre-trained model
used to detect human joints by a pose estimation model. The joint estimation model used was
the MoveNet Thunder model which is a recent state-of-the-art bottom-up estimation model
that uses heatmaps to localize human keypoints with high performance in accuracy [321].
The confidence prediction of COCQO’s standard 17 keypoints locations was also analyzed.

The DS for person-class and joint class was computed for each original and synthetic im-

age sample for comparative analysis. The mean and standard deviation values are reported.

Motion data validation

Synthetic data generation is a valuable technique for creating data that mimics real data.
However, assessing its quality, including its ability to capture relationships between features,
is essential for ensuring its reliability and utility in various domains.

Considering that the proposed dataset was developed to enable systems to automatically

evaluate rehabilitation exercise performance, further validation analysis on the consistency
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of motion data between original and synthetic datasets is required.

To this scope, the human pose estimation model MoveNet Thunder was used to extract
motion data from the original and synthetic images. Specifically, the model extracts the x
and y coordinates of the 17 body keypoints in the image matrix. Each keypoint provided is
denoted by pi = [xLyl] that represents 2D coordinates in the image of a body keypoint k
from a set of joints K = 17. These coordinates were used to perform validation analysis in
terms of motion data consistency.

The validation of motion data employed two key methods: i) intra-class consistency was
assessed by investigating the pairwise mutual information of motion features; ii) inter-class
feature distribution was evaluated by examining the preservation of class boundaries within
the motion data.

Mutual information is a measure that reveals the inter-dependencies between various
data features. It quantifies the amount of information shared between two random variables,
allowing us to investigate their mutual dependencies. When generating synthetic data, it
is desirable for the mutual dependencies between features to be maintained, resembling
those observed in the real data. To assess this, a heatmap illustrating the relationships
between features in the synthetic data can be visualized. This visualization provides a clear
representation of how the synthetic data captures the mutual dependencies observed in the
original dataset. Moreover, the distance correlation metric (dCor) was used to perform
a statistical test to analyze the dependency between features correlation matrices of the
original and synthetic dataset [297]. The distance correlation measures both linear and
nonlinear association between two vectors. Distance correlation ranges from 0 to 1, where 0
implies independence between X and Y and 1 implies that the linear sub-spaces of X and
Y are equal.

The t-distributed stochastic neighbor embedding (t-SNE) method was employed to visu-
alize the boundaries of each movement class within both the original and synthetic datasets.
This technique involved mapping the high-dimensional data into a two-dimensional map,
grouping the data points by their respective movement classes [122]. The t-SNE algorithm
implementation from the Scikit-learn library was utilized for this purpose. To ensure repro-
ducibility, a fixed seed value was used due to the stochastic nature of the t-SNE algorithm.
After carefully experimenting with different values, the perplexity parameter was ultimately

set to 100 to enhance the visualization of the specific pattern of interest.
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3.2.3 Qualitative results

A total of 22,352 images were generated from processing a pre-labeled class of movements
for each of the 6 rehabilitation exercises via the latent diffusion model using text and human
pose conditioning.

Synthetic images were generated to simulate the demographic and physical characteristics
of elderly people doing exercise in various home settings. The foreground person character-
istics and the background setting were manipulated via the text prompt conditioning of

‘man/woman’, and ‘home

the latent diffusion model using respectively the keywords ‘old’,
setting’.

The text prompt condition introduced more variability in the physical and demographic
characteristics of generated persons as it can be noted from images of the generated dataset
that are randomly plotted in Figures 3.8, 3.9.

The keyword ‘old” served as a conditioning factor for the age of the generated individu-
als, resulting in all images depicting elderly people appearing to be over the age of 65 years.
Furthermore, the text controlling gender output played a pivotal role in balancing the dis-
tribution of male and female categories within the generated dataset. The text conditions,
used to control the age and sex output, contributed to modifying the physical aspect of
synthesized individuals. In fact, from a biomechanics point of view noteworthy was the vari-
ability in physical characteristics introduced by the proposed method. The synthetic dataset
contains individuals with varying body mass compositions, as well as distinct morphological
characteristics such as more pronounced lumbar lordosis and thoracic kyphosis curves, which
are typically more prevalent in the elderly.

The processing of posture information and joint relationships for each class of movement
proceeded seamlessly, without encountering any significant issues or variations.

Furthermore, the proposed approach introduced variations in additional elements of home
scenarios, such as sofas, columns, windows, chairs, and decorative elements. The generated
images also exhibit diversity in individuals’ clothing types and colors, including t-shirts,
shorts, and pants. For example, as evident in the plot (d) of Figure 3.9, the clothing worn

by the individuals appears to be more suitable for a gym or sportswear setting.
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3.2.4 Quantitative results

Genrally, quantitative metrics showed comparable results across ground-of-truth data and
generated data.

Table 3.6 shows results of IS and DS-person metrics for a preliminary evaluation of the
quality of the proposed method to generate images of elderly subjects doing exercise in the
home environment.

Table 3.6: Inception score (IS) and Detection Score for person class (DS-person) in original
and generated dataset.

Dataset IS mask-IS  DS-person mask-DS-person
Original ~ 171.87 181.11 0.844 0.858
Synthetic 162.94 272.14 0.789 0.861

Results of the DS-joint score comparing the original and synthetic dataset in the back-

ground and masked background conditions are summarized in Figure 3.10.
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Figure 3.10: Analysis of joint-class Detection Score (DS-joint).

Note. DS-joint comparison between original (blue bar) and synthetic (orange bar) dataset
considering background effects (on the left column results with background, on the right
column with masked background). Joint classes: nose = 0, left eye = 1, right eye = 2, left
ear = 3, right ear = 4, left shoulder = 5, right shoulder = 6, left elbow = 7, right elbow =
8, left wrist = 9, right wrist = 10, left hip = 11, right hip = 12, left knee = 13, right knee
= 14, left ankle = 15, right ankle = 16.
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Table 3.7 and Table 3.8 provide a detailed presentation of the FID and SSIM metrics,
which serve as a comprehensive comparison between the generated images and the ground

truth images.

Table 3.7: Structural similarity index (SSIM) and Fréchet Inception distance (FID) calcu-
lated between original and generated dataset over each classes of movement in each subset.

Camera view 1

SSSIM  mask-SSIM  FID  mask-FID

Exercise Class of movement

E1l Down 0.545 0.881 299.06 304.35
Incomplete down 0.517 0.868 276.18 341.26
Incomplete up 0.530 0.878 318.15 285.45
Up 0.480 0.876 347.84  319.59
C1 0.673 0.918 211.85 164.27
C2 0.578 0.865 234.06 186.02
Down 0.573 0.868 285.27  291.39
Incomplete down 0.636 0.848 276.44 279.79

E2 Incomplete up 0.655 0.858 237.79 266.96
Up 0.598 0.842 302.18 200.64
C1 0.675 0.860 188.82 179.63
Down 0.567 0.860 289.78 293.04
Incomplete down 0.539 0.861 254.50 269.25

B3 Incomplete up 0.598 0.825 290.51 245.26
Up 0.563 0.838 288.64  267.18
C1 0.637 0.894 199.60 152.56
C2 0.662 0.892 214.68 191.89
Down 0.616 0.872 295.02 343.44
Incomplete down 0.605 0.864 246.47 249.49

on] Incomplete up 0.584 0.850 237.93 178.42
Up 0.583 0.840 262.56 199.50
C1 0.529 0.783 228.84  285.33
C2 0.669 0.873 293.39 247.27
Down 0.655 0.840 288.39 277.77
Incomplete down 0.653 0.848 223.68 272.38

E5 Incomplete up 0.622 0.823 224.73 286.01
Up 0.632 0.832 196.09 289.48
C1 0.671 0.823 169.46 195.25
Down 0.590 0.852 134.88 178.52
Incomplete down 0.617 0.845 108.09 216.15

E6 Incomplete up 0.626 0.866 137.30 139.35
Up 0.622 0.854 117.00 209.41
C1 0.681 0.826 181.26 145.43
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Table 3.8: Structural similarity index (SSIM) and Fréchet Inception distance (FID) calcu-
lated between original and generated dataset over each classes of movement in each subset.

Camera view 2

SSSIM  mask-SSIM  FID  mask-FID

Exercise Class of movement

El Down 0.569 0.869 179.86 203.63
Incomplete down 0.630 0.883 159.45 209.16
Incomplete up 0.597 0.875 223.98 173.52
Up 0.532 0.889 236.14 181.66
C1 0.616 0.901 228.14 172.92
C2 0.628 0.880 258.54 181.92
Down 0.581 0.832 248.68 213.93
Incomplete down 0.609 0.812 224.81 242.18

E2 Incomplete up 0.634 0.825 207.32 223.47
Up 0.667 0.849 280.37 153.19
C1 0.608 0.833 196.27  228.52
Down 0.597 0.875 145.20 188.74
Incomplete down 0.539 0.869 129.79 152.17

B3 Incomplete up 0.584 0.792 159.71 171.14
Up 0.542 0.814 179.57 164.75
C1 0.658 0.896 178.51 140.31
C2 0.628 0.892 184.94 165.86
Down 0.553 0.879 194.66 192.39
Incomplete down 0.555 0.872 141.55 172.23

on] Incomplete up 0.512 0.836 142.72 207.51
Up 0.512 0.838 249.03 220.17
Cl1 0.568 0.771 256.70 318.58
C2 0.654 0.844 259.71 257.03
Down 0.613 0.833 252.29 196.09
Incomplete down 0.663 0.835 228.59 189.81

E5 Incomplete up 0.634 0.827 233.59 189.80
Up 0.602 0.828 238.85 192.68
C1 0.666 0.821 181.17  205.67
Down 0.632 0.839 99.75 195.62
Incomplete down 0.641 0.817 171.73 176.82

E6 Incomplete up 0.623 0.808 188.43 203.07
Up 0.593 0.808 172.28 192.36
C1 0.635 0.841 180.93 224.76

Both the original and synthetic datasets achieved high IS, indicating a commendable
overall quality of the generated images (see Table 3.6). Additionally, the DS-person and
DS-joint scores exhibit similar performance between the original and synthetic datasets,

suggesting that the proposed method successfully captures the key characteristics of indi-
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viduals” movements and joint relationships. However, upon isolating the foreground person
and applying a masked background, the IS score is notably higher in the generated dataset.
This indicates a greater diversity in the generated individuals, showcasing the versatility and
variability introduced by the synthesis process. Importantly, the results of DS-joint metrics
indicate no significantly negative effects from the background, reaffirming the method’s abil-
ity to preserve the spatial consistency of joint relationships (see Figure 3.10). Conversely,
the DS-person score is higher, suggesting the potential influence of background disturbances
on person detection in the generated images (see Table 3.6).

The FID score and SSIM scores were utilized to compare the generated images with their
ground truth counterparts, enabling an assessment of the quality and similarity between the
two datasets. These metrics offer valuable insights for each class of movement within various
subsets of both the original and the generated dataset. The FID score offers insights into
the overall distributional similarity, while the SSIM score focuses on perceptual similarity
in terms of structural details. Together, these metrics provide a comprehensive evaluation
of the fidelity, quality, and visual resemblance of the generated images to the ground truth
images. A detailed report of these metrics can be found in Table 3.7, enabling a quantitative
assessment of the images within each class of movement across the different rehabilitation
exercises. Additionally, the effect of the camera view perspective on image quality and
diversity is considered. Notably, the synthesis of images from ‘camera view 1’ and ‘camera
view 2" perspectives did not exhibit significant differences in the quantitative results. This
finding demonstrates the robustness of the proposed method in generating foreground persons
across different camera perspectives, including frontal, lateral perpendicular, and lateral
oblique positions. Furthermore, the method proves effective in scenarios where the individual
is in an upright or seated position. Considering that the proposed method aimed to modify
both the background and foreground person, the evaluation also included an assessment of
the background’s effects on image quality and diversity. Overall, when observing the results
of the SSIM scores for images with the presence of background versus those with masked
backgrounds, it can be inferred that the background contributes to the greater diversity in the
synthetic images. In contrast, when evaluating the SSIM score with masked backgrounds,
the similarity index of the synthesized individual significantly exceeds the mean of 0.80.
This indicates a remarkably close similarity between the original and synthesized foreground

persons.
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3.2.5 Data validation

Mutual dependencies (inter-class consistency) between motion data of the original and syn-

thetic dataset considering different camera perspectives are observed in heatmap plots of

Figure 3.11 and Figure 3.12 with the respective correlation distance measures.

it ot e orgnat st

(e) dCor = 0.944 (f) dCor = 0.919

Figure 3.11: Correlation plot and distance correlation metric between original and synthetic
dataset with background.

Note. Results considering background and masked background are shown respectively on
left and right side of the figure. Notes: (a)=E1 with background vs E1 masked-background;
(b)=E2 with background vs E2 masked-background; (¢)=E3 with background vs E3 masked-
background; (d)=E4 with background vs E4 masked-background; (e)=E5 with background
vs E5 masked-background; (f)=E6 with background vs E6 masked-background.

The results demonstrate good comparability between the generated images and the
ground truth dataset, showcasing the accurate reflection of spatial consistency in human
joint relationships for each exercise movement. Importantly, this evaluation also considers
the influence of the background, and the absence of significant negative background effects

on motion data is observed. This is evident in Figures 3.11 and 3.12, which compare the
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original and generated datasets with and without the background.

The preservation of mutual information is further validated by a distance correlation
metric, with a value above the mean of 0.90 between the original and generated motion
data. These findings indicate that the synthetic data successfully maintains the mutual
information of motion data, effectively capturing the essence of the original movements.

Moreover, the analysis also considered inter-class consistency, which includes an assess-
ment of class boundary preservation of motion data. Movement class boundaries of the orig-
inal and the generated synthetic datasets are shown in t-SNE plots of Figure 3.13. The plots
showed the preservation of boundaries between various movement classes in the synthetic
dataset when compared to the real dataset. Furthermore, the plots revealed a heightened

variability of information within each class within the generated dataset.
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mases syt datase:

(e) dCor = 0.932 (f) dCor = 0.838

Figure 3.12: Correlation plot and distance correlation metric between original and synthetic
dataset with masked background.

Note. Results considering background and masked background are shown respectively on
left and right side of the figure. Notes: (a)=E1 with background vs E1 masked-background;
(b)=E2 with background vs E2 masked-background; (c)=E3 with background vs E3 masked-
background; (d)=E4 with background vs E4 masked-background; (e)=E5 with background
vs E5 masked-background; (f)=E6 with background vs E6 masked-background.
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Figure 3.13: t-SNE plots to visualize movement classes boundaries preservation in the syn-
thetic dataset generated from the original dataset.

Note. Results considering background and masked background are shown respectively on
left (a) and right (b) side of the figure.
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Chapter 4

Al-based monitoring and assistive sys-

tem: a proof-of-concept

4.1 General overview

The emergence of digital biofeedback systems marks a new era in rehabilitation technolo-
gies, aiming to provide remote guidance and support to patients during their rehabilitation
journey [101, 126]. Such guidance has been proven to improve the likelihood of patients
performing exercises correctly. Nevertheless, achieving real-time motion assessment and live
feedback regarding the quality of exercises remains an ongoing challenge. To address the
complexities of both home-based and in-clinic rehabilitation programs, the development of
reliable systems capable of capturing human movements, automatically analyzing recorded
data, and evaluating the quality of movement performance is crucial.

Advancements in low-cost sensors integrated with motion tracking functionality offer a
promising avenue for the development of such systems. Additionally, the creation of efficient
computational algorithms for modeling and analyzing human motion becomes central to
resolving the challenge of evaluating the quality of rehabilitation movements.

Assistive systems play a vital role in supporting patients with in-home exercises [291, 102].
To be effective, assistive systems need to be adequate, affordable, and easily accessible, while
also ensuring user engagement [266]. Furthermore, it is essential for these systems to assess
patients’ performance and provide therapists with the necessary data to track progress and
make informed clinical decisions [234, 338].

The present Section introduces an innovative, cost-effective application designed to au-
tomatically evaluate rehabilitation exercises within prescribed routines. By unobtrusively

monitoring a person’s exercises during therapeutic sessions, the system assesses their perfor-
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mances to prescribed motions, distinguishing between correct and incorrect movements. The
primary contribution lies in the development of a proof-of-concept system capable of ana-
lyzing human motion using Al, providing valuable support to patients without the constant
need for supervision during rehabilitation.

