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ABSTRACT

Introduction: Stroke is a leading cause of long-term disability worldwide and frequently
results in persistent upper-limb motor impairments. Accurate motor assessment is essential for
rehabilitation planning and monitoring recovery. This assessment is traditionally performed
using standardized clinical scales, such as the Fugl-Meyer Assessment (FMA), which require
trained healthcare professionals, can be time- and resource-intensive, and involve subjectivity,
as scores may vary across evaluators. Moreover, they cannot be easily administered remotely,
and repeated in-person evaluations can be difficult for individuals with mobility limitations.
Faster and more objective assessment approaches could enable more frequent evaluations and
improve the tracking of motor recovery. Although recent advances in digital health, exergames,
and Artificial Intelligence (AI) have enabled alternative solutions, many existing systems rely
on specialized motion capture sensors, time-consuming software, or non-interpretable Al
models, limiting accessibility, scalability, and clinical adoption. Objectives: This thesis aims
to develop and evaluate a sensor-free, lightweight, and interpretable approach for post-stroke
upper-limb motor assessment embedded into a rehabilitation exergame. The proposed system
simultaneously provides therapeutic exercises and automatically estimates upper-limb motor
performance during gameplay using only a standard camera, enabling supervised remote use.
Specifically, the objectives are to (i) review existing automated motor assessment methods and
their relationships with kinematic game parameters, and (ii) propose and preliminarily validate
a low-cost exergame framework capable of estimating clinical motor impairment using simple
and transparent kinematic features. Materials and Methods: A systematic review was
conducted to analyze current technologies and computational approaches for automated upper-
limb motor assessment after stroke, identifying the most used game parameters. Based on these
findings, an experimental study was developed using a Unity-based rehabilitation exergame
controlled by arm movements captured with a standard camera and processed using the
MediaPipe framework. Sixteen kinematic and spatiotemporal features were extracted from two-
dimensional hand and arm trajectories during gameplay. Twelve individuals with chronic stroke
(24 upper limbs) participated, with bilateral FMA scores used as the clinical reference.
Correlation analyses, exhaustive feature selection, and multiple linear regression modeling
were performed to estimate FMA scores, with exploratory comparisons to alternative machine
learning models. Results: The systematic review indicated that most existing approaches
depend on external sensors or computationally complex methods, often limiting interpretability

and real-world applicability. In the experimental study, some gameplay-derived and clinically



interpretable features, including average hand aperture, and spatial exploration area, were
significantly correlated with FMA scores. A lightweight multiple linear regression model
demonstrated strong predictive performance for affected limbs (Spearman p = 0.92, R? = 0.89,
RMSE = 4.42) and accurately stratified motor impairment severity, achieving accuracies
between 86% and 93%. More complex machine learning models did not outperform the
interpretable regression approach. Conclusion: This thesis demonstrates that sensor-free, low-
cost, interpretable and lightweight computation models for post-stroke motor assessment can
be embedded into rehabilitation exergames using kinematic features derived from a standard
camera, and be potentially valid for motor function assessment. Further tests with more games
and populations are needed to generalize the result. Integrating assessment into gameplay
reduces clinical workload, enables high-frequency monitoring, and improves accessibility for

telerehabilitation.

Keywords: Stroke rehabilitation; Motor assessment; Exergames; Telerehabilitation; Fugl-

Meyer Assessment.



GRAPHICAL ABSTRACT

Al-DRIVEN LIGHTWEIGHT MOTOR ASSESSMENT EMBEDDED
IN AN EXERGAME FOR POST-STROKE REHABILITATION
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Phase 2: Vision-Based Motion Tracking
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1 INTRODUCTION

The introduction clarifies the main concepts for understanding this work, its relevance,

its context within the current literature, as well as its hypothesis and objectives.

1.1 Theoretical foundation

1.1.1 Stroke demographics

A cerebrovascular accident, commonly referred to as a stroke, is a major neurological
condition and remains one of the leading causes of adult neurological impairment and long-
term disability worldwide. A stroke affects around 795,000 individuals annually in the United
States (2021), with overall stroke prevalence of 3.3% of the population (2017-2020) and
increasing with advancing age in both males and females (MARTIN et al., 2024). Globally, the
burden of stroke continues to increase, with more than 93.8 million stroke survivors in 2021
(FEIGIN et al., 2024). Among survivors aged 65 years and older, over half experience persistent
reductions in mobility and motor control, which are strongly associated with a decline in quality

of life (LOHSE et al., 2014) and functional abilities (KIPER et al., 2014).

1.1.2 Virtual Reality

Current theoretical frameworks define Virtual Reality (VR) as a computer-generated
simulation that enables users to perceive and interact within a digital space as though it were
real (MENDEZ et al, 2025; SLATER; SANCHEZ-VIVES, 2016). Although VR has
traditionally been associated with head-mounted displays (HMDs), such as the Apple Vision
Pro (Figure 1), it can also be experienced through more accessible configurations, including
smartphone or computer screens, which represent non-immersive or semi-immersive forms of
VR (BOWMAN; MCMAHAN, 2007). These systems still provide meaningful virtual
experiences by enabling real-time interaction and perceptual engagement, and align with the
objective of this work, which is to test an accessible system. The adoption of HMD-based
systems is limited due to their high cost, technical complexity, motion sickness concerns, and
limited availability in institutional or clinical settings, making non-immersive solutions more

feasible for broader implementation (ANTHES et al., 2016; CIPRESSO et al., 2018).
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Figure 1 — Example of a Head-Mounted Display (Apple Vision Pro)

Source: VAUGHN RIDLEY / COLLISION / SPORTSFILE (2024). Collision 2024 — VR3_1509.
Available at: https://commons.wikimedia.org/wiki/File:Collision 2024 -
VR3 1509(53800584710).jpg.
Licensed under Creative Commons Attribution 2.0 Generic (CC BY 2.0).

1.1.3 Serious games and exergames

Within this context, serious games are digital games designed with a primary purpose
beyond entertainment, including education, training, health promotion, or rehabilitation.
(MICHAEL; CHEN, 2006). Moreover, exergames represent a specific subset of serious games
in which physical exercise constitutes a core interaction mechanism (MANSER et al., 2025).
An example of an exergame using motion-based interaction is shown in Figure 2, where a

player performs physical gestures to control actions in a virtual golf game.

Figure 2 — Player interacting with a golf exergame with a television display (using Kinect motion
sensor, pictured below the screen)

Source: SERGEY GALYONKIN (2013). Kinect golf at Gamescom 2013. Available at:
https://commons.wikimedia.org/wiki/File:Kinect golf at Gamescom 2013 (9588476123).j

Licensed under Creative Commons Attribution-ShareAlike 2.0 Generic (CC BY-SA4 2.0).


https://commons.wikimedia.org/wiki/File:Collision_2024_-_VR3_1509_(53800584710).jpg
https://commons.wikimedia.org/wiki/File:Collision_2024_-_VR3_1509_(53800584710).jpg
https://commons.wikimedia.org/wiki/File:Kinect_golf_at_Gamescom_2013_(9588476123).jpg
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1.1.4 Motion function rehabilitation and assessment

Upper limb rehabilitation in post-stroke patients typically involves structured,
repetitive, and task-oriented exercises designed to promote neuroplasticity and restore
voluntary motor control. Depending on severity and type of lesion, interventions may include
range-of-motion exercises, constraint-induced movement therapy, robot-assisted training, and
mirror therapy, which aim to stimulate motor pathways and improve coordination, strength, and
dexterity (VEERBEEK et al., 2014; WINSTEIN et al., 2016).

Continuous monitoring of the patient’s motor function is essential because stroke
recovery is a dynamic and non-linear process influenced by neuroplasticity, therapy intensity,
and adherence. Regular assessments allow clinicians to track progress, adjust rehabilitation
goals, and personalize therapeutic interventions, ensuring that recovery strategies remain
aligned with the patient’s evolving abilities and limitations (BERNHARDT et al., 2017,
LANGHORNE; BERNHARDT; KWAKKEL, 2011).

In physiotherapy, there are methods for assessing motor functionality traditionally used
and based on a broad scientific base for many decades, such as the Fugl-Meyer Assessment
(FMA) (FUGL-MEYER et al., 1975), the Wolf Motor Function Test (WOLF et al., 2005) and
the Box and Block Test  MATHIOWETZ et al., 1985).

1.1.5 The Fugl-Meyer Assessment

The FMA, published in 1975, is among the most widely used and validated instruments
available today, being considered one of the gold standards for post-stroke motor evaluation. It
is a comprehensive and well-established assessment, noted for its reliability, sensitivity to
change, and clinical applicability (GLADSTONE; DANELLS; BLACK, 2002).

This scale has been consistently reported in numerous studies in the current stroke
rehabilitation literature using exergames (ALLEGUE et al., 2022; BURDEA et al., 2022;
JIANG et al., 2023). It consists of a checklist-based test, administered exclusively by a trained
clinician who observes and scores the patient’s ability to perform specific motor tasks, such as
reflexes, flexion, extension, and coordination movements of the elbow, shoulder, and hand, as
well as their synergistic patterns. Each movement is rated on a 3-point ordinal scale (0 = cannot
perform, 1 = performs partially, 2 = performs fully). The upper-limb section of the FMA is a
subsection of the full test, comprising 33 items and a maximum score of 66 points, which

represents normal motor function. The FMA was used in this preliminary study as the gold-
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standard comparison method. The complete version of the FMA used in this study is presented
in Annex L

Although the FMA is widely recognized for its comprehensiveness and psychometric
robustness, its clinical application can be challenging in practice. The test cannot be performed
remotely because it requires specific clinical instruments, while many post-stroke individuals
present mobility limitations. It also requires a trained examiner, can take considerable time to
complete: often between 30 and 60 minutes, and involves subjective scoring that may vary
among evaluators. In addition, performing all test items can be difficult for individuals with
severe cognitive impairments or limited endurance, occasionally resulting in incomplete
assessments (GLADSTONE; DANELLS; BLACK, 2002; PAGE; LEVINE; HADE, 2012).

These limitations can hinder its use both in regular rehabilitation with a clinician or in
remote monitoring contexts, emphasizing the need for simplified, automated, or technology-
assisted alternatives that preserve the validity of motor performance evaluation while reducing

examiner dependency and logistic burden.