The proposed technological solution composed of a single laptop with a built-in webcam
aims to achieve three main objectives: first, gathering comprehensive data about human
motion through exercise monitoring [26, 196]; second, evaluating the quality of exercise
performance in terms of motion offering corrective feedback to patients [249, 95, 191, 160].

The proposed system relies on the architecture illustrated in Figure 4.1, which comprises
five main modules: (i) a 2D human pose network, ii) data pre-processing; (iii) a ROM-
classifier module, (iv) a compensation-classifier module, and v) a repetition counting and

validation module to analyze ROM and compensatory patterns.

2D Human Pose Network
K, Features pre-processing ROM Classifier
o3 £ O I e A L S
B8] |23
2t % E — ROM-class
2 2=
| i,
emes - Repetition Module Validation Module
(valid and invalid reps) | (% of compensative movements)

Figure 4.1: Proposal of a system that counts valid and invalid repetitions and recognize
compensatory motion patterns of the rehabilitation exercises.

Note. The architecture is composed of five different modules: (i) a 2D human pose network,
ii) data pre-processing module, (iii) a ROM-classifier module, (iv) a compensation-classifier
module, v) a repetition counting and validation module. m; € C = {C;]1 < j < 4}
represents ROM classes of a given exercise comprising key poses or phases of the exercise.
¢ € C = {C}|0 < j < 2} denotes whether the ¢ frame belongs either to a physiological or
compensatory motion pattern class.

Throughout the following, let X (2) = {X¢, my, ¢;} denote a labeled sequence of N frames
of the considered set of exercises z € {F1, E2, E3, E4, E5, E6}, where X; denotes the ac-
quired RGB image at frame ¢, m; represents the current ROM class of the exercise execution,
and ¢; indicates the class of motion corresponding to physiological or compensatory move-
ment patterns. First, the acquired image X; is fed through the 2D human pose network
to obtain a set of K keypoints coordinates. Second, a ROM-classifier operates on top of
skeleton-based features to predict the ROM motion category. Furthermore, ROM-class 3

and ROM-class 4 of each exercise are evaluated to belong to the good or compensatory
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patterns category via the compensation classifier. Finally, the repetition counting module
receives the predicted ROM-class which outputs the current number of valid and invalid
repetitions via an internal state machine and the validation module tracks the percentage of
erroneous patterns present in each exercise repetition. The internal state machine outputs
and increments the current number of valid and invalid repetitions if the following conditions
are satisfied: (i-a) there is a transition from the last to the first ROM-class of the exercise
(valid repetition), (i-b) there is a transition from the intermediate ROM-classes of the exer-
cise (invalid repetition); (ii) all the ROM-classes of the repetition appear in the right order
within the current repetition. This module updates the current number of repetitions at
each frame ¢ by having the ROM-class prediction of the current frame m! , as well as the M
past ROM-class predictions m;_,;.;—1. Finally, the system counts those repetitions correctly
if all the ROM-classes of the exercise appear in the right order in a given time window (3
past frames, current frame, and 3 future frames) [85].

In summary, the system quantitatively assess motor patterns of rehabilitation exercises
through 2D video analysis in real time. The main goal is to monitor unobtrusively the exercise
carried out by a person in a therapeutic session and evaluate whether it is being performed
according to its prescription (correct performance) or not (wrong performance). The evalu-
ation corresponds to the assessment of the range of motion (ROM) and the compensatory
movement patterns that a subject could accomplish during the rehabilitation session.

The system was developed and validate to monitor resistance training exercise described
in Section 3.1.3 to prevent physical decline in elderly patients.

The following sections provide a detailed description of the motion monitoring approach
implemented in the system (see Section 4.1.1) and the motion evaluation method developed

to deliver biofeedback, enabling patients to correct their performance (see Section 4.1.2).

4.1.1 Motion monitoring

Pose estimation refers to computer vision techniques that detect human joints in images and
videos. It is important to know pose estimation merely estimates where key body joints are
and do not recognize a person’s identity in an image or video.

To this scope, a convolutional neural network model that runs on RGB images and
predicts the human joint locations of a single person was applied for pose estimation.

After a meticulous evaluation of various state-of-the-art pose estimation models, the pre-
trained Google-based inference model MoveNet was adopted for motion monitoring, which
provides joint landmarks kinematics. This choice was primarily driven by MoveNet’s out-

standing accuracy and exceptional performance on edge devices [321]. Further reinforcing
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our decision, a recent study compared several skeleton-based human pose estimation models,
including OpenPose, PoseNet, MoveNet, and MediaPipe Pose. The study’s findings revealed
that MoveNet exhibited the highest performance in detecting various human poses in static
images and videos [59].

MoveNet is a bottom-up estimation model that uses heatmaps to localize human key
points. The model is designed to be run in the browser using Tensorflow.js or on devices
using TF Lite in real time. The variant MoveNet Thunder resulting in a higher capacity
model that performs better prediction quality while still achieving high real-time speed was
selected [59].

The MoveNet Thunder version architecture takes in input an RGB frame of video or
an image with a resolution of 256x256. MoveNet output consists of lists containing the
coordinate predictions of COCQO’s standard 17 keypoint locations, and their corresponding

prediction confidence (see Figure 4.2).
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Figure 4.2: COCO Keypoints used in MoveNet.

Note. Keypoints list: nose = 0, left eye = 1, right eye = 2, left ear = 3, right ear = 4, left
shoulder = 5, right shoulder = 6, left elbow = 7, right elbow = 8, left wrist = 9, right wrist
= 10, left hip = 11, right hip = 12, left knee = 13, right knee = 14, left ankle = 15, right
ankle = 16.

MoveNet was trained on two datasets: COCO and an internal Google dataset called
Active. While COCO is the standard benchmark dataset for general detection, the Active
dataset containing yoga, fitness, and dance videos from YouTube makes MoveNet suitable
for physical activity and exercise monitoring. The architecture consists of a feature extractor

and a set of prediction heads that inference the landmarks of the 17 body joints.
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The feature extractor in MoveNet is MobileNetV2 [277] with an attached feature pyra-
mid network, which allows for a high resolution (output stride 4), semantically rich feature
map output. There are four prediction heads attached to the feature extractor, responsible
for densely predicting: i) person center heatmap: predicts the geometric center of person
instances; ii) keypoint regression field: predicts a full set of keypoints for a person, used for
grouping keypoints into instances; iii) person keypoint heatmap: predicts the location of all
keypoints, independent of person instances; iv) 2D per-keypoint offset field: predicts local

offsets from each output feature map pixel to the precise sub-pixel location of each keypoint.

4.1.2 Motion analysis

The system aims to evaluate the performance quality in two different stages of classification.
The proposal divides the complete process of determining the completeness of ROM and
the recognition of compensatory movements into two different stages of classification. It
is based on the hypothesis that separating the evaluations into two different stages, both
classifications would improve their accuracy rates due to the reduction of the number of
classes.

Formally, were considered a set of input—output pairs D = {(z;,y;)}, where z; € R"
are the N samples of the input feature space obtained from the 2D video motion analysis
and y; € C = {C;|1 < j < J} are the class to which these features correspond. The number
of classes J € N depends on each proposal. The classification algorithms look for a decision
function f : R™ — C which given a sample, that in this work contains features of body joints’
2D pose data, determines the output class that includes the kind of execution performed:
x — y = f(x,w). During the training process, the algorithm finds the parameters w that best
fit the given training data set. These methods aim to find a function f capable of generalizing
its good accuracy to the given new data, which corresponds to a person’s motion features
derived from a 2D pose estimation module.

In summary, to assess a patient’s exercise performance from 2D videos, the methodol-
ogy is composed of the following steps: body keypoint extraction, data normalization, and
classification. A neural network-based approach was investigated to classify the correct-
ness of the prescribed exercise. The classifier must be robust enough to assign a label to
each frame denoting the wrong performance and indicate good movement quality (normal
movement patterns without erroneous motion categories such as limited ROM executions or
compensatory movements).

Two different models that take the preprocessed landmark coordinates as input and pre-

dict the pose class that the person performs were addressed respectively to assess the ROM
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execution and compensatory movements for each of exercises. To identify multiple motion
patterns from video frames, a multilabel classification problem is addressed. First, a mul-
tilabel classifier assesses the ROM execution to distinguish correctly performed series from
those performed erroneously. Simultaneously, a second multilabel classifier detects the pres-

ence of compensatory movements by identifying the patterns associated with compensation.

4.2 Experimental study

4.2.1 Data pre-processing

The selected pose estimation module MoveNet Thunder was used to extract the body joints’
pose data from each frame of the dataset.

The 2D position of 17 body keypoints (body skeleton) in the image coordinate system
{I} (Figure 4.2). Each keypoint provided is denoted by of = [pizt] = [zlyizi]. Here,
ph o= [ziy,i]/ denotes the transposed vector of 2D coordinates in the image of a body keypoint
k from a set of joints K, ¢ is the frame number, and z} is a confidence score of keypoint
detection. A moving average filter with a window of five frames was applied to reduce the
noise and measurement errors of the pose estimation module in keypoints inferences [62, 171].

In a real-world setting, subjects have body parts of different sizes and occupy different
locations regarding the camera. Accordingly, landmarks were normalized and scaled to a
constant pose size based on the torso’s length size and the maximum distance of a landmark
from the pose center. Each keypoint was transformed from the image coordinate system
{I} to the body coordinate system {B}. The image coordinate system {I} represents the
Cartesian pixel coordinate system with its origin (0,0) located in the upper left corner.
Conversely, the body coordinate system {B} is also a Cartesian pixel coordinate system,
but with its origin at the midpoint between the left hip (kK = 11) and right hip (k =
12) ( (pty,pt,) see Equation 4.1). The introduction of the body coordinate system {B}
aims to address variations in subject positions when facing the camera. To further account
for differences in body part dimensions, each keypoint coordinate in the {B} system was
normalized based on the subject’s spine length (d'(ph,p’) see Equation 4.2) measured at
each time step t. This method allows the algorithm to generalize with different users’ body

length measurements, distance from the camera, as well as other relative factors.

Ct: (x§1+x§2’yil+yi2> (41)
2 2
d' = /(wh — ) + (yh — yb)? (4.2)
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4.2.2 Deep learning algorithm

A feedforward fully connected multilayer perceptron (MLP) classification algorithm was
implemented in the Keras library to address the movement classification tasks [114]. Some
studies recently evidenced that MLP achieves high accuracy in classification movement tasks
for evaluation purposes in rehabilitation [31, 278, 192]. Each model was built using Python
libraries such as TensorFlow, Keras, NumPy, and Scikit Learn [248, 55].

The comprehensive configuration details of the neural network models used for the ROM
classifier and the compensation classifier are summarized in Table 4.1. To determine the
optimal configuration, various model architectures were systematically explored, ranging
from one to three layers, with hidden units varying from 16 to 512. An adaptive learning
rate approach was also employed, using multiple initial learning rate values, including 0.001,
0.005, 0.01, 0.05, and 0.1. This extensive exploration of hyperparameters was conducted

using the Keras library, ensuring an optimized configuration for our neural network models.

Table 4.1: MLP model configuration in Keras library.

Model architecture Parameters / Activation function

Input layer 34
Hidden layer 128 / ReLU
Drop out layer 0.5
Hidden layer 64 / ReLU
Drop out layer 0.5
Output layer C ={C;|1 <j < J} / Softmax
Train configuration Parameters
Epochs 200
Batch size 16
Early stopping monitor="‘val accuracy’ patience=5
Optimizer Adam
Loss Categorical cross entropy
Metrics Accuracy

The used MLP architecture consists of an input layer of 128 neurons, a hidden layer of
64 neurons, and an output layer (size depending on the number of classes to predict).

Preprocessed landmarks have been flattened in a feature vector representation used to
feed the input layer. A batch size of 16 was used to train the model over epochs. Adam
algorithm was selected for the model optimization and the early stopping technique was
used to stop model training once its performance stops improving on the hold-out validation
dataset (15% of the total of the training dataset).
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Dropout regularization for reducing overfitting and improving the generalization of the
model was used in the input and hidden layers by setting the hyperparameter at 0.5.

Rectified Linear Unit (ReLU) activation functions were used in the input and hidden
layer. Softmax activation function was used in the output layer. About the classification
task addressed by the model the categorical cross-entropy loss function was selected, and the
accuracy metric 4.3 was used to assess the general model’s performance.

Also, a set of metrics appropriated to a multi-class problem to evaluate our classification
models’ performance was adopted: Precision, Recall, and F1 score [118]. Metric Precision
4.4 is the percentage of predicted labels truly significant for the sample. Recall 4.5 expresses
the classifier’s ability to detect all positive samples. Score F1 4.6 is a weighted harmonic

mean Precision and Recall, which measures classification accuracy.

acc = TP+ TN (4.3)
TP+TN+ FP+ FN

prec= gt (44)

rec = TP}—]——PFN (4.5)

F1 1P (4.6)

" 2TP+ FP+FN
True positive (TP), true negative (TN), false positive (FP), and false negative (FN) were
used in the above equations to denote the performance of the classification model.
The evaluation of performance metrics was conducted on test sets obtained by employing
a stratified method to divide the original dataset into train and test subsets. This approach
effectively maintains the class distribution from the original dataset in both subsets, making
it particularly valuable when dealing with imbalanced datasets, where certain classes may

have significantly fewer samples than others.

4.2.3 Model training and evaluation

In deep learning, artificial neural network models need a considerable number of samples
for training to obtain satisfactory results, or else there may be overfitting, and the model’s
generalization ability may drastically decrease. However, for certain actions, it is difficult
to obtain a quantity of available and quality samples, so data augmentation methods are
used to enlarge the dataset. A data augmentation strategy is proposed to generate new

frame samples and prevent the MLP model from overfitting and generalizing in various
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configuration settings. The strategy consists of mimicking a person acting in different places
and sides in the field of view and at different distances from the camera view. The Keras
‘Image Data Generator’ library was used to apply transformations to obtain augmented
data [55]. Horizontal and vertical shifts were applied to simulate an action performed in
different places of view. A horizontal flip was applied to simulate the exercise also performed
with the left body side and not only performed by the right side as obtained in the video
dataset. A range for zooming in and out each frame of the dataset was applied to simulate
the various distances from the camera that the subject could accomplish. The parameters

of the arguments of each transformation are synthesized in Table 4.2.

Table 4.2: Data augmentation parameters used in Keras library.

Argument Parameter value
width shift range 0.2
height shift range 0.2
Z0Om range [0.9,1.8]
horizontal flip True
fill mode ‘nearest’

Noteworthy is to highlight that each exercise dataset was split into train and test sets
and therefore data augmentation was applied on each split set, including the test dataset.
The dataset was splitted in train and test sets using a stratified method, which effectively
preserves the class distribution from the original dataset in both subsets. This approach
enhances the model’s ability to generalize well to new, unseen data and ultimately contributes
to the robustness of our findings. In this way, the model’s performance was evaluated taking
into account both the original test dataset (not augmented), containing the frames acquired
in an optimal setup configuration, and a generated test dataset containing the augmented
frame used to simulate a real application that no expects setup configurations. This method
allows us to assess whether setup configurations should be necessary to consider in the
development process of the system that integrates the proposed system to monitor and
assess rehabilitation exercises at home.

Some of the applied transformations introduced some measurement errors during the
inference of the 2D human pose network so an outlier detection method was applied to the
train dataset before compiling the model. Considering the multivariate characteristics of the
dataset a principal component analysis (PCA) was used to reduce the dimensionality of the
data and the Hotelling T2 test was applied to detect outliers across the multidimensional
space of PCA [87, 86, 307]. The Hotelling 7% computes the chi-square tests and P-values

91



CHAPTER 4. AI-BASED MONITORING AND ASSISTIVE SYSTEM: A
PROOF-OF-CONCEPT

(level of significance fixed at o < 0.05) across the top five PCA components which allows to
determine the detection of outliers with its ranking (strongest to weak). A visual example

of the outlier detection algorithm is shown in Figure 4.3.

Outliers marked using Hotellings T2 method.
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Figure 4.3: Outliers detection plot using Hotelling T2 statistics.

Note. The figure reports an example of outlier detection in ROM classes of the E1 dataset.

The overall characteristics of data sets used to train the ROM classifier and the compen-

sation movement classifier are presented respectively in Table 4.3 and Table 4.4.
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Table 4.3: Datasets characteristics in terms of number of samples for ROM classifier training..

Data original Data augmented
Train Test Train Test

Exercise ROM class

Down (M=1) 439 109 2634 6549
E1l Incomplete down (M=2) 369 92 2214 552
Incomplete up (M=3) 530 132 3180 792
Up (M=4) 316 78 1896 468
Down (M=1) 378 04 2268 564
E2 Incomplete down (M=2) 333 83 1998 498
Incomplete up (M=3) 620 155 3720 930
Up (M=4) 452 113 2712 678
Down (M=1) 465 116 2790 696
E3 Incomplete down (M=2) 598 149 3588 894
Incomplete up (M=3) 432 107 2592 642
Up (M=4) 410 102 2460 612
Up (M=1) 369 92 2214 552
B4 Incomplete up (M=2) 728 181 4368 1086
Incomplete down (M=3) 723 180 4338 1080
Down (M=4) 240 60 1440 360
Down (M=1) 715 178 4290 1068
Ex Incomplete down (M=2) 411 102 2466 612
Incomplete up (M=3) 311 7 1866 462
Up (M=4) 252 62 1512 372
Down (M=1) 900 225 5400 1350
E6 Incomplete down (M=2) 301 75 1806 450
Incomplete up (M=3) 252 63 1512 378
Up (M=4) 220 54 1320 324
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Table 4.4: Datasets characteristics in terms of number of samples for Compensation classifier
training.

Data original Data augmented

Exercise Compensation class . .
Train Test Train Test

C1 (shoulder flexion) 903 225 5418 1350
E1 C2 (trunk extension) 659 164 3954 984
Good patterns 845 211 5070 1266
E2 C1 (shoulder abduction) 878 219 5268 1314
Good patterns 1075 268 6450 1608
C1 (trunk extension) 984 245 5904 1470
E3 C2 (elbow flexion) 734 183 4404 1098
Good patterns 841 210 5046 1260
C1 (trunk flexion) 927 231 5562 1386
E4 C2 (knees displacement) 511 127 3066 762
Good patterns 963 240 o778 1440
Es C1 (hip flexion) 800 200 4800 1200
Good patterns 571 142 3426 852
E6 C1 (hip extension) 913 228 5478 1368
Good patterns 460 115 2760 690
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4.2.4 Results

The proposed MLP classification algorithm used to evaluate motion execution showed good
performance in classifying both ROM classes and also compensatory movements.
(Classification results obtained for the ROM classifier and the compensation classifier are

reported in Table 4.5 in terms of accuracy, precision, recall, and F1-score.

Table 4.5: Classification results in terms of accuracy, precision, recall, and F1-score obtained
for the ROM classifiers and the compensation classifiers.

Model Test set ROM classifier Compensation-classifier
performance Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score
F1 Original 0.94 0.95 0.93 0.94 0.97 0.98 0.97 0.97

Augmented 0.90 0.93 0.88 0.89 0.95 0.96 0.94 0.94
F2 Original 0.85 0.85 0.85 0.85 1.00 1.00 1.00 1.00
Augmented 0.76 0.79 0.75 0.75 0.97 0.98 0.97 0.97
E3 Original 0.95 0.96 0.95 0.95 0.95 0.95 0.95 0.95
Augmented 0.93 0.94 0.93 0.93 0.90 0.91 0.90 0.90
E4 Original 0.88 0.87 0.91 0.88 0.99 0.99 0.99 0.99
Augmented 0.86 0.84 0.87 0.85 0.98 0.98 0.96 0.97
£S5 Original 0.86 0.81 0.81 0.81 1.00 1.00 1.00 1.00
Augmented 0.81 0.76 0.78 0.76 0.99 0.99 0.99 0.99
E6 Original 0.89 0.86 0.86 0.86 1.00 1.00 1.00 1.00
Augmented 0.87 0.83 0.81 0.81 0.98 0.98 0.97 0.98

Classification performances of each model over ROM-classes and compensation move-
ments categories are respectively reported in detail in Table 4.6 and Table 4.7.

To better understand each model’s performance on each exercise, incorrect samples pre-
dicted by the ROM classifiers and compensation classifiers are plotted respectively in Figure
4.4 and Figure 4.5.

4.3 Comparative analysis with related works

Providing qualitative and quantitative evaluation of rehabilitation exercises to patients is
fundamental for supporting the effective implementation of at-home rehabilitation programs.
The advances in machine learning and computer vision techniques have inspired an in-
creased interest in the automated evaluation of rehabilitation exercises. Despite the progress,
there are still open questions and numerous challenges to overcome before the broad deploy-
ment of these systems in home-based and in-clinic settings.
An innovative deep learning-based system for monitoring and assessing resistance training

exercises has been proposed in this research thesis.
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Table 4.6: Classification results in terms of accuracy, precision, recall, and F1-score obtained
for each class of the ROM classifiers.

Model ROM class Test original Test augmented
performance Precision Recall F1-score Precision Recall F1-score
Down (M=1) 0.91 0.97 0.94 0.89 0.98 0.93
E1 Incomplete down (M=2) 0.96 0.89 0.93 0.98 0.86 0.92
Incomplete up (M=3) 0.92 1.00 0.96 0.84 1.00 0.91
Up (M=4) 1.00 0.86 0.92 0.99 0.68 0.81
Down (M=1) 0.84 0.96 0.90 0.82 0.95 0.88
£2 Incomplete down (M=2) 0.76 0.73 0.75 0.72 0.63 0.67
Incomplete up (M=3) 0.84 0.87 0.86 0.68 0.87 0.77
Up (M=4) 0.95 0.82 0.88 0.93 0.54 0.68
Down (M=1) 0.94 1.00 0.97 0.92 0.96 0.94
E3 Incomplete down (M=2) 0.93 0.95 0.94 0.91 0.93 0.92
Incomplete up (M=3) 0.96 0.90 0.93 0.92 0.91 0.92
Up (M=4) 1.00 0.96 0.98 0.99 0.93 0.96
Up (M=1) 0.84 0.90 0.91 0.79 0.99 0.88
E4 Incomplete up (M=2) 0.99 0.78 0.87 0.96 0.79 0.87
Incomplete down (M=3) 0.86 0.91 0.89 0.87 0.88 0.87
Down (M=4) 0.79 0.95 0.86 0.74 0.80 0.77
Down (M=1) 0.99 0.97 0.98 0.99 0.92 0.95
E5 Incomplete down (M=2) 0.87 0.86 0.87 0.76 0.81 0.78
Incomplete up (M=3) 0.64 0.71 0.67 0.60 0.50 0.55
Up (M=4) 0.75 0.71 0.73 0.67 0.87 0.76
Down (M=1) 0.95 0.94 0.95 0.93 0.97 0.95
E6 Incomplete down (M=2) 0.74 0.81 0.78 0.79 0.72 0.76
Incomplete up (M=3) 0.86 0.76 0.86 0.83 0.63 0.71
Up (M=4) 0.88 0.93 0.90 0.76 0.91 0.83

Table 4.7: Classification results in terms of accuracy, precision, recall, and F1-score obtained
for each category of the compensation classifiers.

Model Compensation class Test original Test augmented
performance Precision Recall F1-score Precision Recall F1-score
E1l C1 0.94 1.00 0.97 0.88 1.00 0.94

C2 1.00 0.91 0.95 1.00 0.82 0.90
Good patterns 1.00 1.00 1.00 1.00 1.00 1.00
E2 C1 1.00 1.00 1.00 1.00 0.94 0.97
Good patterns 1.00 1.00 1.00 0.95 1.00 0.98
E3 C1 0.98 0.96 0.97 0.98 0.87 0.92
C2 1.00 0.88 0.94 0.95 0.87 0.91
Good patterns 0.89 1.00 0.94 0.80 0.96 0.87
E4 C1 0.98 1.00 0.99 0.94 1.00 0.97
C2 1.00 0.97 0.98 1.00 0.89 0.94
Good patterns 1.00 1.00 1.00 1.00 1.00 1.00
E5 C1) 1.00 0.99 1.00 1.00 0.99 1.00
Good patterns 0.99 1.00 1.00 0.99 1.00 0.99
E6 C1 1.00 1.00 1.00 0.97 1.00 0.99
Good patterns 1.00 1.00 1.00 1.00 0.94 0.97

The results of each stage of this method were individually evaluated: first, the ones

corresponding to the exercises ROM-class recognition and then, those results obtained during
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Figure 4.5: Incorrect classes predicted by the Compensation classifier for each exercise.

the compensation evaluation. The proposed method showed high precision to recognize both
ROM classes and compensatory movement patterns, following recent findings evidencing
the high performance of the MLP model in classification tasks applied to the movement
analysis [31, 278, 192]. Concerning its metrics, most models achieved accuracy, Fl-score,
precision, and recall above 90% when the best setup configuration is provided for the exercise
monitoring (compare the results between test original and test augmented in Table 4.5).

The results presented in Table 4.5 demonstrate that our approach achieves comparable
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performance to state-of-the-art discrete movement classification methods used for exercise
evaluation. For instance, in existing literature, certain approaches have shown high accuracy
in classifying movements into correct or erroneous execution classes [326, 271, 139].

For example, in the work by [326], the authors achieved an accuracy above 90% in
classifying error movements using a support vector machine (SVM) algorithm. Similarly,
in [271], authors used a Hidden-Markov Model approach to classify correct and incorrect
movements with an accuracy of 92%. In [139], a k-nearest neighbors classifier was applied
for exercise classification after filtering the data noise and applying dimensionality reduction,
resulting in a classification accuracy of 96%.

Some other works focus on evaluating the phase of each exercise to monitor subjects’ per-
formance in a detailed and highly accurate manner, as proposed in our study [37, 301]. In
[37], the authors achieved an overall accuracy of 87% in classifying segmented motions occur-
ring during a shoulder rehabilitation exercise. Moreover, [301] utilized multi-label classifiers
to detect subtle errors in exercise performances, achieving a sensitivity of 75%, specificity of
90%, and accuracy of 80%.

Our results demonstrate that our approach is competitive with these state-of-the-art
methods in accurately classifying exercise movements, which is crucial for effective rehabili-
tation monitoring.

The analysis reveals consistent differences in model performance across exercises. Table
4.5 shows that exercises involving more distinct motion classes achieve superior metrics in
ROM-class classification. For instance, the ROM classifiers for E1 and E3 exercises exhibit
accuracy levels above 95%, primarily attributed to the substantial variations in motion fea-
tures observed within each movement category. This finding is also supported by the models’
performance in recognizing compensatory movements, where little substantial difference ex-
ists between exercises, as shown in Table 4.7. The high accuracy in distinguishing between
correct and compensatory performances for each exercise is attributed to the markedly dis-
tinct features they exhibit. Conversely, exercises with minor differences in motion features
between movement classes show poorer classification performance. Consequently, consec-
utive ROM classes in these exercises are closer together compared to exercises with well-
distinguished motion classes [69]. A clear illustration of this can be seen in the varying
metrics of the ROM classifier for exercises E5 and E6, as presented in Table 4.6.

Moreover, the ROM classifier’s classification metrics might be negatively impacted by
partially occluded and incorrectly detected body joints, as observed in exercises E2, E5, and
E6 (Figure 4.4). To address this concern, a mean average filter with a five-frame window
was applied, effectively smoothing the data and producing more reliable results.

Additionally, the system demonstrates remarkable generalizability across various condi-
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tions, successfully simulating patients placed at different angles and distances in front of the
camera. Nevertheless, to ensure precise evaluations of exercises E2, E5, and E6, which dis-
played decreased performance in the augmented dataset compared to the optimal condition,
fine-tuning the patient’s configuration in front of the camera becomes critical. This setup
will significantly improve result reliability when assessing these specific exercises.

The proposed system presents two major advantages for future applications: one from
the technical side and the other from the side of the exercise assessment.

The used 2D pose estimation network is an accurate model that runs well on hardware
accelerators supported by TensorFlow Lite, including CPU and GPU. MoveNet is a model
deployable on edge device running in real-time (30+ FPS) on most modern desktops, laptops,
and phones, which proves crucial for live fitness, sports, and health applications. Also,
the MLP model introduced for movement classification is easier to develop, not requiring
preliminarily feature engineering like the other machine learning methods, and to adopt in
smart assistant applications due to its relatively low computational costs. All mentioned
characteristics make the proposed deep learning pose estimation and classification approach
very useful to develop low-cost and smart applications for healthcare purposes such as the
monitoring and assessment of rehabilitation exercises in home-based settings.

The other relevant aspect of the proposed methods is related to their applicability in
clinical practice. The proposed method can promptly provide feedback regarding an indi-
vidual’s performance during exercise, simulating the routine activities of a rehabilitation
expert. While a patient is performing a rehabilitation exercise, the data captured by the
camera will be processed by the pose estimation algorithm to extract landmark features that
are fed into a movement classification engine frame-by-frame for a detailed motion analysis
based on predefined evaluation rules. The model trained to recognize correct concentric
and eccentric key poses may be used to extract individual repetitions from a continuous
motion sequence of an exercise to evaluate them in terms of completely or incompletely
executed repetitions. Furthermore, the classifiers that recognize compensatory poses may
provide real-time feedback with much more specific information regarding exactly how the
motion deviates from the correct execution and quantify the quality of the overall exercise
performance by analyzing the pose validity at each frame level. At last, the proposed ap-
proach avoids privacy issues related to clinical practice [56]. The pose estimation module
elaborates only landmarks features from monocular RGB images for motion analysis [43].
This characteristic makes the approach highly robust for preserving subjects’ privacy in their
environment during decentralized rehabilitation treatments.

Before testing the presented approach in a relevant clinical application, future studies

are required to investigate the performance of the proposed technique deployed on a proto-
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type system that provides real-time evaluation of resistance training rehabilitation exercises.
Further, setup configurations of the patient in front of the camera should be considered
necessary for correctly monitoring and assessing in-home rehabilitation exercises in future
validation studies. Moreover, also the efficiency and user-friendliness of this type of system

also should be discussed as crucial research topics in the next studies.
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Chapter 5

Advancing activity recognition in health-
care: addressing fairness and robust-

ness challenges

5.1 Bias and generalizability issues

Fairness in the research community is a recently established area of machine learning that
studies how to ensure that biases in the data and model inaccuracies do not lead to models
that treat individuals unfavorably based on characteristics such as e.g. race, gender, disabili-
ties, and sexual or political orientation [236, 81]. The integration of explanations, enabled by
explainable Al offers a pathway to strengthen trust in Al-driven decision-making processes
[13].

The pivotal relationship between transparency, explanation, and fairness in Al decisions
is paramount for future development. Prioritizing both user trust and perceived fairness is
vital for the responsible use of Al systems, an aspect that has been frequently overlooked in
the recent past. Fairness significantly affects user trust, particularly when fairness levels are
lower, resulting in diminished trust.

Researchers and practitioners are showing an increasing interest in algorithmic fairness,
proposing solutions for many different tasks [207, 46, 251]. These works typically focus
on describing and classifying important measures of algorithmic fairness and methods to
enhance it. Advances in applications like deep face recognition, loan and credit assessment,
and product recommendation systems have emphasized the crucial importance of assessing
datasets for potential biases [314]. Studies have highlighted that biases can manifest in

various forms, including social, measurement, representation, label, algorithmic, evaluation,
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deployment, and feedback bias in the underlying datasets [314].

Recent research endeavors have prioritized the mitigation of representation bias to foster
the development of fair and equitable machine learning models [141]. This undertaking
entailed curating a balanced dataset encompassing diverse age groups, genders, and ethnic
backgrounds, drawing from various freely available sources and public image datasets.

In the domain of activity recognition, prior research has predominantly delved into dy-
namic inductive biases, encompassing factors such as sensor types, positions, segment sizes,
and preprocessing techniques [113]. However, the bias introduced by the selection of sub-
jects for activity recognition has received less attention. Recent studies in gait activity-based
person re-identification have emphasized the distinctive nature of each individual’s motion
behavior [11]. Various physical characteristics also play a significant role in influencing hu-
man motion, as discussed in other literature [264, 337, 225].