1.1.6 Clinical applications of Virtual Reality and opportunities

In recent years, VR has become a multidisciplinary tool utilized in clinical medicine for
a variety of purposes, such as pain management (POURMAND et al., 2018), neurocognitive
impairment assessment (YEH et al., 2012), medical skill teaching (BARTEIT et al., 2021), and
physical rehabilitation (POURMAND et al., 2017; SANCHEZ-HERRERA-BAEZA et al.,
2020). The scientific literature indicates that VR has applications for visual, auditory, tactile,
and motor learning; it has a favorable impact on self-motivation; and it has also been used to
enhance post-stroke motor skills (PARK; LEE; LEE, 2013). Regarding this last area of research,
VR has not only been used for post-stroke rehabilitation (AHMAD et al., 2019; NOROUZI-
GHEIDARI et al., 2020; OLIVEIRA et al., 2026; WEBER et al., 2019), but also shows
potential for assessing motor functionality (ADAMS et al., 2019; KIM et al, 2016;
MASMOUDI et al., 2024; RODRIGUEZ-DE-PABLO, C et al., 2015).

As VR systems become increasingly capable of replicating real-world physical
environments, they present new opportunities for automated, remote, and continuous motor
assessment (LEE; LEE; KIM, 2018). VR-based training sessions can potentially reproduce
established clinical tests or correlate gameplay-derived parameters with standardized evaluation
metrics, such as the FMA (ADAMS et al., 2019; RAHMAN et al., 2023; TANNUS; NAVES;

MORERE, 2024). However, such integration of digital assessment remains limited in current
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clinical practice, primarily due to the lack of standardized protocols, interoperability challenges,
and accessibility constraints (MAGGIO et al., 2025). This gap highlights a promising area for
further research and development, especially with the emergence of low-cost, vision-based and
Al-assisted rehabilitation systems (KLEIN et al., 2024; RAHMAN et al., 2023).

Also, it would be interesting to further increase the independence of virtual therapy from
the real world, through telerehabilitation, as virtual therapy can offer opportunities to enhance
flexibility, convenience, cost-effectiveness, personalization, engagement, remote monitoring,
accessibility, data collection, and progress monitoring (CARMONA et al., 2023; POURMAND
et al., 2017b; RODRIGUEZ-DE-PABLO, CRISTINA et al., 2012).

1.1.7 Motion tracking for exergames

In exergame-based rehabilitation and monitoring, accurate motion tracking is essential
to ensure that a patient’s movements are correctly recognized, measured, and translated into
interactive virtual tasks. For post-stroke individuals, especially those with upper-limb
impairments, motion tracking must accommodate limited and asymmetric ranges of motion,
reduced fine-motor control, and compensatory movement patterns (TANNUS; NAVES;
MORERE, 2024; THOMSON et al., 2020). Various technologies have been used for this
purpose, including optical tracking systems (such as Microsoft Kinect and infrared cameras),
inertial measurement units (IMUs), wearable sensors, and electromechanical devices such as
exoskeletons or robotic arms (FABBRIZIO et al., 2023; GU et al., 2022; TANNUS; NAVES;
DE SA, 2021).

Although these systems can provide high-precision kinematic data, they also present
significant challenges for clinical and home-based applications. Optical systems typically
require specialized hardware, dedicated space, and proper lighting conditions. Wearable sensors
and exoskeletons, while capable of precise motion capture, are expensive, cumbersome to
calibrate, and difficult to use for patients with limited mobility or spasticity, often requiring
therapist assistance, which limits their accessibility outside laboratory environments
(THOMSON et al., 2020). Furthermore, the maintenance and calibration demands of such
equipment increase costs and reduce scalability in low-resource healthcare settings
(THOMSON et al., 2016).

In recent years, advances in computer vision and artificial intelligence (AI) have enabled
new approaches to human motion tracking without physical markers or specialized hardware.

Al-based pose estimation models can analyze standard video input from regular cameras to
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identify body landmarks and estimate joint angles in real time (LUGARESI ef al., 2019). These
methods significantly reduce cost and increase accessibility, opening new possibilities for
remote, low-cost, and scalable rehabilitation systems that can be integrated into exergames and
home-based motor assessment platforms (FABBRIZIO et al, 2023; GU et al., 2022;
RAHMAN et al., 2023).

1.1.8 MediaPipe

MediaPipe (GOOGLE, 2026), an open-source framework developed by Google
Research, represents a major milestone in Al-based human motion tracking. Initially released
in 2019, with the full-body solution introduced in 2021, it enabled a paradigm shift in real-time
pose estimation by optimizing the processing architecture of deep learning models (LUGARESI
et al., 2019). Before its introduction, most Al-based pose estimation frameworks were
computationally demanding, typically requiring dedicated GPUs or high-end workstations,
which limited their use on consumer-grade devices (CAO et al., 2021; NEWELL; YANG;
DENG, 2016). In contrast, MediaPipe enables the detection and tracking of multiple human
joints directly on low-power devices, mobile platforms, and web browsers, achieving
substantially higher efficiency than earlier systems.

Beyond its relatively lightweight computational design, a key advantage of MediaPipe
is its independence from depth sensors, external markers, or specialized motion capture
equipment. This characteristic makes the framework particularly suitable for low-cost, scalable,
and remote rehabilitation applications, where accessibility and ease of deployment are essential.

In this work, two models from the MediaPipe framework were employed: the full-body
and hand estimation models, illustrated in Figure 3. Both models estimate anatomical
landmarks using only a standard color camera and provide 3D coordinates for each landmark
at every frame.

Despite the advantages, MediaPipe presents limitations when compared to depth-
sensing systems such as Microsoft Kinect. As it relies exclusively on 2D camera input, its 3D
reconstruction is inference-based rather than derived from direct depth measurements, meaning
that the Z-coordinate does not represent absolute depth. Consequently, estimation errors tend
to increase in scenarios involving occlusions, rapid movements, or complex joint rotations

(GUO et al., 2025).
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Figure 3 — MediaPipe hand and full-body landmark estimation models

(b)

(a) Hand landmark estimation model, illustrating the detection of anatomical key points of the hand
using a monocular RGB camera.
(b) Full-body pose landmark estimation model, showing upper- and lower-body joint tracking from
RGB input.
Source: MediaPipe documentation (GOOGLE, 2026).
Licensed under Creative Commons Attribution 4.0 International (CC BY 4.0).

Nevertheless, MediaPipe can provide a favorable balance between accuracy, portability,
accessibility, and usability that remains unmatched by traditional hardware-dependent motion

capture systems.
1.2 State of the art
1.2.1 Related works
In the context of the emerging technological opportunities, in recent years, some
initiatives have sought to automate post-stroke motor assessment through digital, sensor-based,

or Al-assisted approaches. These studies vary widely in terms of sensing modality,

computational complexity, and clinical applicability.
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Some approaches focused on mobile-based evaluations. For instance, SONG; CHEN;
et al., (2019) developed a smartphone-based system that estimated upper-limb motor scores
using the smartphone’s embedded inertial sensors and decision tree algorithms, achieving
significant correlation with the Fugl-Meyer Assessment (FMA) (R? = 0.78).

Other studies incorporated commercial motion sensors or optical systems to increase
accuracy. NIE et al., (2021) proposed an open-source portable solution to estimate wrist
kinematics from two commercial devices, one using IMUs and another using optical markers.
BAletal., (2015) also utilized IMUs to quantify upper-limb motion during neurorehabilitation,
demonstrating that wearable sensors can provide precise temporal and spatial data correlated
with motor recovery. PALANI et al., (2022) combined the MediaPipe framework with IMUs
to estimate joint angles in real time, validating the hybrid potential of combining computer
vision with wearable technologies. Likewise, CHEN et al., (2023) proposed an automatic
quantitative assessment tool that predicts the hand sub-score of the FMA scale using special
optical motion capture devices’ data and decision trees, achieving an RMSE of 17.4 points in a
dataset of 79 participants. Although effective, these systems required external hardware and
calibration, limiting their scalability and user independence. Also, they were not integrated into
a rehabilitation software.

Other recent advances aimed to integrate the automated motor assessment into the
rehabilitation game, although not eliminating physical sensors. JIANG et al., (2023) introduced
a Kinect-based serious game that applies fuzzy inference to estimate motor function, obtaining
an accuracy of 93.5% when compared with the FMA.

In a comprehensive review, RAHMAN et al., (2023) analyzed Al-driven rehabilitation
and assessment systems, concluding that although deep learning models can achieve high
predictive accuracy, they generally lack interpretability and demand large, annotated datasets.
The need for explainable, low-complexity solutions remains evident.

Finally, more interactive approaches have integrated rehabilitation and assessment into
serious games. SONG; DING; et al., (2019) also explored augmented-reality games to enhance
engagement and mental state while tracking motion recovery. JIANG et al., (2023)’s serious
game demonstrated that gamified assessment can both motivate patients and objectively
quantify motor function. These findings support the integration of functional evaluation into

therapeutic gameplay, a concept further advanced by the present work.
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1.2.2 Challenges and research opportunities

While many of these systems are promising, they often require dedicated assessment
time, lack interpretability, need external sensors (such as depth cameras or IMUs), rely on
complex architectures, and cannot be applied remotely. In contrast, combining motor
assessment directly into the rehabilitation game using only the game display device camera
could offer potential advantages: it could decrease the need for separate clinical evaluations,
reduce monotony, increase engagement, and enable real-time, high-frequency tracking of
recovery without burdening therapists or patients. This integration could promote scalability,
remote use, and personalization, allowing stroke survivors to be continuously monitored during
gameplay using simple, transparent metrics that could reflect functional performance, facilitate

clinical understanding, and support generalization to other exergames in the future.

1.3 Hypothesis

The hypothesis explored in this work is that clinically meaningful assessment of post-
stroke upper-limb motor function can be achieved directly during therapeutic gameplay, using
only a low-cost, camera-based exergame powered by Al motion capture (MediaPipe).
Specifically, it proposes that simple and interpretable kinematic features extracted in real time
from 3D-simulated hand and arm coordinates, such as hand aperture, trajectory, range of
motion, and movement smoothness, can accurately predict standardized clinical scores (e.g.,

the FMA) without the need for specialized hardware or separate evaluation sessions.

1.4 Objectives

1.4.1 General objective

This research aims to develop and preliminarily validate a VR rehabilitation exergame
capable of simultaneously providing therapeutic engagement and quantitative motor assessment
for post-stroke patients. The study seeks to determine whether kinematic and gameplay-derived
features obtained during therapeutic sessions can be used to estimate the score of a standardized
clinical scale (the FMA), thereby demonstrating the potential of VR game data as an indicative

of motor recovery for remote monitoring.
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1.4.2 Specific objectives

To achieve this goal, the project was structured into three progressive phases, each

addressing distinct methodological and developmental aspects of the system.

Phase 1: Literature review

To conduct a comprehensive literature review to examine existing research on:

VR-based upper-limb rehabilitation in stroke patients;

Game-based assessments for post-stroke motor function;

Correlations between VR game data (e.g., 3D coordinates, game score, and time)
and established clinical scales for upper-limb function assessment (e.g., FMA);
Feasibility and usability of VR systems for home-based rehabilitation in stroke

patients.