Koskimaki et al. investigated bias avoidance in classification algorithms using a dataset
of 10 subjects [150]. Similarly, Alam et al. proposed mitigating bias in motion features for
activity recognition systems targeting older adults [10]. Lai et al. explored bias in human
action recognition using 17 subjects from the UP-Fall Detection Dataset [163]. Braganca
et al. examined potential bias issues using the SHOAIB and WISDM datasets [35]. These
studies collectively highlight the importance of addressing bias and individual differences in
developing fair and effective activity recognition systems.

Understanding and addressing differences in motion features between healthy and im-
paired subjects is crucial for developing accurate and fair activity recognition systems in
healthcare. Researchers aim to create robust models that provide reliable and equitable
healthcare solutions by focusing on these factors [186, 84]. Recent studies have explored the
notion of subject similarity to weight training data, prioritizing data analogous to the user
being tested [84]. These studies assess personalization models based on user similarity in
physical attributes and signal patterns. Using metrics such as euclidean distance between
feature vectors of subjects based demographics researchers have visualized multidimensional
scaling over physical characteristics [83].

Overall, it is crucial to acknowledge that motion behavior is significantly influenced by
the health conditions of subjects. Previous research has not sufficiently addressed the need
for solutions that can mitigate bias stemming from differences in disability and impairment
characteristics among subjects in healthcare-related activity recognition systems.

This thesis presents two distinct strategies for promoting fairness in activity recognition
systems for healthcare applications. The first strategy focuses on evaluating subject-specific
characteristics that influence model bias, aiming to reduce bias during data preparation and

model training. The second strategy proposes innovative model architectures designed to
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mitigate performance disparities and enhance cross-subject resilience of activity recognition
systems.

In the Section 5.2 is evaluated the influence of subjects’ physical and demographic char-
acteristics on training different deep learning architectures used in activity recognition tasks.
An existing published dataset containing information on subjects’ health status (patients or
healthy individuals), demographics (age and gender), and health-related attributes (such as
wheelchair usage and affected body side due to physical impairments) is utilized to examine
the impact of these factors on activity recognition. The investigation focuses on assess-
ing how disability characteristics and demographic attributes influence activity classification
performance, considering dataset bias in classifier models within the rehabilitation domain.

In Section 5.3, a novel approach is explored to enhance cross-subject resilience in ac-
tivity recognition systems, specifically addressing the variability in motion behavior caused
by diverse health conditions. To achieve this, a multiscale feature learning technique is em-
ployed, following recent evidence that highlights the importance of capturing both short- and
long-term motion patterns [79]. This approach aims to allow the system to better accommo-
date the wide range of individual differences in motion behavior, ensuring more robust and

accurate activity recognition across various health conditions.

5.2 Evaluating bias in human motion data

5.2.1 Dataset

In the healthcare domain, datasets used for activity recognition often lack sufficient subject
numbers and comprehensive annotations on demographic and health-related characteristics.
For instance, Vakanski et al. presented the UI-PRMD dataset, which includes 10 healthy
subjects with annotations limited to demographic data [313]. Similarly, Antunes et al. in-
troduced the AHA-3D dataset, consisting of 21 healthy subjects annotated solely for age
attributes, without information on other characteristics such as physical impairments [14].
Notably, physical and health-related attributes can significantly influence motion, as evi-
denced by recent studies [11, 264].

While advancements have been made, such as the dataset by Capecci et al., which includes
44 healthy and 34 patient subjects with demographic annotations, further annotations on
health-related characteristics are often lacking [44]. The Toronto Rehab Stroke Posture
Detection Dataset (TRSPD) stands out as one of the few datasets providing annotations on
clinical and disability features of patient subjects, including details on affected body parts

and mobility status [74]. Despite its strengths, the TRSPD has a smaller patient cohort when
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compared with the IRDS Dataset 3.1.2, which provides comprehensive annotations covering
demographics, disability status, and affected body parts. Thus, the IRDS dataset emerged
as the most suitable free and open resource available, offering comprehensive annotations
covering demographic characteristics, disability status, and affected body parts.

The IRDS dataset encompasses patients with diverse pathological conditions, including
stroke and spinal cord injury, making it a valuable resource for improving the monitoring
and assistance of upper limb rehabilitation across various populations, including those with
neurological and musculoskeletal disorders.

The selected subset consists of repetitions of shoulder movements performed by 28 sub-
jects, comprising 14 patients and 14 healthy controls. Recordings pertaining to patient ID
205 were omitted from the analysis as they comprised only a single correct repetition for one
of the exercises. The dataset provides 3D coordinates of 25 body joints and corresponding
depth maps for each frame, recorded using a Microsoft Kinect One sensor at 30 frames per
second. Each movement is annotated with exercise type (such as shoulder flexion right (SFR),
shoulder flexion left (SFL), shoulder abduction right (SAR), shoulder abduction left (SAL),
shoulder forward elevation (SFE)), the correctness of pattern motion (correct or incorrect),
the subject’s demographics (gender and age), and subject’s health-related characteristics
(including wheelchair usage, and the body side affected by physical impairment).

Table 5.1 provides information about age and gender attributes. Additionally, Table 5.2
outlines details about physical disabilities and impairments among patient subjects.

There is a notable trend wherein incorrect gestures tend to be longer than the correct
ones, likely due to patients either struggling to perform the gesture or taking longer to
prepare for it. As illustrated in Figure 5.1, most incorrect gestures exhibit significantly
longer durations compared to correct executions, with exercises SFL and SFR particularly
notable in this regard.

Given the various physical limitations of patients, not all of them completed the same
number of exercise repetitions (sequences); a disparity was also observed among the controls
due to differing availability times. Each subject attempted to perform gestures a certain
number of times, with these repetitions labeled as correct or incorrect. Figures 5.2 and 5.3
respectively depict the distribution of the number of correct and incorrect repetitions for
each exercise, while Figure 5.4 illustrates the contrast in distribution between correct and
incorrect repetitions among healthy and patient subjects across each exercise.

Training data were curated following a measure of heterogeneity. Heterogeneity measure,
a statistical concept, denotes the non-uniform distribution of qualities within a dataset.
Consequently, the curated training set utilized for neural network training will encompass

various degrees of heterogeneity based on the health, physical, and demographic attributes
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Table 5.1: Demographic frequencies in the selected IRDS subset.

Healthy Patients
Gender N 1D N 1D
101-103-106- ggiggiggg
Male 7 :138;—301—302— 11 910-212-213
214-216
102-104-105-
Female 7 303-304-306- 3  206-211-215
307
Age Healthy Patients
N ID N ID
103-105-106-
107-301-302-
<30 11 203-304-305- 3 203-209-214
306-307
30-39 3  101-102-104 3  206-215-216
201-202-207-
40-59 0 nfa 0 911212213
>60 0 n/a 2 204-210

Table 5.2: Distribution of wheelchair disability and physical impairment side among patients
in the selected IRDS subset.

. - Patients
Disability N 1D
Wheelchair 7 201-203-209-210-212-215-216
No wheelchair 7 202-204-206-207-211-213-214
Impairment side Patients

N ID

Right 5  206-207-209-213-215
Left 2 202-211
Bilateral 2 210-212
Lower limbs 2 201-203
n/r 3 204-214-216

of the subjects. The hypothesis is that classifier performance will vary when trained with
data from differing levels of heterogeneity. Moreover, as the heterogeneity of physical charac-
teristics among subjects increases within a given training set, the activity classifier model’s
performance will improve when tested on an unfamiliar set of subjects with diverse physical
attributes.

To test the hypothesis, various training subsets were curated based on measures of het-
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Figure 5.1: Distribution of exercise duration, measured in frames, within correct and incor-
rect motion classes.
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Figure 5.2: Distribution of correct and incorrect repetitions for each exercise.

erogeneity.

An initial assessment was conducted to evaluate how demographic attributes, such as
gender and age, influence model biases during training across subjects. For this purpose, 12
subjects (6 healthy and 6 patients) were included in the training set, while the remaining 14
subjects were designated for testing. The diversity within the training sample is characterized
by unique identifiers based on distinct demographic characteristics, as shown in Table 5.3.

Following this, an investigation was conducted into how disabilities related to wheelchair
use and physical impairments among patients influence model biases during training. Conse-
quently, 8 patient subjects were included in the training set, while the remaining 6 subjects

were allocated for testing. The diversity within the training sample is detailed in Table 5.4.
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Figure 5.3: Duration of correct sequences, measured in frames, categorized by subject type
across diverse rehabilitation exercises.
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Figure 5.4: Duration of incorrect sequences, measured in frames, categorized by subject type
across diverse rehabilitation exercises.

Table 5.3: Description of the heterogeneity introduced in training data subsets considering
demographic attributes of healthy and patient subjects.

Group Heterogeneity
Healthy and patient subjects exhibit
discrepancies across all demographic attributes.
Healthy and patient subjects have
2a identical demographic characteristics
(balanced for age and gender).
Healthy and patient subjects have the same
2b characteristics for one demographic attribute
(age balanced)
Healthy and patient subjects have the same
2c characteristics for one demographic attribute
(gender balanced).

1
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Table 5.4: Description of the heterogeneity introduced in training data subsets considering
disability (wheelchair usage or not) and physical impairment characteristics (impairment on
the right side, impairment on the left side, bilateral impairment, and impairment involving
only lower limbs).

Group Heterogeneity

Patient subjects have identical disability
characteristics (balanced for disability).

Patient subjects have variations across disability
3b characteristics, with discrepancies observed in the
wheelchair usage (unbalanced for disability).
Patient subjects have identical body impairment

3a

4 L . . .
A characteristics (balanced for impairment side).
Patient subjects have variations across body
i impairment characteristics, with discrepancies

observed in the side of impairment
(unbalanced for impairment side).

For instance, groups designated as ‘2a’, ‘3a’, and ‘4a’ indicate a lack of heterogeneity
within the selected training set, where all subjects share identical characteristic values. Con-
versely, ‘17, ‘3b’, and ‘4b’ signify a heterogeneous training set, where each subject possesses
distinct characteristics. The groups identified as ‘3b’ and ‘4b’ can be viewed as comprising
various subgroups depending on the distribution of characteristics within each subset. For
instance, in ‘3b’, it can be observed whether patients who use wheelchairs due to disabilities
have higher or lower frequencies compared to patients who do not use wheelchairs. Likewise,
the same analysis can be considered for the distribution of impairment sides within ‘4b’.

To mitigate selection bias, subjects for the training sample were randomly selected, con-
sidering the experiment’s heterogeneity. Consequently, experiments were conducted on the
maximum number of feasible training sample sets within the dataset. This process yielded
five different experiments for each heterogeneity group, employing a 5-fold cross-validation

for each model training.

5.2.2 Algorithms

Deep learning techniques to analyze multi-channel time series data were used for human
activity recognition [157]. Unlike traditional classifier models that rely on manually engi-
neered features, neural network architectures autonomously extract relevant features from
input data prior to the classification stage during supervised learning.

A set of neural network architectures tailored for activity recognition was employed,

including temporal convolutional neural networks (tCNN), hybrid Long Short-Term Mem-

108



CHAPTER 5. ADVANCING ACTIVITY RECOGNITION IN HEALTHCARE:
ADDRESSING FAIRNESS AND ROBUSTNESS CHALLENGES

ory (LSTM) networks such as CNN-LSTM and Convolutional LSTM (ConvLSTM), and
Transformer models. Each of these architectures offers distinct advantages and has been

extensively studied in the research literature for human activity recognition tasks.

Temporal CNN model

In sequence modeling tasks, a variation on CNN called a temporal convolutional neural
network (tCNN) was used in the study [20]. tCNN has a memory significantly longer than
recurrent architectures with the same capacity. Likewise, in different sequence modeling
tasks, tCNN achieves better results than RNN, LSTM, since tCNN is parallel, adaptable in
terms of receptive field size, stability of gradients, low memory requirements during training,
and acceptability of inputs of varying lengths. The tCNN, designed to process temporal
sequences effectively, operates convolutional operations across both spatial and temporal
dimensions, showcasing promising results in capturing temporal dependencies and extracting

discriminative features from time-series data [168, 183].
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Figure 5.5: Architecture of tCNN Model.

The tCNN architecture utilized is schematically presented in Figure 5.5. The tCNN com-
prises a structured input layer that receives data representing 3D joint coordinates over time
steps. Through six CNN layers with batch normalization, essential features are extracted,
while dropout layers mitigate overfitting. A flattened layer prepares the data for 4 fully
connected layers, where features are refined using ReLLU activation and L2 regularization to
bolster model robustness. Finally, the softmax activation in the output layer ensures precise

activity classification predictions.
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Hybrid LSTM models

LSTM is a type of recurrent neural network (RNN) architecture designed to overcome the
vanishing gradient problem in traditional RNNs. It consists of memory cells with self-
connections called ‘gates’ that regulate the flow of information, allowing it to remember
information over long sequences. LSTM is well-suited for sequential data modeling tasks
where long-range dependencies are important, such as natural language processing, speech

recognition, and time series prediction.

CNN-LSTM

CNN-LSTM combines convolutional layers with LSTM layers. The CNN layers are typically
used for feature extraction from input sequences, capturing spatial patterns if the input data
has a spatial structure (e.g., images, sensor data). The LSTM layers are then used to capture
temporal dependencies in the extracted features. CNN-LSTM architectures are commonly
used for tasks involving spatio-temporal data, such as video classification, action recognition,
and weather forecasting[289, 73].

The CNN-LSTM architecture employed is presented in Figure 5.6.
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Figure 5.6: Architecture of CNN-LSTM Model.

The input layer applies a 1D convolution operation (ConvlD) with 64 filters and a kernel
size of 3, followed by ReLU activation. Two subsequent convolutional layers maintain the
same configuration. A dropout layer with a rate of 0.5 is inserted after the second con-
volutional layer to mitigate overfitting. Max pooling with a pool size of 2 is then used to

downsample the features. The output of the convolutional layers is flattened to a vector
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format for input into the subsequent LSTM layer. The LSTM layer, comprising 100 units,
processes the sequential data, capturing temporal dependencies and patterns. A dropout
layer with a dropout rate of 0.5 follows the LSTM layer to further prevent overfitting. Two
dense fully connected layers follow the LSTM layer. The first dense layer consists of 100 units
with ReLU activation, aiding in feature extraction and nonlinear mapping. The second dense

layer utilizes softmax activation, generating final output probabilities for each class.

2]

1, Dilation rate

(1, 3), Strides
Flatten Layer
Dense Layer + RelLu

Input Layer (105, 75)
ConvLSTM2D Layer + ReLu
Output Layer Softmax

64, Kernel size

| (Filters

Figure 5.7: Architecture of ConvLSTM Model.

Convolutional LSTM

ConvLLSTM is a variant of LSTM that incorporates convolutional operations within the
LSTM units. In ConvLSTM, the input-to-state and state-to-state transitions are convolu-
tions rather than fully connected operations. This allows the model to learn spatial-temporal
patterns directly from sequential data, without the need for separate CNN layers. ConvL-
STM is particularly useful for tasks where both spatial and temporal dependencies are im-
portant and can be learned jointly, such as video prediction, precipitation nowcasting, and
spatiotemporal anomaly detection [289].

The ConvLSTM architecture utilized in comprises an initial 2D ConvLSTM layer with
ReLU activation. This layer processes spatio-temporal data defined by the number of time
steps in the sequence, the length of each sequence, and the number of features in each
time step. To mitigate overfitting, a dropout layer with a rate of 0.5 is incorporated. The
output of the ConvLSTM layer is then flattened into a 1D array. Following this, two dense
(fully connected) layers are added. The first dense layer consists of 100 units with ReLU
activation, aiding in feature extraction and nonlinear mapping. Finally, the second dense

layer employs softmax activation to generate final output probabilities for each class. The
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overall architecture of ConvLSTM model is presented in Figure 5.7.

Conv1D +RelLu

Layer Normalization
Filters shape (4,1, 1)
Layer Normalization
Dense Layer +RelLu

Input Layer (105, 75)

ConviD +RelLu
Filters shape (4,1, 1)
Output Layer Softmax (10)

x4 Times

Figure 5.8: Architecture of Transformer model.

Transformer model

Originally developed for natural language processing tasks, Transformer models have been
adapted for sequence modeling across different domains. By leveraging self-attention mech-
anisms, Transformers efficiently capture long-range dependencies in sequential data without
relying on recurrent connections. Their effectiveness in processing sequential data has shown
promising results in tasks such as activity recognition [285].