Phase 2: Pilot study with therapist

Refine the design of an exergame for clinical relevance and effectiveness;

Define specific VR game features for data collection;

Pilot test the VR system with post-stroke patients under therapist supervision,
collecting gameplay data and clinical scale scores;

Analyze the correlation between VR game data and clinical scale scores to assess

the potential validity of the VR system as an assessment tool.

Phase 3: Preliminary validation

Further improve the interaction and design of the exergame;

Retest the system with more post-stroke patients;

Extract interpretable kinematic and spatiotemporal features (e.g., hand angle,
movement area, and trajectory) and correlate them with clinical FMA scores;
Evaluate the predictive capacity of lightweight statistical models (e.g., linear

regression) to estimate FMA-equivalent digital scores from gameplay data.



27

1.5 Justification and relevance

1.5.1 Reduction of evaluator subjectivity in motor assessment

A central limitation of conventional clinical scales used in post-stroke rehabilitation is
their dependence on the evaluator’s judgment. Although the Fugl-Meyer Assessment is
extensively validated and widely adopted, its scoring relies on visual inspection and manual
rating by trained examiners, which may introduce inter-rater and intra-rater variability
(DUNCAN; PROPST; NELSON, 1983; GLADSTONE; DANELLS; BLACK, 2002). By
extracting quantitative kinematic features directly from patient movement, the proposed
approach can reduce reliance on subjective interpretation and introduce a more objective layer
of motor assessment. This can contribute to greater consistency in monitoring motor

performance across sessions, evaluators, and clinical contexts.

1.5.2 Patient motivation and engagement through playful assessment

Traditional motor assessments are often perceived by patients as time-consuming and
repetitive, which may negatively affect engagement, particularly during long-term
rehabilitation (GLADSTONE; DANELLS; BLACK, 2002). Integrating evaluation into the
rehabilitation exergame can transform assessment into a faster and more enjoyable activity,
embedded within a playful and goal-oriented task. This design can increase patient motivation
and adherence, as the evaluation process becomes part of an engaging therapeutic experience

rather than a separate clinical procedure.

1.5.3 Remote assessment and rehabilitation feasibility

The proposed framework can enable both rehabilitation and motor assessment to be
performed remotely, using commonly available devices, such as smartphone, tablet or
computer. This capability can be especially relevant for post-stroke individuals who face
transportation difficulties or geographic barriers to accessing clinical facilities. Remote
assessment also can benefit therapists by reducing the need for frequent in-person evaluations,
enabling a better time efficiency in their appointments, as well as supporting more flexible and

scalable rehabilitation workflows.
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1.5.4 Cost reduction for patients and healthcare systems

Another important justification for this work is the potential reduction in economic
burden associated with post-stroke rehabilitation using games. By eliminating the need for
specialized hardware, such as depth cameras, wearable sensors, or robotic systems, the
proposed solution can lower equipment costs. Additionally, partial automation of the
assessment process reduces the number of therapist hours dedicated exclusively to evaluation,
while remote use minimizes patient transportation expenses. Together, these factors contribute

to a more cost-effective and sustainable rehabilitation model.

1.5.5 Interpretability and generalization of assessment outcomes

Unlike computational algorithms that provide limited insight into how predictions are
generated, this work emphasizes the use of simple and interpretable kinematic features (e.g.,
average hand aperture, maximum 2D movement range). These features are directly linked to
observable motor behaviors, facilitating clinical understanding and trust in the assessment
outcomes. Importantly, this interpretability allows the framework to be generalized to other
exergames with similar interaction mechanics and can support future game design decisions.
Even if the exact estimation of standardized clinical scores is not sufficiently validated or
trusted, the extracted metrics can still provide an approximation of motor status and recovery

trends, enabling continuous monitoring and supporting data-driven therapeutic decisions.

1.6 Chapter organization

This doctoral thesis was written in an alternative article-based format, in accordance

with the regulation of the Postgraduate Program. Therefore, this work is organized as follows:

Chapter 1: Introduction

Chapter 1 provides the conceptual and theoretical background necessary to understand
the research, including its context, relevance, and objectives. The opening sections present the
theoretical foundation on stroke rehabilitation, VR, exergames, motion tracking technologies,

and Al-based assessment systems. Then, the state of the art is analyzed, finding potential
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research opportunities. Accordingly, the hypothesis and objectives of this study are defined and

justified. Finally, the current section outlines the overall structure of the thesis.

Chapter 2: Results and discussion

This chapter presents an integrated discussion of the results and scientific contributions
from the three peer-reviewed papers presented in this document. It analyzes their
methodological evolution, the relationship between their findings, and their impact on post-
stroke rehabilitation.

The first paper, Post-Stroke Functional Assessments Based on Rehabilitation Games
and Their Correlation with Clinical Scales: A Scoping Review (Medical & Biological
Engineering & Computing) (TANNUS; NAVES; MORERE, 2024) corresponds to Phase 1 of
the study objectives, and reviewed the correlation between rehabilitation game metrics and
clinical scales, emphasizing that interpretable models embedded in gameplay can provide
reliable digital biomarkers and reduce therapist workload.

The second paper, Low-Cost Vision-Based 3-D Elbow Tracking for Post-Stroke
Rehabilitation: Development and Pilot Evaluation of a Serious Game (IEEE Transactions on
Neural Systems and Rehabilitation Engineering, 2025) (TANNUS et al., 2025), corresponds to
Phase 2 of the study objectives, describing the design and pilot testing of a low-cost exergame
using RGB-based 3D elbow tracking.

The third paper, AI-Driven Low-Cost Rehabilitation Exergame as a Lightweight
Framework for Stroke Assessment (TANNUS; VALENTINI; NAVES, 2026), corresponds to
Phase 3, introducing an Al-powered exergame that integrates automated motor assessment

during gameplay.
Chapter 3: Conclusion
A conclusion regarding all the contributions of this thesis is presented, as well as future

works. The final subsection lists all the conference and journal productions published during

the doctorate studies.
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Annexes

The annex compiles supplementary materials relevant to the thesis, including Annex I:

Full version of the Fugl-Meyer Assessment for Upper Limbs.
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2 RESULTS AND DISCUSSION

This chapter discusses the main findings and scientific contributions of the three
published works derived from this doctoral research, highlighting their methodological
evolution, interconnection, and impact on the field of technology-assisted stroke rehabilitation.
Together, these studies illustrate a progressive research trajectory from the development of a
low-cost, vision-based exergame for motor training to the creation of an Al-driven framework

potentially capable of automated functional assessment during gameplay.

2.1 Literature review

2.1.1 Context and Summary

This section presents the full reproduction of the article entitled Post-stroke functional
assessments based on rehabilitation games and their correlation with clinical scales: A scoping
review, published in Medical & Biological Engineering & Computing (TANNUS; NAVES;
MORERE, 2024). The reproduction of this material has been formally authorized by Springer
Nature, in accordance with the publisher’s copyright policies.

This article constitutes a fundamental component of the present doctoral thesis,
corresponding to Phase 1 of the research objectives, which focuses on the systematic
investigation of existing approaches for automated motor assessment in post-stroke
rehabilitation using VR and game-based systems. It establishes the theoretical and
methodological foundation upon which the subsequent experimental developments of this
thesis are built.

The primary objective of the study was to evaluate whether motion data automatically
collected during interaction with rehabilitation games and VR simulations can be considered
clinically valid when compared to standardized physiotherapy assessment scales. To this end,
a scoping review was conducted following PRISMA guidelines, analyzing studies published
over the past decade that correlate in-game parameters with conventional clinical measures of
upper-limb motor function.

A total of 14 studies involving 244 post-stroke participants were included in the review.
The findings indicate that 85.7% of the studies reported positive or strongly positive
correlations between game-derived metrics and clinical scales such as the FMA, Wolf Motor

Function Test, Box and Blocks Test, and Action Research Arm Test. The most used in-game
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parameters were categorized into three main groups: (i) game scores, (ii) kinematic variables
(e.g., movement speed, smoothness, joint angles), and (iii) time-based metrics.

Despite these promising results, the review also highlights important limitations in the
current state of the art. Most existing systems rely on specialized hardware, such as motion
capture sensors, robotic devices, or depth cameras, which restrict accessibility, scalability, and
real-world applicability. Additionally, the heterogeneity of methodologies and the relatively
small sample sizes limit the generalizability of the findings.

Therefore, this article provides critical evidence supporting the feasibility of using
game-derived data as digital biomarkers for motor function assessment, while simultaneously
identifying key research gaps. These gaps directly motivate the contributions of this thesis,
which aims to develop a low-cost, sensor-free, and interpretable assessment framework
embedded within an exergame, using only standard camera input and lightweight

computational models.
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Abstract

Considering that stroke is one of the main causes of adult impairment and the growing interest in Virtual Reality (VR) as
a potential assessment and treatment tool for the rehabilitation of stroke patients, a scoping review was conducted to check
whether user’s motion data obtained from VR games and simulations can be clinically valid. This was done by reviewing
studies on parameters for assessing the functional skills and rehabilitation progress using data from VR games or simulations.
Then, identifying the most widely used and validated parameters for the quantification of motor ability in a virtual environ-
ment and suggesting challenges for future research. For the validation of the parameters obtained from the VR software, only
the studies that correlated them with traditional physiotherapy scales were considered. In December 2022, a search of the
following databases was performed: IEEE Xplore, ACM Digital Library, PubMed and PEDro. The selection criteria were
studies published in English during the past 10 years, with upper-limb based interaction and tested on more than one stroke
patient. A total of 14 were included in the PRISMA scoping review. Favorable results were found in 12 of the 14 studies,
which reported positive or strongly positive correlations with clinical scales, even when diverse variables were used. In-depth
research using a larger sample size is needed. The results demonstrate that data collected while playing a virtual serious game
has the potential to be clinically valid, after conducting high-quality supportive studies with controlled variables, potentially
helping the practice in terms of time and resources.

Keywords Virtual reality - Stroke - Rehabilitation - Scoping review - Games

Abbreviations 1 Introduction
ARAT Action Research Arm Test
BBT Box and Blocks Test A cerebrovascular accident, the medical term for what is
CAHAI  Chedoke Arm and Hand Activity Inventory commonly known as stroke, is a type of neurological dis-
FMA Fugl-Meyer Assessment order and the main reason for adult neurological impair-
MAL Motor Activity Log ment and serious long-term disability. Moreover, every
MAS Modified Ashworth Scale 40 s, someone in the USA has a stroke, totaling more than
MMSE Mini-Mental State Examination 795,000 people every year [1]. In more than half of stroke
PRISMA Preferred Reporting Items for Systematic survivors above age 65, mobility remains reduced. These
Reviews and Meta-Analyses motor abnormalities are linked to a decline in quality of life
TEMPA  Upper Extremity Performance Test for the [2] and functional abilities [3].
Elderly To restore neurological functions that have been lost or
VR Virtual Reality impaired as a result of stroke brain damage, a variety of
WMFT Wolf Motor Function Test techniques can be used [4]. While Virtual Reality (VR) first
gained popularity in the late 1980s and early 1990s, it has
59 Julia Tannus only just began to be developed and explored during the
julia.tannus95@gmail.com past ten years as a potential tool for assessment and treat-

_ o o _ ment within the neurorehabilitation field [5]. The cost of the
Faculty of Electrical Engineering, Assistive Technologies devices has drastically decreased, and widespread access to
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o ) advancements in the systems, have increased their use [6].
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In several technological fields, particularly in videogames,
VR has recreated itself. On various commercial platforms,
including PlayStation, these kinds of games have gained
popularity.

VR is the use of a user-computer interface that simulates,
in real-time, an area, scenario, or activity, allowing the user
to interact through many sensory inputs [1, 7]. In recent
years, VR has become a multidisciplinary tool utilized in
clinical medicine for a variety of purposes, such as pain
management [8], neurocognitive impairment assessment
[9], medical skill teaching [10], and physical rehabilitation
[11]. The scientific literature indicates that VR has applica-
tions for visual, auditory, tactile, and motor learning; it has
a favorable impact on self-motivation; and it has also been
used to enhance post-stroke motor skills [12]. Regarding this
last area of research, VR has not only been used for post-
stroke rehabilitation [7, 13, 14], but also shows potential for
assessing motor functionality [15-17].

VR games and simulators have several classification sub-
categories. One of the important distinctions is related to
the user's level of immersion, which can be classified into
two groups: immersive and non-immersive systems [18].
Immersive VR systems can use, for instance, VR glasses,
projection on a large screen or in caves, leading the user to
experience a disconnection with the real world. On the other
hand, non-immersive VR systems are those used on common
computer screens, video game consoles and mobile devices,
in which the user can still visualize the real world; however,
his mental presence is focused on the virtual simulation. In
addition to the display, there are also other input and out-
put devices that can be used in VR, for example, motion
trackers, exoskeletons, sensors, bionic gloves, treadmills,
etc. These systems are interesting resources to produce an
environment similar to the real one, in which it is possible to
manipulate the content, duration, intensity and feedback to
create a prescription for physical exercises at home. Train-
ing management is related to the quality of recovery after
stroke. Moreover, the main advantage of VR interventions
over conventional treatment is that patients see it as a fun
exercise game rather than a monotonous treatment, which
can be used anytime and anywhere, leading to improvements
in motivation and adherence to treatment [19].

Considering the current literature, more than a decade
ago, in 2007, Henderson et al. [18] concluded that the sci-
entific evidence on VR in stroke rehabilitation was limited.
Later, in 2014, Lohse et al. [2] stated that VR therapy rep-
resents a significant advantage over conventional therapy in
terms of body function, activity results, and participation in
the treatment. These authors also stated that research in this
field was limited. More recently, in 2017, a Cochrane review
performed by Laver et al. [20] showed favorable results
of VR in addition to conventional therapy on upper limb
motor function, but that VR was comparable to conventional

@ Springer

therapy. This implies that more evidence can be collected to
affirm the effectiveness of VR therapy.

Also, it would be interesting to further increase the inde-
pendence of virtual therapy from the real world, as the vir-
tual therapy can offer opportunities to enhance the flexibility,
convenience, cost-effectiveness, personalization, engage-
ment, remote monitoring, accessibility, data collection and
progress monitoring. In traditional physiotherapy, there are
methods for assessing motor functionality traditionally used
and based on a broad scientific base for many decades, such
as the Fugl-Meyer Assessment [21], the Wolf Motor Func-
tion Test [22] and the Box and Block Test [23]. As VR is
increasingly capable of simulating the real world, the patient
potentially could also be evaluated from data collected while
playing VR games, either by reproducing the test in the vir-
tual world or capturing parameters and correlating them with
the conventional methods. This, however, was not found as
being a common practice today. In this way, the purpose of
this scoping review was to identify initiatives that aimed to
collect real-time parameters during gaming or simulations
and correlate them with conventional measures of motor
skill. The review examined the scientific evidence gener-
ated and explored the potential of this method.

2 Materials and methods
2.1 Search strategy

The Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) standards for systematic reviews
and meta-analyses were followed when conducting and
reporting the current review [24].

A search of the literature was made in December 2022, on
the following databases: IEEE Xplore, ACM Digital Library,
PubMed and PEDro. The Boolean search terms utilized are
described in Table 1.

2.2 Eligibility criteria
The eligibility criteria used to select the articles were: (i)
published in the last 10 years (2012-2022), in order to get

updated research information; (i) English language; (iii) not

Table 1 Boolean search terms for the systematic review

Games game
Stroke AND
stroke
Functional assessment AND
(function assessment)
Excluding factors: reviews NOT

("meta-analysis” OR review)
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reviews or meta-analyses; (iv) any study design; (v) tested on
more than one adult stroke patient; (vi) intervention based
on video games that use immersive, semi-immersive, and
non-immersive VR technologies to simulate virtual envi-
ronments on computers, video game consoles, mobile apps,
and VR glasses; (vii) upper limbs-based interaction; (viii)
computerized assessment parameters generated during-play;
(ix) correlation of this parameters with a standard clinical
scale for motor function of upper limbs or cognition. Studies
whose full text was not accessible were excluded.

2.3 Study selection and data extraction

We started by conducting a search using the combination
of Boolean terms across all the databases mentioned previ-
ously. After reading the title and abstract, potentially rele-
vant articles were found, and duplicates were removed, using
an automated tool. To gather the papers included in the cur-
rent scoping review, a thorough verification of conformity
with the inclusion criteria was then completed.

The process of choosing studies was made by two review-
ers, carefully extracting data from each one. From each
article in the review, the following details were taken out:
authors, country, conference or journal, year, number of par-
ticipants, intervention (the software description), interaction
method (device or artifact used to play the game or simula-
tion), in-game assessment parameters (the parameters auto-
matically collected by the software while playing), clinical
scales used for correlation (with the computerized param-
eters) and the correlation results obtained.

In addition, we considered the population, intervention,
control, outcome, and study design (PICOS) approach [24]
to design the study selection:

Population: VR games and simulations for post-stroke
rehabilitation;

Intervention: any user test that involves playing the post-
stroke game or simulation;

Control: none taken into account;

Outcome: user’s data collected through the virtual game
or simulation and the application of a traditional physi-
otherapy scale for assessing the upper limbs post-stroke;
Study design: Randomized Controlled Trial, cohort, case—
control, case series, observational, quasi-experimental or
crossover studies.

3 Data analysis

Some data of the studies were extracted to better charac-
terize them. Tables and graphs were made to present the
most relevant information. They are: frequency of studies
by country; frequency of studies in journal or conference;

frequency of studies by year and weighted average of years;
box plot of the number of subjects per study, showing maxi-
mum, minimum, mean and overall distribution; most used
clinical scales; and correlations outcomes distribution. The
software used to create the figures and tables was Microsoft
Excel.

4 Results
4.1 Search results

Database searches were performed using the above-men-
tioned combination of keywords, and a total of 340 docu-
ments were retrieved. After duplicates were eliminated, 327
articles were screened for eligibility. In total, 14 studies were
selected to be reviewed and analyzed. Figure 1 describes in
detail the entire selection process in the respective phases.
The primary characteristics of the studies are displayed in
Table 2.

4.2 General data
Regarding the countries from which the studies are, it was

found that most of them came from the USA, with a total of
seven studies. Greece, Australia, The Netherlands, Spain,

—
= . . Records removed before
2 Records identified from*: screening:
E IEEE Xplore (n =30) Duplicate records removed
= ACM (n=164) » (n=13)
= N 3
s PubMed ("__ 129) Records marked as
= PEDro (n=17) ineligible by automation
___ tools (n = 0)
— Records removed for other
0 L reasons (n=0)
i :
§ Records screened > —
g (n=327) Records excluded (n = 313)
Reasons:
- 1. Didn’t test on more than
— one stroke patient
=, Al 2. Didn’t test virtual games or
o . .
-] Lo . . simulations
% SlLEllle: included in review 3. Didn’t use a clinical scale
E (| =14 for assessment
L 4. Didnt use a game or

simulation parameter for

assessment

The game or simulation

parameters  were  not

compared with the clinical

scales

6. The interaction method is
not based on upper limbs

7. Full-text not accessible

8. Review

9. Not in English

w

Fig.1 PRISMA 2020 flow diagram for the studies selection [15]. Alt
Text: A diagram with studies identified, screened and included, with
reasons. 327 studies were screened and 14 were included
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Fig.2 Frequency distribution of
studies by country. Alt Text: A
world map with coloured coun-
tries, the darker the country is
coloured, higher the frequency
of studies. The majority of the
studies came from the USA
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Fig.3 Frequency distribution of studies by year. Alt Text: A bar chart
showing the frequency of studies per year. 2017 and 2014 had the
most studies, with three each

Serbia and the UK had a single study represented. The dis-
tribution by country can be found in Fig. 2. It can be seen
that there is a concentration of studies in few countries, with
only 10 countries being represented, even though they are
from four different continents.

Studies are also well distributed between journal and con-
ferences, with 50% and 50% (7 studies for each method of
publication). Regarding the year published, on average, the
articles were published in 2016, with a standard deviation
of approximately 3 years, which shows a relatively even dis-
tribution per year (Fig. 3).

Concerning the number of participants in the studies, a
total of 244 individuals were involved. The study by Serra-
dilla et al. [36] had the highest number, with 33 subjects, and
the study by Astrakas et al. [25] had the lowest number, with
eight participants. The average number was 17.42 (Fig. 4),
which shows that the data from all studies must be applied to
a larger population to be statistically confirmed for a relevant
group of people.

@ Springer
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Fig.4 Box plot of number of participants in the studies. Alt Text:
A box-plot chart with the number of participants in the studies. The
maximum number was 33, the minimum was 8, and the median was
17.4

4.3 Clinical scales

Nine different clinical scales were used to correlate data
with. The most frequently used were the Fugl-Meyer Assess-
ment (FMA) [21], appearing in eight studies, followed by the
Box and Blocks Test (BBT) [23] and Wolf Motor Function
Test (WMFT) [38], with four uses, each, and the Action
Research Arm Test (ARAT) [39], with three uses. This can
be better visualized graphically in Fig. 5.

Regarding the most popular clinical scales found,
the FMA is an assessment index, specifically designed
for post-stroke hemiplegic patients, that comprises
five domains, with 155 items total. They are: (i) motor
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%

Fig.5 Frequency distribution of clinical scales used in the studies.
Alt Text: A pie chart showing the clinical scales most used in the
studies. The most frequent were FMA (8 times), WMFT and BBT (4
times)

functioning; (ii) sensory functioning; (iii) balance; (iv)
joint range of motion; and (v) joint pain. This scale
requires several different tools, and approximately
30-35 min to be administered. It results in classifications
for impairment severity, out of 100 points, being 100 the
normal movement [21]. It has a significant amount of evi-
dence proving its validity and good reliability, based on
several studies in the literature, carried out over the years
since the proposal of the FMA, in 1975 [40, 41].