The Transformer architecture follows an encoder-decoder paradigm. The encoder extracts
features from input sequences, while the decoder utilizes these features to generate output
sequences. Each encoder block employs self-attention to enhance tokens with contextual
information. Additionally, positional encoding is injected into each embedding, enabling the
model to understand the input sequence’s positional information without redundancy. The
Transformer architecture processes input data without recurrence or convolution, making it
versatile for handling various types of sequential data.

The utilized Transformer model consists of an encoder layer featuring 4 attention heads,
along with a position-wise feed-forward network and two residual connections, each com-
plemented by Layer Normalization. The feed-forward network incorporates convolutional
layers with ReLLU activation functions, enhancing the model’s ability to capture non-linear

relationships within the data. Subsequently, an MLP with two Dense layers, each with 128
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dimensions and ReLLU activation, is applied, incorporating a dropout rate of 0.4 to improve
generalization. Finally, a Softmax Dense Layer performs classification across the activity
classes, addressing the exercise classification task.

The overall Transformer architecture is visually summarized in Figure 5.8.

5.2.3 Experimental design

Experiments were carried out using the previously described training subsets, which were
designed to incorporate diverse heterogeneity within each group under consideration. Multi-
class classifications were performed using tCNN, CNN-LSTM, ConvLSTM, and Transformer
models across each of the 5 folds, ensuring consistency with the established heterogeneity
groups. This cross-validation approach aims to yield more accurate results, particularly
given the limited size of the training subsets generated. The model was trained on the 10
classes representing both correct and incorrect exercise actions, as outlined in Table 5.5.

The multi-channel time series data comprises 3D raw coordinates (x, y, z) of 25 body
joints recorded by the Kinect sensor, resulting in a set of 75 features utilized for training
each deep learning model. The input tensor for the time-series deep learning model includes
three main dimensions: the number of samples, the length of the sequence to be processed,
and the number of features. Data pre-processing was executed to adjust input data in align-
ment with the architecture type specified in Table 5.6. Different batch sizes were employed
during training on datasets comprising both healthy and patient subjects, as well as datasets
containing only patient subjects. This discrepancy in batch size stems from the disparity in
the number of samples, which is lower when considering only patients.

To address the issue of imbalance in exercise activity classes, a Naive Bayesian method
was applied to model the weight of each class in the classification [136]. This technique helps
mitigate the effects of class imbalance, ensuring more robust and accurate predictions.

Given the diverse repetition lengths observed between correct and incorrect motion pat-
terns among both patients and healthy subjects, as shown in Figures 5.3 and 5.4, multiple
pre-model evaluations were conducted using varying sequence lengths to identify the optimal
configuration. The best results were achieved using the mean sequence length of patients,
consisting of 105 frames. Therefore, a sequence length of 105 frames was selected for the
experimental analysis. Moreover, a time series length normalization technique was imple-
mented using the zero pre-padding method. Zero padding is a widely used approach for
pre-processing time series data with varying lengths. This method was chosen based on
recent research indicating its superior performance compared to other methods [129]. The

rationale behind zero pre-padding is that the zeros introduced should be disregarded by the
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Table 5.5: Classes of correct and incorrect exercise actions used to train the activity recog-
nition model.

Class (N) Exercise action
SFL performed following the correct

0 pattern of motion.

1 SFL performed following an incorrect
pattern of motion.

9 SFR performed following the correct
pattern of motion.

3 SFR performed following an incorrect
pattern of motion.

4 SAL performed following the correct
pattern of motion.

5 SAL performed following an incorrect
pattern of motion.

6 SAR performed following the correct
pattern of motion.

7 SAR performed following an incorrect
pattern of motion.

3 SFE performed following the correct
pattern of motion.

9 SFE performed following an incorrect

pattern of motion.

Table 5.6: Experimental parameters used for models training.

Parameter tCININ CNN-LSTM ConvLSTM Transformer
Input dimension nx 105 x 75 nx 105 x 75 nx 105 x 75 nx 105 x 75
Batch size 32-8 32-16 32-16 32-16
Optimization algorithm Adam Adam Adam Adam
Learning rate 121074 12107 121074 121074

Loss function Categorical cross-entropy Categorical cross-entropy Categorical cross-entropy Categorical cross-entropy
Class weight balancing Naive Beyesian Naive Beyesian Naive Beyesian Naive Beyesian
Epochs 100 100 100 100

Patience (epochs) True (10) True (10) True (10) True (10)

model’s weights during training.
The Keras Python library was used to develop and train deep learning architectures for

activity recognition tasks. To ensure consistency in experimentation, a fixed seed was applied
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for neural network initialization.

The entire pipeline of the experimental study is simply summarized in Figure 5.9.
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Figure 5.9: Experimental pipeline.
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Note. i) Eight training subsets were extracted from the IRDS dataset, which was specifically
curated to encompass demographic, disability, and impairment characteristics of subjects.
This curation was performed to assess their influence on the activity recognition algorithm.
Cross-validation using five folds was employed for the experimental analysis. ii) State-of-
the-art architectures designed for processing multi-channel time series data were carefully
selected. These included tCNN, CNN-LSTM, ConvLSTM, and Transformer models. These
architectures were chosen to classify ten classes of exercise activities, distinguishing between
correct and incorrect execution. iii) Cross-validation approach was utilized to evaluate the
performance of each model. This evaluation was conducted using the remaining subjects
in the test sets, ensuring robustness and generalization of the models’ performance across
diverse datasets.

K-fold cross-validation was applied to evaluate the models, generating five folds for each
training set. Recordings from different subjects were used for both training and test sets to
ensure a comprehensive assessment of the model’s generalizability. A stratified method was
employed to split the training and validation sets.

The categorical cross-entropy loss function was selected for the classification task, while
the general model performance was evaluated using the categorical accuracy metric.

To further assess classification performance, a set of metrics designed for multi-class

problems was employed, including Precision, Recall, and F1 score [118].
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5.2.4 Bias analysis
Demographic bias

The performances of models trained on the various curated training subsets ‘1°, ‘2a’, ‘2b’,
‘2¢’, following heterogeneity measures in demographic attributes, are summarized in Table

5.7.

Table 5.7: Performance metrics, including mean accuracy, precision, and recall, of models
trained while considering the influence of demographic attributes.

Group Train size Metrics tCNN CNN-LSTM ConvLSTM Transformer
(N. Sequences)
Accuracy 0.68 0.88 0.80 0.77
1 663 Precision 0.69 0.88 0.80 0.79
Recall 0.67 0.87 0.79 0.77
Accuracy 0.69 0.70 0.65 0.73
2a 589 Precision 0.71 0.70 0.66 0.75
Recall 0.67 0.70 0.65 0.72
Accuracy 0.67 0.69 0.65 0.71
2b 595 Precision 0.69 0.70 0.67 0.73
Recall 0.65 0.68 0.64 0.69
Accuracy 0.67 0.77 0,67 0.64
2c 606 Precision 0.69 0.77 0.69 0.65
Recall 0.65 0.76 0.66 0.62

Figure 5.10 illustrates the trends of inductive demographic attribute influence on model
performance by displaying the mean and standard deviation of accuracy and F'1-score metrics
across each train subset group.

Looking at the data provided in Table 5.7, it can be observed several trends in the per-
formance metrics across different groups. There appear to be discernible differences in per-
formance metrics across various training set groups considering the demographic attributes
of subjects (see Figure 5.10).

In group ‘1’, characterized by maximal variability in age and gender among healthy and
patient subjects, all models exhibit relatively high-performance metrics. Moving to group
‘2a’, where patients and healthy subjects share identical age and gender attributes, all models
demonstrate moderate performance metrics. Accuracy, precision, and recall hover around
similar values across models. Similarly, in group ‘2b’, where subjects are balanced solely
for age attributes, all models exhibit moderate performance metrics, although slightly lower
than group ‘2a’. Group ‘2¢’, where patients and healthy subjects are balanced for gender
attributes, echoes similar trends.

Overall, the results suggests that while CNN-LSTM consistently demonstrates strong
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performance across all groups, the performance of other models may vary depending on the
specific characteristics of the dataset, particularly regarding age and gender variability among
healthy and patient subjects. Additionally, the results indicate that demographic bias may
have a varying impact on model performance, with certain models exhibiting better resilience
in handling such biases than others.

Age and gender can influence the way individuals perform various activities, including
motion-based tasks [293, 75]. For example, older individuals may exhibit different movement
patterns compared to younger ones due to factors such as muscle strength, flexibility, and
balance changes associated with aging. Similarly, differences in anatomy, physiology, and
societal roles between genders can lead to variations in motion characteristics.

When training an activity recognition model on a dataset that reflects a wide range of
ages and genders, the model learns to recognize and accommodate these subtle differences
in motion patterns. This exposure to diverse demographic characteristics helps the model
generalize better to new, unseen subjects because it has learned to identify and adapt to the
variability present in the population.

On the other hand, if the training dataset predominantly consists of subjects from a
narrow age range or a single gender group, the model may become biased towards the specific
characteristics of that group. As a result, when faced with unseen subjects from different
age groups or genders, the model may struggle to accurately recognize their activities due

to its limited exposure to the diverse range of motion patterns present in the population.
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In essence, training models on datasets with heterogeneous distributions of age and gender
attributes allows them to better capture the full spectrum of motion characteristics present
in the real world, leading to improved generalization performance on unseen subjects. Con-
versely, training on datasets with homogeneous age and gender distributions may result in
poorer generalization due to the model’s limited ability to adapt to diverse demographic
characteristics.

To address the challenges posed by demographic bias, future research should focus on
strategies tailored to mitigate the impact of age and gender variability.

Central to this effort is the creation of datasets that comprehensively capture a diverse
spectrum of age and gender demographics. Ensuring representation from various population
groups in these datasets is crucial as it enables the training of models on data that closely
mirrors real-world demographics. This approach not only enhances model generalizability

but also serves to mitigate bias inherent in training data.

Disability bias

The summary of findings evaluating the impact of disability and physical impairment at-

tribute bias on model performance is presented in Table 5.8.

Table 5.8: Performance metrics, including mean accuracy, precision, and recall, of models
trained while considering the influence of disability and physical impairment bias.

Group . RAMSIZe ppeprics tCNN  CNN-LSTM  ConvLSTM  Transformer
(N. Sequences)
Accuracy 0.30 0.32 0.22 0.30
3a 353 Precision 0.31 0.33 0.22 0.31
Recall 0.26 0.32 0.21 0.28
Accuracy 0.37 0.51 0.36 0.44
3b 303 Precision 0.39 0.51 0.37 0.45
Recall 0.35 0.50 0.35 0.41
Accuracy 0.40 0.44 0.31 0.46
4a 333 Precision 0.43 0.45 0.32 0.48
Recall 0.34 0.43 0.30 0.39
Accuracy 043 0.43 0.44 0.48
4b 321 Precision 0.44 0.43 0.45 0.50
Recall 0.37 0.42 0.43 0.45

Trends regarding the influence of inductive disability and physical impairment bias on
model performance are illustrated in Figure5.11, which also depicts the mean and standard
deviation values.

The data presented in Table 5.8 reveals notable trends in performance metrics across

different groups and models. There appear to be discernible differences in performance
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Note. The figure shows mean and standard deviation statistics of accuracy and F1-score
metrics across each train subset group, curated to account for disability and physical im-
pairment bias among patient subjects.
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metrics across various training set groups considering disability and physical impairment
characteristics of patient subjects, as shown in Figure 5.11.

Group ‘3a’ consistently displays lower performance metrics compared to other groups.
Models trained in this group tend to exhibit the lowest accuracy, precision, and recall among
all architectures. This group involves matching subjects with disabilities, particularly those
in wheelchairs, with subjects without wheelchair usage. The presence of this specific uni-
formity in disability attribute process likely impacts the performance metrics within this
group. In contrast, models trained on group ‘3b’ show moderate to high accuracy, precision,
and recall. This group consists of subjects not balanced for disability, resulting in varying
frequencies of disabilities within the dataset. This variability may introduce additional het-
erogeneity, positively affecting model performance. Similarly, models trained on group ‘4a’
demonstrate moderate to high accuracy, precision, and recall. This group involves match-
ing subjects for physical impairment, ensuring an equal number of subjects for each type
of impairment. By balancing the representation of different types of physical impairments,
this matching process aims to mitigate bias and variability within the dataset. Group ‘4b’
presents the highest variability in frequency for each subgroup of physical impairment, re-
sulting in a diverse and heterogeneous dataset. Models trained on this group may exhibit
variable performance metrics, with accuracy, precision, and recall contingent upon the spe-
cific characteristics and frequencies of physical impairments represented in the dataset.

Disability and physical impairment can significantly affect an individual’s motion patterns
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due to various factors such as limited mobility, altered biomechanics, and compensatory
movements [316]. For instance, individuals with mobility impairments may exhibit different
gait patterns or have difficulties performing certain movements compared to those without
impairments. Similarly, individuals with conditions like arthritis or joint stiffness may have
restricted range of motion, affecting their movement capabilities.

These attributes can influence model learning in activity recognition algorithms in several
ways. Firstly, if the training dataset includes diverse samples encompassing individuals with
disabilities and physical impairments, the model can learn to recognize and accommodate
the unique motion patterns associated with these conditions. This exposure helps the model
generalize better to unseen individuals with similar attributes, thus improving its overall
performance.

Conversely, if the training dataset lacks sufficient representation of individuals with dis-
abilities or physical impairments, the model may struggle to accurately recognize their move-
ments. This can lead to biases and inaccuracies in activity recognition, particularly when
the model encounters unseen individuals with such attributes.

In essence, prioritizing the curation of datasets that encompass a wide range of physical
characteristics and health-related attributes, throughout both dataset creation and model
training stages of activity recognition algorithms, represents a pivotal step towards advancing
the creation of more equitable and unbiased systems for monitoring and evaluating patient
motion.

It is crucial to recognize that physical and health-related attributes influence motion
in subtle yet significant ways. Understanding and studying these attributes is inherently
complex, yet imperative in ensuring accurate and inclusive motion monitoring systems.

In future research endeavors, it is essential to acknowledge that health-related character-
istics impact motion and model learning dynamics profoundly. Therefore, datasets should
encompass comprehensive annotations of patients’ health-related attributes, extending be-
yond demographics. By incorporating detailed information about health conditions, disabil-
ities, impairments, and other relevant factors, researchers can more accurately analyze the
relationship between these attributes and motion patterns, enabling a deeper understanding

of their impact on activity recognition systems.
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5.3 Enhancing cross-subject algorithm robustness

5.3.1 Dataset

Analysys were perfomed on the IRDS dataset containing nine rehabilitation exercises (de-

tailed in Table 5.9) performed by healthy and patient subjects.

Table 5.9: Description of rehabilitation activities.

Label Exercise Name Description
0 Elbow Flexion Left (EFL) Flexion and extension movement of left elbow.
1 Elbow Flexion Right (EFR) Flexion and extension movement of right elbow .

Flexion and extension movement of left shoulder
while keeping the arm straight in front of the body.
Flexion and extension movement of right shoulder
while keeping the arm straight in front of the body.
The left arm is raised away from the side of the body
while keeping the arm straight.

The right arm is raised away from the side of the
body while keeping the arm straight.

With hands clap together, the arms are kept straight
and raised above the head, keeping the elbows straight.
The left leg is moved laterally and then returned to
its original position while maintaining balance.

The left leg is moved laterally and then returned to
its original position while maintaining balance.

2 Shoulder Flexion Left (SFL)

3 Shoulder Flexion Right (SFR)

4 Shoulder Abduction Left (SAL)

5 Shoulder Abduction Right (SAR)
6 Shoulder Forward Elevation (SFE)
7 Side Tap Left (STL)

8 Side Tap Right (STR)

Exercises performed by 22 of the 29 subjects were taking into account for the analysis,
as only these participants comprised in the IRDS dataset completed all the exercises.

The demographic characteristics of the subjects are detailed in Table 5.10 for healthy
subjects and in Table 5.11 for patients.

Due to the real-world collection of the data, there is considerable variability in the motion
data. Figure 5.12 shows that motion duration vary significantly among the different exercises,
influenced by both inter-subject and intra-subject variability. This variability arises from
differences in health conditions and intrinsic motion patterns. Variability is observed both
within the same movement repeated by the same subject multiple times, referred to as
within-subject variability, and between different subjects performing the same movement,
known as between-subject variability. An example of within-subject variability is illustrated
in left side of Figure 5.13, which plots the x-axis data of the right wrist of a healthy subject
performing exercise SAR correctly while standing. This figure demonstrates variations not
only in the length (number of frames) but also in the positional values (coordinates) of the

data. Meanwhile, in the right side of Figure 5.13 illustrates an example of between-subject
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Table 5.10: Demographic characteristics of healthy subjects.

Person ID Age-Group Sex

101 30-39 male
102 30-39 female
103 2029 male
104 30-39 female
105 20-29 female
106 2029 male
107 2029 male
301 2029 male
302 2029 male
303 20-29 female
304 20-29 female
305 20-29 male
306 2029 female
307 2029 female

Table 5.11: Demographic characteristics of patient subjects.

Patient ID Age-Group Sex

204 60+ male
206 30-39 female
211 50-59 female
212 40-49 male
213 50-59 male
214 20-29 male
215 30-39 female
216 30-39 male

variability, where five subjects performed the exercise SAR correctly multiple times, revealing

significant differences in how each subject executes the exercise.

5.3.2 Multiscale algorithms

Most algorithms are used to extract temporal features using a single stride length in con-
volutional operations, which simplifies the analysis but does not account for variations in
motion features between different subjects. As a result, they overlook individual differences
in gait, speed, and movement style, which are crucial for accurately recognizing activities
across diverse populations, especially in healthcare applications.

Multiscale feature learning represents a key challenge in developing trustworthy activ-

ity recognition algorithms, particularly in healthcare applications. Unlike the traditional
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Figure 5.12: Visualization of motion length in terms of the number of frames across exercises.
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Figure 5.13: An example of motion variability in the dataset.

Note. The figure shows intra-subject variability on the left and inter-subject variability on
the right.

algorithm, the multiscale algorithm has two parallel branches that extract features at dif-
ferent scales to identify meaningful patterns in the data. Generally, one branch performs
convolution operations with a reduced stride to extract detailed features from short-term
dependencies, while the other branch uses a larger stride to capture long-term dependencies.
Customized architectures based on a multiscale feature learning approach are evaluated,
specifically designed for processing multi-channel time-series data. The experiments under-
score the importance of advanced methods to improve activity recognition in healthcare,
where accurate exercise monitoring and performance evaluation are critical for delivering
effective and personalized treatments.

To summarize, the top branch is designed to capture fine details of movement at a higher
computational cost, while the lower branch sacrifices some information to gain a global view
of the movement. The theoretical basis for using parallel branches with varying speeds

involves two key components: the varying stride in parallel branches and the use of dilated
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convolutions to expand the receptive fields [335].

Formally, a 1D convolution with varying stride is shown in Eq.5.1, where z is the input
to the convolutional layer of size n, the kernel h has length &, and s represents the stride, or
the number of positions moved after each convolution operation. A stride s > 1 results in
the loss of information, which can be interpreted as sacrificing fine-grained details to capture
the overall picture, akin to a moving average filter with a non-overlapping window. The

formal definition of a dilated convolution is given in Eq.5.2 [335].

y(n) = Zf:ox(n + 1)h(7), fn=0
Zf:o x(n+i+ (s—1i))h(i), ifn#0

(5.1)

f—1
(z % h)(y) = Z Ty - h(3) (5.2)

Multiscale temporal CNN model The multiscale version of the tCNN consists of two
parallel branches of convolutional operations on sequential data. The top branch has six CNN
layers with a stride of 1, focusing on short-term dependencies and capturing fine-grained
features. In contrast, the lower branch uses a stride of 3 to capture long-term dependencies
and extract higher-level features. Both branches culminate in a batch normalization layer
and a global average pooling layer before being concatenated. The combined output is then
fed forward to the flattening layer, which processes the data for the final output. The entire
architecture of the multiscale tCNN model is illustrated in Figure 5.14.

Multiscale CNN-LSTM The multiscale version of the CNN-LSTM consists of two par-
allel branches of convolutional operations on sequential data. One branch has two hidden
layers, applying a 1D convolution operation (ConvlD) with 64 filters and a kernel size of
3 with a stride of 1, focusing on short-term dependencies and capturing fine-grained fea-
tures. In contrast, the second branch uses a stride of 3 to capture long-term dependencies
and extract higher-level features. Each branch culminates in a flattened layer before being
concatenated. The combined output is then fed into the LSTM layer, which processes the
data for the final output. The entire architecture of the multiscale CNN-LSTM model is
illustrated in Figure 5.15.

Multiscale convolutional LSTM The multiscale ConvLSTM model comprises two par-
allel branches of 2D ConvLLSTM layers with ReLU activation. The first branch extracts
features using a 1x1 convolution with a stride of 3, focusing on long-term dependencies,

while the second branch uses a stride of 1 for capturing short-term dependencies. After the
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Figure 5.14: Architecture of multiscale tCNN model.
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Figure 5.15: Architecture of multiscale CNN-LSTM model.

convolution operations, each branch converges into a flattened layer, and the outputs of these

two branches are concatenated before producing the final output. The overall architecture

of the ConvLSTM model is presented in Figure 5.16.
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Figure 5.16: Architecture of multiscale ConvLSTM model.

Multiscale Transformer model The multiscale transformer consists of two parallel
branches. The top branch performs a 1D convolution with a stride of 1, followed by a
dilated convolution with a dilation rate of 2. In contrast, the second branch starts with a
1D convolution with a stride of 3. Aside from these differences, the two branches are iden-
tical: the top branch continues with a positional encoding layer, which adds the output of
the dilated 1D convolution to a positional signal. The overall architecture of the multiscale

transformer is presented in Figure 5.17.

5.3.3 Training and evaluation methods

Experiments were conducted using the previously described IRDS, which contains nine re-
habilitation activities performed by 22 subjects.

Multi-class classifications were carried out using tCNN, CNN-LSTM, ConvLSTM, and
Transformer models in both traditional and multiscale architectures processing multi-channel
time series data.

The multi-channel time series data comprises 3D raw coordinates (x, y, z) of 25 body
joints recorded by the Kinect sensor, resulting in a set of 75 features used to train each deep
learning model. The input tensor for the time-series deep learning models includes three
main dimensions: the number of samples, the length of the sequence to be processed, and
the number of features. Data pre-processing was performed to align the input data with the
architecture type. The training parameters were fixed as described in Table 5.6 showed in

Section 5.2.3. Various batch sizes were employed during pre-analysis to determine the best
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configuration for training the models.

Given that the exercise classes are unbalanced, a Naive Bayesian method was applied to
model the weight of each class in the classification [136]. This technique helps mitigate the
effects of class imbalance, ensuring more robust and accurate predictions.

Given the varying repetition lengths observed in motion patterns among patients and
healthy subjects, multiple pre-model evaluations were investigated using different lengths
to find the optimal configuration. Ultimately, the best results were achieved by using the
mean sequence length of patients, which was 105 frames. Therefore, a sequence length of
105 frames was chosen for the experimental analysis.

Additionally, a time series length normalization technique was implemented using the
zero pre-padding method. Zero padding is a commonly employed approach in preprocessing
time series data with varying lengths. Recent research suggests that zero pre-padding offers
superior performance compared to alternative methods [129]. The rationale behind zero pre-
padding is that the introduced zeros should be disregarded by the model’s weights during
training.

To ensure robust evaluation and generalize our models’ predictive ability, a cross-validation
method was applied. Cross-validation involves partitioning the dataset into smaller subsets.

The leave-one-subject out (LOSO) cross-validation was applied since each subject exhibits
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unique motion patterns. During each validation loop, all subsets except one are used for
training, and the remaining subset is used for validation [248, 97]. Validating the models on
individual subject patterns provides insights into classification performance and generaliz-
ability.

Given that each algorithm underwent training with LOSO cross-validation, involving
multiple iterations of training and testing, the average and standard deviation scores for

accuracy, precision, recall, and F1-score are presented in results.

5.3.4 Results

General performance of traditional and multiscale algorithms are reported respectively in
Table 5.12 and in Table 5.13.

Table 5.12: Mean and standard deviation of LOSO cross-validation results using traditional
architecture.

Model Accuracy AUC Precision Recall
tCNN 0.92 (0.12) 0.98 (0.04) 0.92 (0.11) 0.91 (0.12)
CNN-LSTM 0.91 (0.12) 0.98 (0.04) 0.92 (0.12) 0.90 (0.13)
ConvLSTM 0.88 (0.16) 0.98 (0.04) 0.90 (0.14) 0.88 (0.16)
Transformer 0.81 (0.15) 0.97 (0.05) 0.83 (0.15) 0.80 (0.16)

Table 5.13: Mean and standard deviation of LOSO cross-validation results using multiscale
architecture approach.

Model Accuracy AUC Precision Recall
Multiscale tCNN 0.91 (0.13) 0.98 (0.03) 0.93 (0.11) 0.91 (0.13)
Multiscale CNN-LSTM 0.90 (0.14) 0.98 (0.04) 0.91 (0.13) 0.89 (0.14)
Multiscale ConvLSTM 0.89 (0.14) 0.98 (0.04) 0.89 (0.13) 0.88 (0.15)
Multiscale Transformer 0.93 (0.11) 0.98 (0.04) 0.93 (0.11) 0.93 (0.12)

Detailed information about algorithm performance on exercise recognition is provided in
Table 5.14 for traditional algorithms, and in Table 5.15 for the algorithms using multiscale
feature learning.

A performance comparison between traditional and multiscale approaches in terms of
cross-subject resilience is shown in Figure 5.18. The figure illustrates the accuracy values
obtained by the evaluated models for both healthy and patients, highlighting the ability of
multiscale feature learning to generalize better across subjects.

Multiscale architectures, especially the multiscale CNN-LSTM and the multiscale Trans-

former exhibit superior performance compared to traditional architectures. The multiscale
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Table 5.14: Results of activity recognition algorithms trained using traditional architecture
for all rehabilitation exercises.

Exercise tCNN CNN-LSTM ConvLSTM Transformer
Accuracy F1l-score Accuracy F1l-score Accuracy F1-score Accuracy Fl-score
0 0.85 0.85 0.88 0.89 0.84 0.84 0.82 0.80
1 0.89 0.90 0.93 0.92 0.87 0.88 0.81 0.80
2 0.91 0.91 0.85 0.85 0.86 0.84 0.79 0.73
3 0.91 0.87 0.92 0.89 0.89 0.82 0.79 0.74
4 0.86 0.88 0.89 0.87 0.87 0.86 0.73 0.73
5 0.88 0.90 0.90 0.91 0.91 0.89 0.76 0.72
6 0.98 0.98 0.99 0.98 0.98 0.98 0.98 0.98
7 0.87 0.87 0.92 0.94 0.88 0.89 0.84 0.82
8 0.98 0.93 0.94 0.91 0.86 0.87 0.83 0.80

Table 5.15: Results of activity recognition algorithms trained using multiscale architecture
for all rehabilitation exercises.

Exercise Multiscale tCNIN Multiscale CNN-LSTM Multiscale ConvLSTM Multiscale Transformer

Accuracy Fl-score Accuracy F1-score Accuracy  F1-score  Accuracy F1-score
0 0.88 0.89 0.88 0.88 0.85 0.83 0.89 0.90
1 0.87 0.85 0.89 0.90 0.83 0.83 0.94 0.93
2 0.93 0.92 0.85 0.84 0.87 0.86 0.88 0.88
3 0.88 0.88 0.90 0.88 0.90 0.84 0.93 0.90
4 0.90 0.91 0.90 0.87 0.86 0.87 0.90 0.91
5 0.91 0.90 0.93 0.92 0.89 0.87 0.88 0.90
6 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
7 0.95 0.95 0.91 0.92 0.88 0.90 0.94 0.95
8 0.94 0.91 0.93 0.88 0.94 0.91 0.96 0.97

models have significantly improved activity recognition accuracy, particularly for exercises
that show considerable variability between subjects and variations in motion duration, such
as those involving shoulder movements. These results highlight the effectiveness of multiscale
architectures in enhancing activity recognition accuracy and robustness, which is especially
beneficial for complex rehabilitation gestures like shoulder movements, which are charac-
terized by their significant variability in movement patterns across different subjects and
clinical conditions [219].

Proposed algorithms also outperformed state-of-the-art experiments based on the IRDS
dataset. For example, systems proposed by Khanghah et al. (2023) achieved average ac-
curacy values of 90% and 83% using 10-Fold and LOSO cross-validation, respectively [24],
and average accuracies of 89% and 88% for 10-Fold and LOSO, respectively, when using
time-series data derived from kinematics of 3D joint coordinates [144]. Similarly, Sadawi
et al. (2019) used tCNN, LSTM, and k-nearest neighbors algorithm (KNN) on the IRDS
dataset to develop a system able to recognize nine exercise rehabilitation exercises, showing
an average accuracy of 85% for tCNN, 85% for LSTM, and 94% for KNN using raw path
data of joint kinematics and LOSO cross-validation [272].
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Figure 5.18: Comparison of traditional and multiscale model architectures for accuracy
among healthy and patient subjects using LOSO cross-validation.

Furthermore, the multiscale approach demonstrated superior performance generalization
across healthy individuals and patients with varying levels of disability, as illustrated in
Figure 5.18. Specifically, multiscale algorithms exhibited enhanced performance consistency;,
highlighting their resilience in motion recognition across subjects with diverse clinical con-
ditions. The ability of these architectures to learn patterns at different scales holds promise
for developing fair and reliable activity recognition systems in healthcare, ensuring high
accuracy across individuals with varying physical capabilities. However, these results are
based on the IRDS dataset, which has inherent limitations, including significant variability
in patient positions and recording settings. Although the proposed methods improved cross-
subject performance in activity recognition, some subjects continued to exhibit suboptimal
results, consistent with findings from previous studies [218, 24, 144, 272]. Future research
should validate the multiscale learning approach using additional datasets to strengthen its
robustness and generalizability.

Overall, the findings highlight the critical need for developing methods that ensure fair-
ness in activity recognition algorithms for healthcare applications. Addressing disparities
caused by impairments and health-related characteristics remains essential for creating in-

clusive and effective monitoring systems.
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Chapter 6

Discussion

6.1 Contribution summary

The results of this research represent a pioneering advancement in the application of Al-
driven technologies within the field of rehabilitation medicine.

A thorough literature review was conducted to explore emerging Al solutions and their
associated ethical challenges within rehabilitation. This review established a foundational
understanding of current technologies, identified research gaps, and highlighted potential
ethical considerations regarding Al applications in healthcare. By synthesizing insights from
various studies, the review evidenced the effectiveness and limitations of current AI method-
ologies in rehabilitation settings.

The research incorporated advanced data modeling techniques to enhance the evaluation
algorithms for motion analysis. A pre-published dataset was utilized and modeled to support
real-time motion evaluation systems, enabling immediate feedback on the execution of ex-
ercises. Additionally, a new dataset was collected focusing on rehabilitation exercises aimed
at preventing physical decline in elderly individuals. This dataset underwent data synthesis
techniques to augment environmental and physical characteristics, simulating the challenges
faced by elderly individuals in home-based settings.

The study also addressed critical issues of fairness and robustness within clinical systems.
It underscored the importance of expanding the annotations of data to include physical at-
tributes and disabilities that influence the execution of motion. By addressing these factors,
the research aimed to mitigate potential biases in Al-assisted assessments. This emphasis on
fairness is crucial to develop Al systems that are equitable and effective across diverse pa-
tient populations. The research specifically explored pattern recognition techniques applied

to multi-channel time-series data, utilizing advanced deep learning algorithms to enhance
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motion tracking and evaluation.

Addressing fairness and robustness remains a key challenge in the advancement of Al-
based support and assistive technologies in healthcare. Future work should expand these
findings to include more diverse datasets, explore novel strategies to mitigate bias, and
test the models in real-time systems. Solutions to mitigate demographic and disability-
related biases were addressed by focusing on dataset manipulation, suggesting that future
research should annotate such characteristics to train unbiased systems or incorporate more
balanced attributes. In addition, techniques were explored to reduce performance variation
among subjects with different motor abilities, ensuring that Al systems remain equitable
and accessible to individuals with varying levels of disability. This approach is particularly
important to ensure that Al-assisted rehabilitation systems do not create barriers for people
with disabilities.