Moreover, the ARAT is an assessment scale comprised
of 19 items, proposed in 1981. Its items are categorized into
four domains: (i) grasp; (ii) grip; (iii) pinch; and (iv) gross
movement. The performance is rated on a 4-point scale,
ranging from 0 to 3, being 3 the normal movement [39].
This test has also several studies supporting its validity. Fur-
thermore, the ARAT has high concurrent validity with the
FMA for upper limbs [42].

Another popular scale was the BBT. This test differs from
the FMA and the ARAT in that it is not a questionnaire or
an observational score, but a coordination exercise, which
determines the score of the patient directly. The components
to apply the BBT are: a wooden box, divided in two com-
partments, and 150 blocks. The individual is instructed to
move as many blocks as possible, one at a time, from one
compartment to the other for a period of 60 s. The number of
blocks carried over to the other compartment is the patient’s
score of the BBT [23]. This scale is also well-known for
upper-limb assessment post-stroke. Since its proposal, in
19835, it has been validated by several studies. For instance,
Desrosiers et al. [43] showed that the BBT score has an
adequate convergent validity with the FMA and excellent
convergent validity with the ARAT.

Another scale that stood out was the WMFT, which con-
sists of 21 items, separated in three parts: (i) time; (ii) func-
tional ability; and (iii) strength. Tasks, such as “lift a can”,
are given, which must be completed as quickly as possible,
with a time limit of 120 s. Then, a questionnaire must be
filled, generating a 6-point score, from 0 to 5, with 5 being
the normal movement. The WMFT was initially proposed
in 2001, and showed agreement with the FMA score [38].

As found in the present review, other studies in literature
also show that the FMA, ARAT, BBT and WMFT scales are
popular for measuring post-stroke rehabilitation progress.
For instance, a systematic literature review by Santisteban
et al. [44] found a similar distribution, with the FMA being
the most commonly used scale (36% of the studies), fol-
lowed by the WMFT (19%). The ARAT (18%) was posi-
tioned as the 5™ most popular, and the BBT (12%), as the 9™
This review also showed that only 15 measures were used in
more than 5% of studies, which is similar to the distribution
found here, that shows a tendency of only a few top scales
to be used repeatedly.

In addition to the FMA, ARAT, BBT and WMFT, five
scales were found, less than two times each, which are:
MMSE (Mini-Mental State Examination) [45], CAHAI
(Chedoke Arm and Hand Activity Inventory) [46], MAL
(Motor Activity Log) [47], TEMPA (Upper Extremity Per-
formance Test for the Elderly) [48] and MAS (Modified
Ashworth Scale) [49]. Among these, only the MAS (listed
as “Ashworth”) and MAL were found as “popular” in [44],
that is, were used in more than 5% of the studies.

4.4 Interaction methods

Motion tracking devices are used as input for rehabilitation
exercises in a VR game. Many technologies and devices
have been tested in recent years in post-stroke rehabilitation
games [50]. These tracking devices can be classified into:
mechanical, magnetic, vision (depth-based, marker-based,
markerless), inertial and ultrasonic.

Among the interaction methods found in the chosen
studies, the most popular were the following: (i) Microsoft
Kinect [51] and Leap Motion [52], depth cameras systems
capable of skeleton tracking, used five times [3, 5, 6, 14,
20]; (ii) inertial sensor or Wii remote controller [52], motion
sensing devices, such as accelerometers, used three times
[3, 10, 21]; (iii) exoskeletons or other mechanical robotic
devices, used three times [2, 7, 41]; (iv) touch screen, used
three times [11-13]; (v) other devices: the “MusicGlove”, a
custom glove with electrical contacts on the fingertips, used
two times (by the same author) [19, 53]; and (vi) magnetic
motion sensors, used once [36]. These results are in line with
the current literature, which cites Kinect, Leap Motion and
Wii among the most popular motion trackers for post-stroke
rehabilitation [54, 55].
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4.5 User’s data parameters from the games

This review sought studies that assessed the validity of user
data parameters obtained from game software by correlat-
ing them with a clinical scale. Therefore, any data acquired
through the game software during the user's engagement with
it, regardless of the type of clinical study, was considered in
this review if it was also obtained in conjunction with a rel-
evant clinical physiotherapy scale for the same patient. Only
the scales that had some form of upper limb test in them were
considered. In this way, it can be compared, for the same popu-
lation, if the data obtained from the software and the score
from the clinical scale are positively correlated. As mentioned
previously, this correlation calculation was an inclusion crite-
rion for the study. If the calculation was not made, the study
was excluded from this review.

Therefore, in the studies found, among the virtual data cap-
tured while the user plays, some different categories could be
noticed and separated. They were, in order of most used: game
score, used in eight studies; kinematic parameters, such as the
speed and smoothness of movement, used in six studies; and
time variables, such as shortest time to finish a level, used in
three studies (Table 3).

4.6 Correlation with clinical scales

When reporting the correlation between the clinical scale(s)
used and the measurements obtained while using the software,
12 of the 14 studies reported positive or strongly positive cor-
relations, which represents 85.7% of all studies. Only the study
by Cidota et al. [32] showed a negative correlation and the one
by Lee et al. [26] showed mixed correlations, that is, positive
for some parameters and negative for others (Fig. 6).

4.6.1 Game score

In the work of [25], it was tested a robot-assisted therapy,
consisting of a labyrinth serious game, in combination with a
robotic device, MR_CHIROD, which is a newly re-designed
robotic hand rehabilitation device, engineered to provide
adjustable levels of force for handgrip exercising. In this study,
the following serious game elements were collected: number
of collisions, rewards and total score. Also, the clinical scales
utilized were the FMA, ARAT, BBT and MAS. They observed
several strong correlations between clinical motor scale scores
with game metrics. Among those, the strongest correlations

Table 3 Categories of the assessment parameters of the games

Game score [25, 27, 29-31, 34, 35, 37]
[17, 26, 28, 32, 33, 36]

[27,29, 32]

Kinematic parameters
Time variables

@ Springer

Mixed

Negative

Positive

Fig.6 Correlation results of the in-game parameters with clinical
scales. Alt Text: A pie chart showing the correlation results of game
parameters with clinical scales. Most of the results were positive

found were the number of collisions with the BBT (p=-0.670,
p<0.001), the number of collisions with the FMA (p=-0.642,
p<0.001), followed by the score with the BBT (p=0.636,
p<0.001), where p is the Spearman correlation coefficient and
p is the p-value.

Another study to find that the game score was positively
correlated with the FMA was [30]. However, they used a
different form of interaction than [25]. This time, an inertial
sensor integrated in a motion tracking device was used. They
found a significant positive correlation between game score
and the FMA in one of the groups (r=0.86, p=0.03), where
r is the Pearson correlation coefficient and p is the p-value.

Moreover, the study by [31] also tested the FMA to game
score correlation. In their work, however, another form of
interaction was utilized, which is the Wiimote, even though
the Wiimote can be considered in the inertial sensor cate-
gory. They demonstrated that clinical assessments and game
score demonstrated improved motor function for all patients
at post-therapy (p <0.01), where p is the p-value, so that was
considered a positive correlation for this review.

In another study [35], the Leap Motion controller was
used to interact with the serious game. Again, the game
score and the FMA were compared. The game score showed
high correlation with both FMA (r=0.72, p<0.05), and
BBT (r=0.86, p<0.01) scores, where r is the Pearson cor-
relation coefficient and p is the p-value. Moreover, they sug-
gested that the game score could be a good indicator of the
hand function due to these results.

Furthermore, some studies compared the game score with
other clinical scales. The studies [27] and [29], both by the
same author, used the MMSE. The form of interaction was
a touch screen. They calculated the normalized root mean
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square error between the actual and estimated MMSE scores,
obtaining a result of 5.3%, along with machine learning
tests, which was considered as a good probability that their
game could predict a MMSE score accurately.

Moreover, the studies [34] and [37], both by the same
author, used a proprietary electronic glove device to inter-
act with the game. They compared the game and the BBT
scores, finding a significant linear relationship between
them (p<0.001, r=0.89), where r is the Pearson correla-
tion coefficient and p is the p-value, which is also a strong
correlation.

4.6.2 Kinematic parameters

Kinematic parameters are measurements obtained using
electronic devices capable of capturing specific body
movements. For example, the Microsoft Kinect can track
body coordinates, including joint speeds and angles. Other
devices, such as inertial sensors, exoskeletons, and artificial
intelligence-aided cameras, also enable the capture of such
kinematic data.

The study [26], for instance, measured some kinematic
parameters such as movement offset, speed and efficiency,
with Microsoft Kinect. They compared the kinematic
parameters with FMA, TEMPA and WMFT scores, using
the Spearman correlation. As a result, several of the motor
indicators were highly correlated with the evaluation scales.
For example, the correlation between movement speed and
the FMA was positive (p=0.807, p<0.01).

The study by [33] specifically sought to identify the
motion kinetics extracted from the VR based rehabilita-
tion that were significantly correlated with the functional
improvement. They also used Kinect for capturing kinematic
data, such as mean speed, velocity and smoothness. They
also tested the correlation against FMA and WMFT, there-
fore being similar to [26]. They stated that the correlation
was positive, but did not inform the correlation coefficients.

Another study that used kinematic parameters and Kinect
was [32]. Unlike the majority of the studies found, this used
an Augmented Reality game, instead of a VR one. As kin-
ematic parameters, they used the ARAT test movements to
capture joint velocities, angles and trajectories. This was the
only study in this review to find no significant correlations
between the movements captured in real world (ARAT) and
movements in the virtual world. They did not inform the
specific correlation coefficients.

Moreover, the study by [17] tested kinematic variables
against FMA, ARAT and WMFT, which were popular in this
category. However, instead of Kinect, they used a low-cost
robotic system to capture movement. A correlation analysis
between the clinical scales and the different games’ scores,
kinematic and kinetic measures extracted from robot was
done. The results from this test were mostly statistically

significantly correlated with the clinical scales, for example,
the range of movement measured with the FMA and with
their system had a correlation of 0.68, p<0.01.

However, the study [36] was different. Firstly, they were
the only one to use the CAHALI test. Also, they used mag-
netic motion tracking, which wasn’t popular among the stud-
ies. Moreover, they made a complex form of analysis, which
involved 320 kinematic variables, to characterize how well
the movement was performed, such as speed, fluency and
synchrony. They could demonstrate cross-sectional validity
with great correlation coefficient (r=0.998, p<0.001); and
longitudinal validity within the subjects, with good correla-
tion (r=0.54, p<0.001).

Moreover, the study by [28] used a sensor fusion method,
based on Kinect and a inertial sensor to capture motion
information. They used variables not found in other studies,
such as elevation angle and azimuth angle of joints relative
to other points. Also, they did specifically the movements
requested by the FMA, while recording virtually with the
inertial sensor. They found these data had a good correlation
with the real result from the physician (r=0.902, p<0.001),
where r is the Pearson correlation coefficient and p is the
p-value.

4,6.3 Time variables

Besides the game scores and kinematic parameters, variables
that were time-related were also found. This include time to
finish a phase of the game, for instance.

The studies by [27] and [29], mentioned previously, also
used time variables, mixed in with the game score, such
as shortest time, longest time and mean time to clear the
stages. They didn’t specify the time variables correlations,
but only provided information about the total correlation
(time + game score variables), which was positive.

The study by [32] used the Spearman’s rho (p) to investi-
gate if characteristics of movements in Augmented Reality
were related to movements in the real world, captured with
the ARAT. They stated that no significant correlations were
observed between them, not informing the specific values
of p.

5 Discussion

Due to their various advantages over traditional therapies,
VR-based systems have the potential to be used as physical
intervention tools. These benefits include their affordability,
mobility, and interoperability with other systems, in addition
to the capacity to give patients immediate feedback and the
opportunity to employ games to motivate participants [56].
Additionally, the use of VR in home-based therapies may be
successful in stroke recovery [57].
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The data gathered in this review made possible to notice
that multiple combinations of interaction devices, data
parameters and assessment scales were used. Also, it was
found an expressive predominance (85.7%) of favorable cor-
relations between the virtual data captured during interac-
tion with the VR system and the real data obtained from
traditionally used clinical measurements. However, the
combinations between devices and scales were so varied
that it is not possible to affirm a specific pair of features that
performed consistently. Nevertheless, some combinations
found repeatedly were the game score parameters and FMA
scores, found in four studies, and Kinect and FMA param-
eters, found in three. It was also possible to tell that the game
scores included several different forms of motion capture,
while the kinematic parameters were frequently captured
with Kinect, in four from the six studies from this category
[26, 28, 32, 33].

Among all the studies, only one had found no correlations
between clinical measurements (ARAT) and the game uti-
lized [32]. They used Kinect and the ARAT test, both popu-
lar options among the studies. The only difference between
this and the other studies, was that this used an Augmented
Reality game, instead of a VR one. However, this cannot be
used to affirm that this always brings a negative correlation,
because there is not enough evidence or an obvious relation-
ship between them.

Therefore, it would be interesting to analyze which spe-
cific parameters always correlate with specific scales, in
order to find rules and patterns to be applied, preventing
errors. Also, it was verified the need for more participants
in the studies, which is necessary to make a statistically rel-
evant statement to be applied to a larger population.

6 Conclusion

This scoping review's objective was to assess VR games and
simulations for post-stroke rehabilitation that recorded data
from the users while they were playing and correlated the
acquired information with traditional physiotherapy scales.
The data parameters could be classified into three catego-
ries: game score (eight studies), kinematic parameters (six
studies) and time variables (three studies). Moreover, the
clinical scales used the most were the FMA (eight studies),
the WMFT and BBT (four studies each). The great majority
of the retained studies (12/14) found positive correlation
between these data and the well-known scales. Combina-
tions of game variables and physiotherapy scales commonly
used were the game scores and FMA and kinematic param-
eters from Kinect and FMA.

In this way, we can suggest that some game parameters, in
particular, game score, kinematic parameters and time vari-
ables can be linked to the design of games and simulators in

@ Springer

VR for post-stroke rehabilitation and be treated with greater
importance, since all of them showed potential clinical valid-
ity, in the different setups and combinations.

However, researches using a larger sample size and a vari-
ety of software, scales, and parameters are needed to estab-
lish that parameters coming from assessment in VR have the
same validity as the actual testing scales. As an initial effort,
this study can point to a promising direction.

Finally, according to Pietrzak et al. [58], the need to
incorporate video games based on VR systems in stroke
rehabilitation should be emphasized, in addition to facili-
tating the use of the service for therapy centers and home
treatments. Thus, their use could become common practice,
in addition to potentially assisting in the clinical assessment
of motor performance, virtually and in real time, improv-
ing practice and saving time and resources for patients and
therapists.
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2.1.2 Key Findings and Implications

The reproduced article provides a comprehensive overview of the current landscape of
VR-based and game-based motor assessment in post-stroke rehabilitation, highlighting both the
potential and the limitations of existing approaches. Its findings justify the research problem
addressed in this thesis.

In summary, the review demonstrates that game-derived parameters can achieve
clinically meaningful correlations with established assessment scales, suggesting that
rehabilitation games have potential to serve not only as therapeutic tools but also as instruments
for objective functional evaluation. Among the different types of parameters analyzed,
kinematic features and game performance scores emerged as particularly relevant indicators of
motor function.

However, the study also reveals that most existing solutions depend heavily on external
sensors, complex hardware setups, or non-transparent computational models. These factors
limit their applicability in real-world clinical settings, especially in scenarios involving remote
monitoring or low-resource environments. Furthermore, the lack of standardization across
studies and the predominance of small-scale experiments highlight the need for more scalable,
accessible, and interpretable solutions.

Within the context of this thesis, these findings directly informed the design choices of
the proposed system. They motivated the transition from hardware-dependent approaches to a
vision-based, sensor-free framework, as well as the adoption of interpretable kinematic features
and lightweight modeling techniques. By addressing the limitations identified in the literature,
the subsequent phases of this research aim to advance the field toward more practical and

clinically applicable solutions.
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2.2 Pilot test

2.2.1 Context and Summary

This section presents the full reproduction of the article entitled Low-Cost Vision-Based
3-D Elbow Tracking for Post-Stroke Rehabilitation: Development and Pilot Evaluation of a
Serious Game, published in IEEE Transactions on Neural Systems and Rehabilitation
Engineering (TANNUS et al., 2025). This article is distributed under a Creative Commons
Attribution 4.0 International License, which permits reproduction, distribution, and adaptation,
provided appropriate credit is given to the original authors.

This work corresponds to Phase 2 of the research objectives of this doctoral thesis and
represents the transition from theoretical investigation to practical system development. While
the previous study established the clinical relevance of game-derived metrics for motor
assessment, this article focuses on the design, implementation, and validation of a low-cost
technological solution capable of capturing clinically meaningful movement data during
rehabilitation exercises.

The main contribution of this study is the development of a vision-based exergame
system for real-time 3D elbow angle estimation, using only a standard RGB camera and simple
physical markers. Unlike conventional approaches that rely on depth sensors, wearable devices,
or robotic systems, the proposed method employs color segmentation and geometric
reconstruction techniques to estimate joint angles without specialized hardware.

The system architecture integrates four main modules: camera calibration, color-based
marker detection, an interactive exergame environment, and a motion report module. Together,
these components enable real-time tracking, adaptive gameplay, and automated performance
feedback. The exergame was designed to promote repetitive elbow flexion and extension
movements within an engaging and task-oriented virtual environment.

To evaluate the proposed solution, a comprehensive experimental protocol was
conducted, including technical validation and usability testing. The results demonstrated that
the system achieves high angular accuracy (error below 5°) for clinically relevant movement
ranges up to approximately 110°, when compared to a goniometer reference. Additional
analyses showed robustness across different calibration conditions, marker sizes, and camera
distances, as well as predictable degradation under high-speed motion or peripheral image

regions.
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Furthermore, a comparative evaluation against the Al-based MediaPipe framework
revealed that the proposed method provides more stable and reliable estimations in occlusion
scenarios, particularly when the arm is positioned close to the torso. This highlights the
advantage of the geometric approach over purely Al-based pose estimation in specific
rehabilitation contexts.

A usability study conducted with eight post-stroke participants resulted in a mean
System Usability Scale (SUS) score of 92.5, indicating excellent user acceptance and
suggesting the feasibility of the system for real-world and home-based rehabilitation
applications.

In conclusion, the central idea of this work is that it is possible to accurately measure
joint movement in three dimensions using only a simple camera and low-cost markers, enabling

accessible and scalable rehabilitation solutions without the need for expensive equipment.
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Abstract— Stroke is a leading contributor to long-term
disability worldwide, and rehabilitation often relies on
costly devices, limited infrastructure, or labor-intensive
protocols. While virtual reality-based exergames have
gained popularity for promoting patient engagement, most
rely on proprietary sensors or wearable electronics, lim-
iting accessibility and clinical adaptability. This study
presents the design, implementation, and pilot evalua-
tion of a custom exergame that estimates the 3D elbow
angle using a single RGB camera and two colored
spheres as markers, eliminating the need for special-
ized hardware. The proposed system performs camera
calibration, color segmentation, geometric 3D reconstruc-
tion, and real-time elbow angle estimation using low-cost
equipment. Extensive technical tests revealed robust per-
formance, with angular errors below 5° for joint amplitudes
under 110°, and consistent accuracy across different light-
ing conditions, marker sizes, and distances. Additional
tests showed that excessive sphere velocity (>20 cm/s) or
proximity to image corners increased error due to motion
blur and lens distortion, respectively. The system outper-
formed the Al-based MediaPipe framework in occluded-arm
scenarios. Regression analysis showed strong correlation
(r = 0.70) between movement velocity and angular error.
Usability testing with eight post-stroke participants yielded
a mean SUS score of 92.5/100. The proposed solution
is a promising alternative for home-based, sensor-free
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rehabilitation, supporting personalized exercise routines
and remote progress monitoring.

Index Terms— 3D tracking, computer vision, elbow joint,
post-stroke rehabilitation, serious games, telerehabilita-
tion, user-centered design.

|. INTRODUCTION

TROKE is a major global health concern, recognized as

the second leading cause of death and the third leading
cause of disability [1]. One in four people will experience
a stroke in their lifetime, regardless of sociodemographic
background [2]. In 2020, a stroke occurred every 40 seconds
in the United States [1]. Despite therapeutic efforts, 30% to
66% of stroke survivors experience persistent arm dysfunction
after six months [3], [4], [5], and only 5% to 20% achieve
complete functional recovery [6], [7]. This loss of upper limb
function significantly compromises patients’ autonomy and
quality of life.

Although physical therapy is the cornerstone of motor
rehabilitation, traditional programs are often time-consuming,
resource-intensive, and limited in availability, especially in
remote regions [6]. These programs can also be tedious and
financially burdensome, requiring patient transportation to
clinical sites. In contrast, video game-based rehabilitation has
emerged as a motivational and accessible alternative [8], [9].
Virtual reality games have proven capable of engaging stroke
patients in repetitive motor tasks that support neuroplasticity
and motor recovery [10].