The ethical implications of Al-assisted rehabilitation systems were critically examined
throughout the research process. This included concerns about patient privacy, data se-
curity, and potential biases in algorithmic decision making. While Al-powered decision
support systems offer substantial benefits in clinical and care settings, they also pose sig-
nificant challenges that require a thoughtful examination of ethical, legal, and regulatory
aspects. Effective governance is essential to foster the acceptance and implementation of Al
in healthcare. The research systematically addressed these ethical considerations, identifying
both strengths and limitations. It emphasized the importance of establishing comprehensive
ethical frameworks as Al technologies continue to evolve in healthcare. This is vital to ensure
that AT applications enhance clinical outcomes and protect patient rights and privacy. Open

challenges in this area are further explored in the below Section 6.3.

6.2 Limitations and future studies

Emerging Al-based computer vision approaches, which currently represent an intensive re-
search topic, are promising for rehabilitation applications to provide home-based, inexpen-
sive, and unobtrusive monitoring of patients [117].

Unobtrusive technologies coupled with algorithms that recognize performed activities will
make the remote evaluation of patient adherence to prescribed exercise affordable, which was
based on patients’ self-reported outcomes in the absence of a clinician [34].

This thesis explored principally human motion modeling techniques to provide prompt
corrective feedback about the correctness of motion execution in full ROM of motion and
postural compensatory movements. Further evaluation should also concentrate on other

aspects that influence the correctness of motion, such as the speed of motion execution.
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Future research should prioritize developing techniques that enable quantitative evaluation
of movement performance, complementing clinical outcome assessments provided by health-
care professionals. This approach would facilitate the identification of digital biomarkers,
offering deeper insights into therapy effectiveness and recovery from functional limitations.
Also, assessment-driven therapy adaptation algorithms integrated into assistive solutions
should ensure that the physical therapy remains at an optimal level of challenge to maintain
motivation for long-term therapy programs necessary in chronic conditions [99]. Movement
recognition end evaluation algorithms integrated into digital assistive systems could support
real-time evaluations and provide personalized feedback. They can also drive emotional sup-
port to increase engagement during home-based rehabilitation therapy in clinical populations
characterized by fragile psycho-physical conditions [309, 170]. For instance, also the integra-
tion of Al-based voice assistants could profoundly impact patient engagement during remote
exercise by providing instructions on movement sequences and posture correctness and even
offering suggestions to enhance exercise quality and identify areas requiring improvement.

Transparency and interpretability are also crucial to building trust in Al systems, par-
ticularly in medical applications for rehabilitation monitoring and evaluation. Although this
thesis did not primarily implement explicit explainable Al (XAI) techniques, it prioritized
an expert-driven approach by grounding motion data modeling and assessment in clinical
knowledge to enhance the interpretability and transparency of proposed methodologies. As
detailed in Section 3.1, a motion categorization approach was adopted to recognize and assess
rehabilitation activities in real-time. This approach involved identifying movement phases
and then classifying performance as correct or incorrect based on prior biomechanical knowl-
edge of the specific motion being evaluated. Thus, the proposed AI methods were based on
motion modeling and evaluation approaches using an interpretable expert-driven perspec-
tive by integrating biomechanics and rehabilitation science knowledge into human motion
analysis. This methodology differs from the research works focusing mainly on automated
scoring in evaluating movement, which can yield "black-box’ results with limited clinical rel-
evance. In contrast, the methods proposed in this thesis prioritize grounding Al systems
in support, rather than replace, medical knowledge and clinical practice. Based on expert
knowledge, this system aims to ensure the reliability and trustworthiness of the proposed Al
methodologies to recognize rehabilitation activities.

Nevertheless, in future works, it is essential to acknowledge that further efforts should
explore XAI techniques to enhance the transparency and clinical applicability of Al-based
activity recognition systems from an algorithmic perspective, an open research area, particu-
larly for systems processing multidimensional signal data, as highlighted by recent literature

[194]. Frameworks such as GNN-XAR and DeXAR demonstrate promising advances in inter-
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pretability for sensor-based activity recognition [88, 16]. Likewise, adaptations of techniques
such as Grad-CAM and the development of Video-TCAV contribute to the explainability of
video-based action recognition [132, 9, 273]. In addition, model-agnostic tools like SHAP and
LIME offer flexible means of interpreting various activity recognition models [187, 265], while
attention mechanisms in deep learning models enhance interpretability by highlighting key
movement features that influence predictions [71]. Despite growing evidence in the literature,
significant challenges remain, particularly in designing XAI methods that are well-suited for
evaluating algorithms processing human motion, given its inherent complexity. Ensuring
that explanations are technically accurate, clinically meaningful, and actionable is crucial.
Future research should focus on developing domain-specific explainability techniques and
rigorously evaluating their effectiveness through relevant metrics to advance more transpar-
ent, trustworthy, and effective Al-driven rehabilitation systems that surpass the limitations
of current methods.

As the future unfolds, ubiquitous systems offering remote assistance in rehabilitation pro-
cedures are expected to significantly complement traditional approaches for evaluating home
rehabilitation programs. The real challenge of Al applications results in the incorporation
of clinical skills and knowledge to assist and manage patients in a minimally supervised and
more efficient way. Besides the potentiality of Al-based solutions to support the remote
monitoring and evaluation of physical therapy programs, further developments of underlying
algorithms and clinical validation of methods will be required for broader adoption. As also
evidenced by recent literature a very minority of studies validated and demonstrated the ap-
plication of proposed Al-based solutions in relevant operation environments such as remote
conditions and home-based settings. For future developments of this research project and to
transfer achieved innovations to clinical practice, it is necessary to collaborate with clinical
organizations to validate these types of technologies in a relevant environment as well as to
collect data in a real-world context without simulation. Future studies must focus on testing
Al-based applications in relevant operational environments, such as remote conditions and
home settings. Clinical trials comparing the effects on specific clinical population targets
of such emerging solutions versus traditional rehabilitation approaches are required to lead
Al-based applications to clinical acceptance. Social and ethical considerations will also need
to be considered, as Al-based applications will change the interactions between healthcare

professionals and patients in decentralized contexts.
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6.3 Open challenges

A plethora of challenges emerges in the healthcare landscape with the growing integration of
Al These challenges span technological advancements, regulatory considerations, and ethical
dimensions.

This section delves into the implications of Al technologies in clinical practice, focusing
the discussion on two pivotal aspects: the doctor-patient relationship and Al-driven clini-
cal decision-making. Additionally, challenges related to health record data are addressed,

offering insights into current practices regarding the utilization process of medical data.

6.3.1 The doctor-patient relationship

The patient-doctor relationship is a critical aspect of healthcare, characterized by mutual
trust, effective communication, and collaboration. Establishing trust between patients and
healthcare providers is foundational for successful medical care. It involves open and trans-
parent communication, empathy, and a shared understanding of the patient’s concerns, val-
ues, and treatment preferences [106].

Issues related to trust within the patient-doctor relationship are multifaceted. Patients
place trust in the expertise and knowledge of their healthcare providers, relying on their
guidance for accurate diagnoses and effective treatments. At the same time, healthcare
providers trust in the information shared by patients to make informed decisions about
their care. Exploring these trust dynamics is essential for a comprehensive understanding of
the patient-doctor relationship, especially when integrating Al into clinical decision support
systems.

The incorporation of Al prompts a reassessment of the conventional doctor-patient rela-
tionship.

Some argue that the traditional model of a nurturing relationship has become outdated. It
appears that the concept of patients seeking a doctor’s expert advice and placing themselves
under their care is evolving into a model where patients actively participate in generating
health knowledge and acquiring expertise to manage their illnesses [89].

The healing relationship must be understood as an idealistic picture of the relationship
between ‘expert doctors’ and ‘vulnerable patients’. This concept encompasses the factors
that drive patients to seek professional medical assistance or leverage knowledge and tech-
nology for self-care. Whether one opts for professional medical services or self-directed care,
the fiduciary responsibilities arising from this vulnerability remain consistent, regardless of

the sources of expertise. These sources can include medical professionals, repositories of
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medical information and guidance, or other technologies and systems that support self-care,
like telemedicine or easily accessible medical information on the internet.

In this context, the importance of redefining how fiduciary obligations of medicine are
met takes on renewed significance, especially with the future deployment of Al in medicine.
Questions of relevance have been raised, for instance, about the validity and effectiveness of
medical knowledge available through Internet portals. Furthermore, as medical information
becomes increasingly accessible through various means, the role of expertise as an indicator
of trustworthiness does not undergo any change.

Built upon this foundation, the healing relationship model can be construed as an illustra-
tion of the ethical attributes and responsibilities intrinsic to medical practice. Traditionally,
these principles were embodied by healthcare professionals, but they are now extending
across diverse platforms and individuals, encompassing web portals, consumer device cre-
ators, wellness service providers, and others. While contemporary medicine has progressed
beyond the conventional doctor-patient model delineated in the therapeutic relationship,
the responsibilities associated with this connection have not evaporated. Instead, the diffu-
sion and transfer of these responsibilities to new technological participants in medicine raise
concerns regarding the oversight of Al integration in healthcare.

The selection of metrics becomes paramount when assessing the impact of Al and al-
gorithmic technologies on the doctor-patient relationship. The rationale for incorporating
Al into healthcare and expanding its role becomes evident if it is solely gauged in terms
of cost-effectiveness or utility. Nonetheless, while algorithmic technologies might enhance
efficiency and reduce the cost of treating more patients, they could potentially erode the
non-mechanical aspects of care. One can distinguish between the effects of algorithmic sys-
tems (and their utility components) that contribute to the welfare of the patient or the
practice of medicine, governed by established ethical standards, and those that benefit med-
ical institutions and healthcare services.

The moral engagement intrinsic to the doctor-patient relationship, where treatment ide-
ally stems from the practitioner’s contextual and historically informed evaluation of the
patient’s condition, is challenging to replicate in interactions with Al systems. The role of
the patient, the factors prompting individuals to seek medical assistance, and the vulnera-
bility of patients remain unaltered with the introduction of Al as a mediator or enhancer
of medical care. What does transform is how care is administered, the possibilities for its
delivery, and who delivers it. The delegation of care skills and responsibilities to Al systems
can be disruptive in multiple respects.

The deployment of AI machines and robots in medicine, particularly when they demon-

strate enhanced efficiency, precision, speed, and cost-effectiveness, appears appealing when
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considering their substitution for humans in tasks that are repetitive, tedious, perilous,
demeaning, or exhausting. If used judiciously, Al has the potential to reduce the time
healthcare professionals allocate to bureaucratic, routine tasks, or those that expose them
to unnecessary risks, thereby offering a lower-risk, patient-focused environment.

Traditionally, clinical care and the doctor-patient relationship are ideally rooted in the
physician’s contextual and historically informed evaluation of the patient’s condition. This
type of care is challenging to replicate in technologically mediated healthcare. Patient data
representations inherently confine the doctor’s comprehension of the patient’s case to quan-
tifiable attributes. This can pose challenges as clinical assessments increasingly rely on data
representations derived from sources like remote monitoring technologies or data collected
without in-person interactions.

Patient data representations can be perceived as an ‘objective’ gauge of an individual’s
health and overall well-being, potentially diminishing the significance of contextual health
elements or the perspective of the patient as a socially situated individual. These data
representations can generate an ‘illusion of certainty’, where ‘objective’ monitoring data are
regarded as an accurate portrayal of the patient’s condition, often overlooking the patient’s
interpersonal context and other unspoken knowledge [188].

Healthcare providers encounter this challenge when integrating Al systems into patient
care protocols. The volume and intricacy of data and suggestions derived from technology
can complicate the identification of crucial missing contextual details regarding a patient’s
condition. Depending solely on data obtained from health apps or monitoring technologies
(e.g., smartwatches) as the primary information source about a patient’s health may lead to
the oversight of facets of a patient’s well-being that are not readily measurable. This encom-
passes vital aspects of mental health and overall well-being, such as the patient’s emotional,
mental, and social status. Consequently, a ‘decontextualization’ of the patient’s state may
transpire, wherein the patient relinquishes some influence over how their condition is con-
veyed and comprehended by healthcare professionals and caregivers. These scenarios imply
that the interactions essential for cultivating the fundamental trust inherent in a traditional
doctor-patient relationship may be impeded by technological intervention. Technologies that
obstruct the conveyance of ‘psychological signals and emotions’ may impede the physician’s
comprehension of the patient’s condition, jeopardizing ‘the establishment of a physician-
patient relationship grounded in trust and the pursuit of healing’ [89].

Serving as an intermediary position between the doctor and the patient, Al systems
modify the dynamics between healthcare providers and patients, as they delegate a portion
of the patient’s continuous care to a technological platform. This shift could lead to a growing

divide between healthcare professionals and patients, potentially implying a missed chance
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to cultivate an intuitive grasp of the patient’s health and overall well-being [188].

Relying on Al systems for clinical care or expert diagnostic capabilities may hinder the
cultivation of expertise, professional networks, and the establishment of ‘best practice’ stan-
dards in the field of medicine. This phenomenon is commonly known as ‘de-skilling’ and
contradicts the principles of ‘human-centered AT’ advocated by the WHO. Human-centered
AT aims to bolster and enrich human skills and competency development rather than dimin-
ishing or substituting them [61].

As care becomes increasingly technologically mediated and involves non-professional enti-
ties, the development, maintenance, and enforcement of internal standards aimed at fulfilling
moral obligations to patients may face potential compromises. There is a looming prospect
that algorithmic systems could supplant the traditional roles of healthcare professionals, with
a primary focus on efficiency and cost-effectiveness.

To safeguard against the erosion of comprehensive, patient-centered care, new care providers
and entities outside the conventional medical community must place significant emphasis on
upholding these moral obligations to benefit and respect patients. In doing so, they can
ensure that healthcare remains not only technically ‘efficient’ but also holistic and genuinely
beneficial.

A key role of human clinical expertise is to safeguard the well-being and safety of pa-
tients. When this human expertise is compromised through skill degradation or displaced by
automation bias, it becomes essential for tests and clinical effectiveness trials to step in and
bridge the gap, thus ensuring patient safety [148]. This trade-off is mirrored in the context of
transparency and precision. Some scholars contend that medical Al systems may not require
comprehensible explanations if their clinical accuracy and effectiveness can be consistently
verified [233].

Automation in data acquisition, interpretation, diagnosis processing, and therapy iden-
tification cannot operate in complete isolation from human involvement. It necessitates
continuous validation and, therefore, does not diminish the significance of the doctor-patient
relationship’s uniqueness. Each individual’s ailment is inherently distinctive, and personal
interaction remains the fundamental component of every diagnosis and treatment. In this
context, machines cannot replace humans in a relationship founded on the interplay of com-
plementary realms of autonomy, competence, and responsibility.

Al should be regarded solely as a tool to aid physicians in their decision-making processes,
which must always be under human control and supervision. Ultimately, the responsibility
for making the final decision rests with the doctor, as the machine’s role is exclusively
supportive, involving the gathering and data analysis, serving in an advisory capacity. It is

important to underscore that an ‘automated cognitive assistance system’ in diagnostic and
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therapeutic procedures does not equate to an ‘autonomous decision-making system’ [148]. Tt
assists by collating clinical and documentary data, comparing them with statistics on similar
patients, and expediting the physician’s analytical process.

An important concern arises: what happens when Al outperforms the capabilities of a
doctor? In specific scenarios, this is indeed a technical possibility that must be considered.
It is within this particular realm that the feared ‘replacement’ of machines for humans might
potentially occur in the future.

However, a more immediate consequence might involve the delegation of decision-making
to technology. Entrusting complex tasks to Al systems can result in the erosion of human and
professional qualities. To maintain the doctor-patient relationship as one grounded in trust,
in addition to care, it is crucial to preserve the essential role of the ‘human doctor’. Only the
human doctor possesses the unique capacities of empathy and genuine understanding that
cannot be replicated by Al. While predetermined standards of behavior and codes of conduct,
such as protocols and guidelines, provide support based on knowledge and experience in
professional practice, the demands of diagnosis and treatment often necessitate deviation
from these predetermined models.

It would be of great concern if the space seemingly left to the presumed neutrality of
machines led to the ‘neutralization’ of the patient. The vast potential offered by Al should
be viewed as a valuable opportunity through which technology can expand ethical horizons,
enhancing the patient’s opportunity to be heard and fostering a deeper connection with
the progression of their illness. In this context, Al serves as a valuable tool that saves the
physician time on routine tasks, allowing more time to be dedicated to the doctor-patient

relationship.