However, accessibility challenges persist. Many health pro-
fessionals report barriers related to the cost and availability
of therapeutic technology [9], often relying on commer-
cial exergames like the Wii Remote [11] or Kinect [12],
[13]—devices not originally designed for post-stroke patients.
Additional solutions include wearable electronics, such as
IMUs [14], [15], [16], LeapMotion [13], or robotic rehabil-
itation systems [17], [18], but these frequently involve high
costs, maintenance, and limited adaptability. These limitations
have prompted the development of custom low-cost alterna-
tives [19], [20], [21].

Commercial games are also limited in therapeutic
scope, often lacking personalized tasks, safety monitoring,

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/
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or clinically validated performance metrics [9]. Consequently,
stroke-specific solutions are needed. Accurate measurement of
elbow range of motion is particularly relevant, as spasticity—a
condition characterized by involuntary muscle contractions—
affects 19% to 43% of post-stroke individuals [22]. Elbow
angle tracking can aid in assessing motor recovery and tai-
loring rehabilitation [23], [24]. Also, it can help to detect
compensatory movements such as torso adjustments, thus
encouraging proper motor execution aligned with conventional
rehabilitation protocols [25].

Depth-sensing cameras and wearable IMUs can track 3D
joint motion effectively [24], [26], but reliance on proprietary
hardware introduces concerns related to cost, obsolescence,
and mobile device integration. These constraints have led
researchers to explore vision-based systems that rely solely on
camera input, especially those enhanced by Artificial Intelli-
gence (Al), as scalable, low-cost alternatives for rehabilitation
without the need for external sensors [27].

In recent years, arm tracking with Al has seen significant
advancements [24], [28], [29], [30]. Al-powered systems are
now capable of tasks such as hand tracking and real-time 3D
pose estimation. Ready-to-use frameworks like MediaPipe [31]
have emerged to facilitate implementation. However, capturing
the elbow angle in 3D remains challenging for AI due to
occlusions, depth ambiguity, and reliance on monocular image
inputs, which often result in errors when estimating joint
positions beyond a 2D plane [32], [33]. Additionally, frame-
works such as MediaPipe do not provide real depth calculation
but only relative depth from a reference point (0), limiting
the accuracy of absolute 3D positioning. While relative 3D
coordinates are sufficient for many interactive applications,
clinical assessments and progress tracking require absolute
spatial measurements (e.g., in centimeters or degrees) to
evaluate range of motion, reach, and joint angles over time.

Furthermore, real-time performance requires considerable
computational resources, primarily due to the need for deep
neural networks that process high-dimensional feature spaces,
perform complex pose estimation, and require GPU acceler-
ation or specialized hardware for inference [24]. At times,
traditional image processing, such as color segmentation, can
solve a given problem without the need for Deep Learning
calculations, thus making a software more computationally
efficient [34].

In response to these challenges, this study presents an
exergame that integrates a low-cost, vision-based 3D elbow
tracking system. The proposed system was designed to be
capable of running on the user’s existing hardware, such as
a smartphone, tablet, or gaming laptop, without requiring any
additional sensors. The system uses two color-coded spheres,
which can be produced using basic stationery materials, with
an estimated cost of USD 5, and geometric depth projection
to estimate elbow angle in real time. This flexibility and
minimal material requirement qualify the solution as low-cost
and suitable for scalable, home-based rehabilitation.

This custom-built game supports personalized rehabilitation
exercises and includes a progress monitoring tool to assist
therapists. Unlike previous solutions, it delivers absolute 3D
joint measurements using only monocular RGB video, with
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Fig. 1. Overview of the proposed system architecture. The pipeline
includes four main modules: (1) Camera Calibration Module, which
compensates lens distortion through checkerboard pattern analysis;
(2) Color Calibration Module, where the system detects colored spheres,
estimates their 3D position, and computes the elbow angle in real
time; (3) Exergame Module, where the estimated angle controls the
virtual character and gameplay difficulty is adjusted dynamically; and
(4) Motion Report Module, which provides feedback reports including
performance metrics and progress tracking.

no dependence on proprietary depth sensors or wearables.
This work details the development and pilot evaluation of the
system, aiming to validate its accuracy, feasibility on mobile
devices, and potential for clinical use.

II. MATERIALS AND METHODS

This section will cover the materials and methods used for
developing and testing the software.

A. System Overview and Architecture

The proposed system architecture follows the diagram
shown in Fig. 1. The system comprises four interconnected
modules: Camera Calibration, Color Calibration, Exergame,
and Motion Report. The Camera Calibration Module ensures
accurate motion capture by compensating for lens distortion
using a checkerboard pattern. The Color Calibration Module
processes the captured images through segmentation, esti-
mates 3D positions, and calculates elbow angles based on
detected markers. This data is fed into the Exergame Module,
where patients control an on-screen character through their
movements, with adjustable difficulty levels for personalized
therapy. Finally, the Motion Report Module analyzes move-
ment performance, providing coordination tests and progress
reports, which can be sent via email. Together, these modules
enable precise motion tracking and interactive rehabilitation
through engaging gameplay.

The system was developed using Unity 2020.1.17 game
engine (https://unity.com/), selected for its flexibility,
performance and cross-platform support. Three-dimensional
modelling, texturing and animation was done with
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Left <t Right

Fig. 2. lllustration of the character control mechanism in the exergame.
Up and down movements are controlled by elbow flexion and extension,
while left and right movements are controlled by shoulder internal and
external rotation.

Blender 2.79 (https://www.blender.org/), a free and widely
adopted tool. The 2D vectors were created using the software
GIMP — GNU Image Manipulation Program, version 2.10.36
(https://www.gimp.org/), a free alternative to commercial
image editors. The OpenCV-Unity integration was done using
the OpenCV plus Unity 1.7.1, a free plugin [35]. OpenCV —
Open Computer Vision Library 4.6 (https://opencv.org/) was
used for camera calibration, image segmentation, and 3D
reconstruction. It was chosen for its documentation and good
performance.

The application was developed and tested on a laptop
equipped with an Intel Core i7 processor, 32 GB of RAM, and
an NVIDIA GTX 1660 Ti GPU, ensuring real-time execution
at approximately 30 frames per second.

The system was designed for autonomous use by patients,
with optional therapist support. A training video guides
users through setup, calibration, and gameplay. Initial calibra-
tion includes camera distortion correction using checkerboard
images and color calibration to define sphere color, diam-
eter, and forearm length. This enables real-time 3D elbow
angle estimation via image segmentation and geometric
reconstruction.

The exergame is set in a beach environment, where elbow
flexion controls vertical bird movement and shoulder rotation
controls horizontal movement (Fig. 2). The character con-
trol was designed to encourage repeated elbow flexion and
extension, which are fundamental movements in upper limb
rehabilitation. Additionally, the game incorporates cognitively
engaging tasks to stimulate attention, planning, and reaction
time, all within a motivating and playful context. The objective
is to collect virtual fruits, with performance metrics displayed
in real time (Fig. 3).

At the end of the session, a motor coordination test requires
tracing an on-screen pattern with the sphere. After completion,
the system generates a report and sends it via email. All data is
stored in the cloud, enabling remote monitoring and progress
tracking by therapists.

B. Elbow Angle Estimation Pipeline
1) Camera Calibration: To mitigate lens distortion, intrinsic
and extrinsic parameters of the camera were obtained using

Fig. 3. Exergame scenario.

OpenCV’s implementation of the Brown—Conrady distortion
model [25]. A checkerboard pattern with 10 x 7 squares
(23.3 mm) was printed and captured from 50 different angles.
The model corrects both radial and tangential distortions:

« Radial distortion:
Xeorr = X (1 + kir? + kor? +k3r6)
Yeorr =¥ (1 + ki 4 kar? +k3r6)
« Tangential distortion:

Xeorr = X + I:zp]x.y + p2 (""2 + 2)(2)]
Yeorr =¥ + I:P] (r2 + 2)’2) + 2p2x.y:|

where 2 = x? + v* and ki, ko, k3, p1, p2 are the
distortion coefficients.

2) Marker Segmentation: The system uses two colored
spheres (4 cm diameter) attached to the arm, one on the
shoulder and the other on hand. Frames are preprocessed with
blurring, morphological filtering (erosion and dilation), and
HSV-based color thresholding. Contours are identified and
filtered based on circularity and size constraints. The centroid
of each contour is extracted and stored as the 2D marker
position in pixel space.

3) 3D Reconstruction via Perspective-n-Point: Given the
camera’s intrinsic matrix and the known radius and position
of the spheres in real-world coordinates, their 3D posi-
tions (X, Y, Z) were retrieved using the Perspective-n-Point
algorithm [36].

u
sluv
1

=K[R|1]

- N~ =

where K is the camera matrix, and R, are rotation and
translation vectors.

4) Elbow Angle Estimation: Using 3D positions of the shoul-
der and the hand spheres S and H, the Euclidean distance
d= || S—H H was computed. Assuming known distances from
elbow to each sphere (d; and dz)—measured and provided
during the configuration stage, and computing the third side
dz (distance from shoulder to hand), the elbow angle ¢ was
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(X2, Y2, 23)
ds
d;
(X3.Y3,Z5)
G -
d,
(X1, Y1, Zy)

Fig. 4. The elbow angle (6) is computed at the vertex formed by
the three-dimensional points corresponding to the shoulder (X1, Yy, Z4),
elbow (X3, Yo, Z>) and hand (X3, Y3, Z3), using distances dy, do and d3
as triangle sides.

Webcam

Fig. 5. Representation of the goniometer with spheres attached for the
angle value test.

derived from the Law of Cosines:

2 2 2
0 = cos™! dil +d2 _d3
2did»

This method allows accurate angle estimation in 3D space
under free arm movement (Fig. 4).

C. Evaluation Protocols

1) Accuracy of Joint Angle Estimation: To assess the accu-
racy of the elbow joint angles estimated by the system,
we conducted a controlled validation procedure using a manual
goniometer as the reference instrument. This device is widely
considered the clinical gold standard for joint angle measure-
ment. As illustrated in Fig. 5, two 4 cm-diameter polystyrene
spheres of different colors were affixed to the distal ends of
the goniometer arms to emulate anatomical landmarks of a
human upper limb.

The goniometer was placed on a vertical plane, aligned
parallel to the webcam of a standard laptop positioned 40 cm
away. The webcam (HD 1280 x 720 resolution) had been
previously calibrated with 50 reference images to correct for
lens distortion and improve 3D triangulation fidelity. During
the test, the goniometer arms were manually adjusted at 10°
increments, spanning a range from 10° to 180°, and held static
at each target angle while 200 samples were acquired. This
value was empirically chosen as the highest round number
that allowed real-time acquisition.