6.3.2 Al driving medical decision-making

A substantial portion of the momentum in Al stems from the belief that applying these
technologies in diagnosis, care, or healthcare systems could enhance clinical and institutional
decision-making.

Physicians and healthcare professionals are susceptible to various cognitive biases, leading
to diagnostic errors. The National Academy of Sciences (NAS) has reported that approxi-
mately 5% of US adults seeking healthcare guidance are subject to misdiagnosis, with such
errors contributing to 10% of all patient fatalities [305].

AT has the potential to mitigate inefficiencies and errors, leading to a more judicious allo-
cation of resources, provided that the foundational data is both accurate and representative.

Accountability plays a pivotal role in holding individuals and entities responsible for any
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adverse consequences of their actions. It is an indispensable element for upholding trust and
safeguarding human rights.

Nevertheless, certain attributes of Al technologies introduce complexities to notions of
accountability. These attributes include their opacity, reliance on human input, interactions,
discretionary functions, scalability, capacity to uncover concealed insights and software intri-
cacies. One particular challenge in ascribing responsibility arises from the ‘control problem’
associated with Al In this scenario, Al developers and designers may not be held account-
able, as Al-driven systems can operate independently and evolve in ways that the developer
may assert are unpredictable [235]. Assigning responsibility to the developer could provide
an incentive to take all possible measures to minimize harm to the patient. Such expectations
are already well established for manufacturers of other commonly used medical technologies,
including drug and vaccine manufacturers, medical device companies, and medical equipment
manufacturers.

Another challenge is the ‘traceability of harm’, which is a persistent issue in complex
decision-making systems within healthcare and other domains, even in the absence of Al.
Due to the involvement of numerous agents in Al development, ascribing responsibility is
a complex task, entailing both legal and moral dimensions. The diffusion of responsibility
can have adverse consequences, including the lack of compensation for individuals who have
suffered harm, incomplete identification of the harm and its root causes, unaddressed harm,
and potential erosion of societal trust in such technologies when it appears that neither
developers nor users can be held accountable [333].

Physicians routinely employ various non-Al technologies in the diagnosis and treatment
process, ranging from X-rays to computer software. When a medical professional commits
an error in the utilization of such technology, they can be held accountable, especially if
they have received training in its application [107]. However, in cases where an error arises
from the algorithm or data used to train an Al technology, it may be more appropriate to
assign responsibility to those involved in the development or testing of the AI system. This
approach avoids placing the onus on the doctor to assess the Al technology’s effectiveness
and usefulness, as they might not possess the expertise to evaluate complex Al systems [269].

Numerous factors argue against placing exclusive responsibility on physicians for decisions
made by Al technologies, many of which apply to assigning responsibility for the use of
healthcare technologies beyond Al. To begin with, physicians do not wield control over an Al-
driven technology or the recommendations it provides [36]. Nonetheless, physicians should
not be entirely absolved of liability for inaccuracies in the content, as this is necessary to
prevent ‘automation bias’ and encourage critical evaluation of whether the technology aligns

with their requirements and those of the patients [333]. Automation bias occurs when a
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physician disregards errors that should have been identified through human-guided decision-
making. While it is crucial for doctors to have trust in an algorithm, they should not set
aside their own experience and judgment to blindly endorse a machine’s recommendation.
Automation bias occurs when a physician disregards errors that should have been identified
through human-guided decision-making. While it is crucial for doctors to have trust in an
algorithm, they should not set aside their own experience and judgment to blindly endorse
a machine’s recommendation [269].

Certain Al technologies may present not just a single decision but a range of options
from which a physician must make a selection. When a physician makes an incorrect choice,
determining the criteria for holding them accountable becomes a multifaceted challenge.

The complexity of attributing liability is magnified when Al technology is integrated into
a healthcare system. In such cases, the developer, the institution, and the physician may
all have contributed to a medical error, making it difficult to pinpoint full responsibility
[305]. Consequently, accountability might not rest solely with the provider or developer of
the technology; instead, it may lie with the government agency or institution responsible for
selecting, validating, and implementing the technology.

Fortunately, as of today, the shift of decision-making in healthcare from humans to ma-
chines has not reached its culmination. While AI today is primarily proposed to augment
human decision-making in the practice of public health and medicine, epistemic authority
has begun to debate the issue of why, in some circumstances, Al systems (as with the use of
computer simulations) can move humans from the center of knowledge production [18, 77].
The debates evidence a possible complete transfer of routine medical tasks to Al, prompting
questions about the legality of such full delegation. Modern laws increasingly acknowledge
an individual’s right not to be solely subjected to automated decisions when these deci-
sions hold substantial consequences. Additional concerns may emerge if human judgment is
progressively supplanted by machine-driven assessment, giving rise to broader ethical con-
siderations associated with the loss of human oversight, particularly if predictive healthcare
becomes standard practice.

Nonetheless, it is improbable that Al in the field of medicine will attain complete auton-
omy; instead, it may reach a stage of conditional automation or necessitate ongoing human
support [127].

Substituting human judgment with Al and relinquishing control over certain aspects of
clinical care offers distinct advantages. Humans are capable of making decisions that may
be less equitable and more biased compared to machines (the concern about bias in Al usage
is further elaborated below).

The utilization of Al systems for specific, well-defined decisions can be entirely justified

141



CHAPTER 6. DISCUSSION

if there is compelling clinical evidence indicating that the system outperforms a human in
that particular task. However, the transition to the application of Al technologies for more
intricate aspects of clinical care presents a set of challenges.

One such challenge is the potential emergence of a ‘disagreement between equals’ be-
tween two competent experts: an Al machine and a doctor. In such scenarios, there is no
feasible method for harmonizing decisions or engaging in a rationale with the algorithm since
accessing it or committing to a change of mind is not possible. Furthermore, there are no
clear-cut rules for determining which entity is correct, and whether a patient should place
trust in technology or a doctor. The choice may hinge on factors that are not rooted in the
‘competence’ of either the machine or the doctor. Some argue that the algorithm’s recom-
mendation should be favored, as it incorporates the expertise of multiple individuals and a
wealth of data points. However, opting for one over the other may result in an undesirable
outcome. If the physician disregards the machine’s recommendation, the AI’s value addition
can be limited. If the physician concurs with the machine’s decision, it might erode their
authority and diminish their responsibility [305].

The delegation of decision-making to Al-driven technologies and the subsequent loss of
human control could impact various aspects of clinical care and the healthcare system.

While offering individuals more opportunities to share data and access autonomous health
advice might enhance their sense of empowerment and self-care, it could also potentially
trigger anxiety and fatigue [107]. As these technologies accumulate more personal data and
incorporate it into the decision-making process of physicians, patients might find themselves
gradually marginalized in shared decision-making, potentially compromising their ability to
exercise free will or autonomy in health-related decisions [305].

The utilization of Al in medicine, especially when its use is not disclosed, poses challenges
to the fundamental principles of informed consent and broader public trust in healthcare.
While some may view the reduction of physician control over patients as a way to promote
patient autonomy, there is an equally significant risk of relinquishing decision-making to Al
technology. This risk is heightened if the technology is presented to the patient as offering a

superior understanding of their health status and prognosis compared to a physician [269].

6.3.3 Health data records

The integration of Al technology in the healthcare sector faces notable limitations, partic-
ularly in the realm of managing health record data. Health data encompasses a patient’s
complete medical history, including details from physical examinations, investigations, and

treatment records—all stored in electronic form.

142



CHAPTER 6. DISCUSSION

The 2018 WHO-UNICEF Global Primary Health Care (PHC) Conference underscored
the importance of harnessing Al techniques to augment existing systems and leverage data
for electronic decision support and analytics [241]. The overarching objective is to attain
Universal Health Coverage and advance healthcare equity for both individuals and popula-
tions. However, ethical challenges arise in the context of health records. The use of electronic
health records introduces ethical issues related to beneficence, autonomy, fidelity, and jus-
tice. Autonomy is compromised when patients’ health data are shared or linked without their
knowledge. Fidelity is at risk when health organizations fail to take adequate precautions
to safeguard identifiable health data. Justice is undermined when disparities exist in access
to health information and services based on income, language, age, geography, literacy, and
disability [167].

A comprehensive examination of health records and their implications necessitates the
involvement of various stakeholders, including health personnel, leaders, policymakers, ethi-
cists, and engineers.

Despite significant strides in computerization, challenges persist throughout the data life
cycle—from collection and documentation to storage, management, sharing, and utilization
(68, 179]. Efforts to address these challenges are essential to fully realize the potential benefits
of Al in healthcare.

Legislation for AI regulation in the EU emphasizes trustworthy and ethical Al with
explicit processes and human oversight for high-risk systems. Equitable AI is proposed as
a solution, emphasizing fairness in capacity-building strategies. Integrating data quality
assessment and management with information governance in the big data environment is
essential for ethical health information ecosystems.

To effectively navigate the complexities of integrating Al technology into healthcare, a
comprehensive approach that combines data usage, data quality management, governance,
and ethics is essential. In this context, key recommendations have been identified to guide
stakeholders in the enhancement of data utilization in healthcare: transparency, use limita-
tion, access and correction, data quality, and security [329].

Healthcare professionals play significant roles as creators, collectors, managers, and users
of observational health data, raising the question of whether new privacy consent models
are needed at different points in the data life cycle. Determining the adequacy of consent,
its informativeness, and relevance becomes a critical consideration, prompting the need for
clear criteria and decision points throughout the life cycle.

In promoting good governance, it is essential to establish consent or employ other legal
processes, such as opting out or utilization for public health purposes, to regulate access

and sharing. Adhering to ethical principles, data quality categories, and information gover-
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nance is crucial, ensuring their relevance at various stages in the data life cycle. Innovative
technologies like blockchain are actively being utilized to expedite the consent process for
clinical trials, potentially alleviating concerns related to personal data privacy associated
with integrated service delivery [29].

Establishing and maintaining trust is paramount in implementing sustainable data cre-
ation and collection practices.

It is crucial to recognize that community-driven health data repositories may not provide
the level of privacy citizens assume, particularly in the context of free online services with
user agreements allowing the service owner to utilize collected data. The deployment of
applications and systems facilitating unethical and unlawful exchange of digital information
erodes trust. Building and maintaining trust in the health information exchange network
requires reciprocity, transparency, and mutual trust among all actors, including data cus-
todians and providers. The trustworthiness of data custodians hinges on their competence,
commitment, and motives. Patients and service users generally have high levels of trust
in the professionalism of clinical teams and health services. However, unnecessary tests
and procedures resulting from unclear data or misinterpretations of unstructured data can
compromise patient autonomy and hinder informed decision-making.

In the United States, legislation such as the Health Insurance Portability and Account-
ability Act (HIPAA) specifically excludes protections once data leaves a covered entity. Con-
troversy surrounds the transmission of data to large companies for data mining, primarily
due to the lack of explicit consent from patients, placing control in the hands of system
designers and owners. In contrast, the EU’s GDPR empowers individuals with control over
their personal data.

Careful consideration is needed for all data processes, as they may harbor unrecognized
risks.

Transferring data from information systems to data repositories demands a commit-
ment to security, safety, and accuracy [255]. Privacy is a paramount concern, and while
privacy-preserving linkage techniques exist for integrating observational data from informa-
tion systems, their accuracy and security are not always guaranteed [65]. Beyond the threat
of re-identification during data, there exists the potential for data loss and compromise of
data integrity.

For instance, a recent study underscored inaccuracies in cohort identification when utiliz-
ing vocabulary mappings within a common data model during the data process [111]. These
mappings, integral to data, may suffer from inaccuracies stemming from programming bugs
and errors that escape detection during quality assurance stages.

It is imperative to thoroughly identify, assess, and establish contingency plans to mitigate
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all risks associated with the data process. Vigilance in recognizing potential pitfalls and
implementing safeguards is essential for ensuring the reliability and security of the data
transfer process [178].

Transparent data processing is imperative, along with the ethical and secure sharing of
research data, methodologies, and algorithms. Achieving reproducibility and generalizabil-
ity while safeguarding patient privacy, financial investments, and intellectual property is
essential.

XATI algorithms allow doctors to understand and validate results, aligning with the
‘learned intermediary’ principle where clinicians play a central role in decision-making. How-
ever, discerning between biased or inadequately explained Al guidance and the clinician’s in-
terpretation poses challenges. Collaborative efforts among clinicians can potentially address
these biases and enhance the design of XAl, ensuring a critical appraisal of Al guidance in
primary care that augments rather than undermines the patient-physician relationship [181].

Conscious efforts to develop discrimination-aware algorithms aim to reduce bias in databases
and associated applications, ensuring that data mining models do not lead to discrimina-
tory decisions against vulnerable groups, even if the underlying dataset is inherently biased.
Empirical studies evaluating AI practices are necessary to highlight ethical concerns and
propose solutions. Trials comparing Al-based practices with conventional methods are vital
for evidence-based policymaking in the face of poorly regulated Al practices. Reducing the
opacity and complexity of AI methods, including deep machine learning and neural networks,
is imperative.

The ethical governance of Al platforms necessitates modifications to traditional medical
research ethics principles. This includes considerations for informed consent, protecting
individual and group-level harms and benefits, ensuring patient empowerment, preserving the
patient-doctor relationship, and upholding research subject rights in Al-supported projects.
Data protection regulations for research and personal health services must be robust and
effectively enforced.

In conclusion, adopting an integrated strategy encompassing data utilization, quality as-
surance, governance, and ethical considerations is pivotal. Key recommendations involve
ensuring consent remains a focal point throughout the data life cycle, fostering sustainable
data practices, meticulously examining data processes, seamlessly integrating data gover-
nance with quality management, navigating ethical challenges posed by Al, and applying
a structured ethical framework aligned with the data life cycle. These proactive measures

collectively strive to uphold trust in current systems and anticipated developments.
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Conclusions

This thesis represents a pioneering exploration of emerging Al-driven computational methods
and applications designed to assist rehabilitation medicine.

This thesis investigates Al algorithms designed for motion monitoring and evaluation
in rehabilitation exercises. These algorithms were explored to assess exercise quality, facil-
itating personalized adjustments to rehabilitation plans based on individual patient data.
Through real-time analysis of movement patterns, the proposed technologies support con-
tinuous patient monitoring, offering timely feedback during exercise sessions. This approach
not only ensures adherence to prescribed therapeutic regimens but also enhances the overall
quality of care by promoting precise, data-driven decision-making in rehabilitation programs.

The integration of Al-powered monitoring systems into home-care settings has the po-
tential to alleviate the burden on healthcare infrastructure, improve patient outcomes, and
bridge the accessibility gap for individuals in remote or underserved regions. These innova-
tions pave the way for a sustainable model of delivering personalized rehabilitation services,
fundamentally redefining care delivery within modern healthcare ecosystems. This thesis
aims to drive a paradigm shift from traditional clinic-centered care to a home-based model
by demonstrating the effectiveness of Al assistive solutions in rehabilitation. This trans-
formation holds the potential to provide more tailored, efficient, and accessible healthcare
services, meeting the evolving needs of diverse patient populations while optimizing resource
utilization. Al assistant tools will provide guidance, encouragement, and reminders, fostering
greater self-empowerment and adherence to prescribed therapy regimens. This is particularly
vital for elderly patients who may face challenges in adhering to rehabilitation plans due to
diminished motivation to engage consistently in therapeutic exercises at home. Al-assisted
systems can provide patients with personalized feedback on their performance, motivating
them to adhere more consistently to their prescribed rehabilitation protocols. This approach

has the potential to improve clinical outcomes and enhance patient satisfaction and overall
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quality of life. The integration of Al into home-based rehabilitation services holds signifi-
cant potential to reduce operational costs while enhancing service delivery efficiency. This
aligns with European policy initiatives to improve care for aging populations and address the
growing need for innovative healthcare solutions that can adapt to societal changes driven
by demographic aging.

The broader impact of this research lies in redefining rehabilitation services by fostering
more accessible, responsive, and efficient healthcare solutions. It addresses the urgent global
need for high-quality, cost-effective, and scalable home-based treatments, which are increas-

ingly crucial as healthcare systems adapt to the growing demands of an aging population.
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