The estimated angles were computed in real time, and the
distribution of values at each reference position was recorded.
For each angle, the arithmetic mean of the 200 estimated
values was used for comparison against the goniometer ref-
erence. The angular estimation error Ep was calculated as
the absolute difference between the estimated and reference
values, as defined by:

Ey = |9mninmr‘mr - ‘9.\)'3'3(!m| s

where Ejy is expressed in degrees. All recordings were con-
ducted in a controlled indoor environment with stable artificial
lighting to minimize external interferences.

2) Camera Calibration Robustness Analysis: To investigate
the impact of the number of calibration images on system
accuracy, seven calibration sets were assembled, containing 46,
25,10, 5, 3, 2, and 1 image(s), respectively. These values were
selected to simulate varying levels of calibration quality. Each
set was used independently to perform the camera calibration
described in Section II.

Following each calibration procedure, the goniometer was
positioned at a fixed angle of 60°, simulating a static joint
configuration. The same test setup described in the previous
test was used, maintaining the camera at a distance of 40 cm
from the goniometer, with the colored spheres approximately
centered in the image frame. For each calibration setting,
200 angle estimations were captured under identical environ-
mental conditions.

The standard deviation of the estimated angles for each
calibration set was computed as a measure of stability and
repeatability. In parallel, the reprojection error reported by
OpenCV was recorded, providing an indirect metric of cal-
ibration accuracy. Both metrics were plotted and analyzed to
determine the minimum number of images required to ensure
reliable system performance without unnecessary computa-
tional overhead.

3) Evaluation of Spatial Parameters on Measurement Accu-
racy: To investigate how variations in marker size and camera
distance influence angular estimation accuracy, a systematic
test was performed using five different diameters of col-
ored polystyrene spheres (3.0 cm, 3.5 cm, 4.0 cm, 5.0 cm,
and 6.0 cm). For each configuration, a pair of spheres of the
same diameter was affixed to the ends of a manual goniometer,
which was maintained at a constant angle of 60° throughout
the experiment.

The system was evaluated at four distances between
the camera and the goniometer along the z-axis: 40 cm,
80 c¢m, 120 cm, and 160 cm. For each combination of
sphere diameter and camera distance, 100 angular estima-
tions were acquired under fixed lighting conditions. The
webcam and calibration setup were the same as described
previously.

For each configuration, the mean estimated angle and
its 95% confidence interval were calculated. To evaluate
accuracy, the absolute angular error was computed sample
by sample as the absolute difference between each estimated
angle and the reference value of 60°. The mean absolute
angular error for each condition was then calculated across the
100 samples. A one-way ANOVA was performed separately
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for each distance to assess whether differences in mean
angular error across the five sphere diameters were statisti-
cally significant. The results were analyzed to identify which
combinations yielded the lowest angular errors, providing
insight into the optimal spatial conditions for system deploy-
ment in real-world rehabilitation scenarios.

4) Angular Error Mapping Across Image Coordinates: This
test investigated the impact of the spatial location of the
tracked markers (spheres) within the image frame on the
accuracy of elbow angle estimation. Even after camera cal-
ibration, peripheral image areas tend to exhibit residual
optical distortions, which may introduce systematic errors in
measurements.

The setup consisted of a goniometer fixed at 60°, with
two colored polystyrene spheres (4 cm diameter) affixed to
its arms. A webcam (1280 x 720 px resolution), previously
calibrated with 50 images, was placed 40 cm in front of the
device.

To isolate the effect of horizontal and vertical displacements,
the test was split into two components:

X-axis variation: the spheres were translated laterally across
the width of the image, from left to right, while maintaining a
constant Y-position. The horizontal coordinate of the rightmost
sphere was recorded, and the corresponding error was noted
as E,. 250 samples were recorded.

Y-axis variation: similarly, the spheres were moved ver-
tically from top to bottom, keeping the X-position fixed,
with vertical coordinate y recorded and respective error E.
250 samples were recorded.

The absolute angular error for each position was directly
recorded by the system and used to analyze the influence of
spatial location. The absolute angular error was defined as:
Ey = |9.s'y51em - 600‘-

Each set of measurements was modeled using a second-
degree polynomial regression

E,(x)= alx2 + arx + as
Ey (y) = b1y* 4 by + by

where Ey (x) and E\ (y) represent the angular error as a func-
tion of the horizontal and vertical coordinates, respectively.

5) Degradation of Angular Estimation Accuracy Under
Dynamic Conditions: To investigate how the movement speed
of the spheres affects the angular accuracy, a test was per-
formed with the goniometer fixed at an angle of 60°, using two
spheres of 4 cm in diameter, one on each arm. The goniometer
was manually moved up and down along the vertical (Y) axis,
introducing a range of movement speeds, until 250 values were
captured.

The Y-velocity of the spheres was calculated in cm/s using
frame-by-frame position differences captured by the camera.
The corresponding angular error was calculated for each frame
as the absolute difference from the target angle. The Pearson
correlation coefficient r between velocity v; and angular
error ¢; was computed using:

. > (v —v)(e; — @)
JE -9 (e -2

where v and e represent the means of velocity and error,
respectively.

A linear regression model was also fitted to predict the
angular error based on sphere velocity. An ANOVA test
was conducted across the velocity ranges to assess whether
differences in angular error were statistically significant.

6) Validation Against a Deep Learning-Based Pose Estima-
tion Framework: To evaluate the accuracy of the proposed
system under conditions that challenge Al-based pose esti-
mation, we compared it with a state-of-the-art deep learning
method, MediaPipe Pose Landmarker (Full Body) [31]. A sub-
ject was instructed to maintain the right elbow flexed at a fixed
angle of 90°, while the shoulder joint was slowly rotated from
left to right, sweeping the arm across the camera’s field of
view. This motion maintained the elbow at a constant angle,
but progressively altered the spatial positioning and silhouette
visibility.

To track joint positions, a 4 cm blue sphere was affixed to
the right shoulder and a 4 cm yellow sphere to the right hand.
The marker trajectory was recorded using a 720p webcam
positioned in front of the subject. The test took 7 seconds at
30 frames per second. The elbow angle was estimated through-
out the trajectory using both (1) the proposed marker-based
method, which applies geometric projection and perspective
correction based on the tracked spheres, and (2) MediaPipe,
which estimates elbow angles from 3D keypoints inferred
through skeletal pose detection.

Both methods were applied to the exact same video footage.
A Python script was used to compute the elbow angle from
the MediaPipe landmarks based on the angle formed by the
shoulder—elbow—hand keypoints. Prior validation ensured that
the presence of the spheres did not interfere with MediaPipe
detection.

7) Usability Evaluation With Stroke Patients: To assess the
perceived usability of the proposed system in a clinical setting,
a usability study was conducted involving eight post-stroke
patients. The System Usability Scale (SUS) [37] was employed
as a standardized instrument to quantify user experience and
interface satisfaction. Each patient answered 10 SUS items
on a 5-point Likert scale, ranging from “strongly disagree”
to “strongly agree.” These items evaluate key usability fac-
tors such as learnability, efficiency, confidence, and system
complexity.

Participants were selected based on the following inclu-
sion criteria: chronic stroke (> 6 months post-onset), mild
to moderate motor or cognitive impairment, and adequate
visual and auditory function to interact with the system.
Patients with severe cognitive deficits, communication barriers,
or uncontrolled comorbidities were excluded. Each participant
underwent supervised testing under the guidance of a licensed
physical therapist, and informed consent was obtained prior to
the sessions. Ethics approval was granted by the Federal Uni-
versity of Uberlandia (protocol no. 39232820.2.0000.5152).

The individual SUS item scores were plotted using a radar
chart to visualize user-specific perceptions across usability
dimensions. The final SUS score was computed as the mean of
individual scores converted to a 0-100 scale using the standard
SUS algorithm.



TANNUS et al.: LOW-COST VISION-BASED 3-D ELBOW TRACKING FOR POST-STROKE REHABILITATION

55

2887

Estimated vs. Reference Elbow Angles

—e— Estimated Angle R
---- ldeal (y = x) -

o 100
)
c
< 75

50

25

25 50 75 100 125 150 175
Reference Angle (%)

Fig. 6.  Comparison between reference angles obtained using a

manual goniometer and the mean estimated angles produced by the
system across the tested range (10°-180°). The dashed line represents
the ideal estimation (y = x). The solid line shows the mean values
obtained by the system. A deviation from the ideal trend is observed
for angles above 110°, indicating reduced accuracy in estimating wide
joint openings.

[1l. RESULTS

This section presents the experimental results obtained to
evaluate the performance of the proposed vision-based system
for elbow angle estimation during rehabilitation tasks.

A. Accuracy of Joint Angle Estimation

To evaluate the reliability of the proposed system in
estimating elbow joint angles, a controlled benchmark test
was conducted using a manual goniometer as reference. The
test setup and procedure were described in Section II. The
results, based on 200 samples for each reference angle from
10° to 180°, are presented in Fig. 6 and Table II

Fig. 6 illustrates the relationship between the system’s esti-
mated angles and the true reference angles. The ideal scenario
(where estimated = reference) is represented by a dashed
line. The system performs with high accuracy for angles
up to approximately 110°, closely following the ideal curve.
However, for obtuse angles, particularly beyond 120°, the
estimates increasingly deviate from the reference, revealing
the method’s limitations when the inter-sphere distance varies
slowly with respect to angle.

Table II summarizes the estimation performance in detail,
for each angle. To aid interpretation, the “Absolute Error (°)”
column is color-coded: green for low error (<5°), yellow for
moderate error (5°—10°), and red for high error (>10°). These
results suggest that the system is best suited for applications
involving flexion ranges up to 110°, where angular precision
remains within clinically acceptable limits.

B. Camera Calibration Robustness Analysis

To evaluate the effect of calibration dataset size on angular
estimation precision, the system was tested under identical
conditions using calibration sets with varying numbers of
images. As shown in Fig. 7, both the reprojection error
(in pixels) and the standard deviation of angle estimations
(in degrees) remained low and stable when using two or more
calibration images. However, a substantial increase in angular
variability was observed when calibration was performed with
only a single image, indicating poor geometric correction.

Effect of Calibration Dataset Size on Estimation Precision
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—8— Reprojection Error (px)
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Fig. 7. Effect of calibration dataset size on system precision. The graph
presents the standard deviation of estimated angles and the reprojection
error as a function of the number of images used during the calibration
process. A sharp degradation is observed with only one image.

Effect of Sphere Diameter and Camera Distance on Angular Error
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Fig. 8. Effect of sphere diameter and camera distance on angular

estimation error. Each line represents a different sphere diameter, and
error bars indicate 95% confidence intervals for the mean absolute error.
A consistent increase in angular error is observed with greater camera
distance. The lowest errors were observed for distances of 40-80 cm.

This result highlights that one image is insufficient to
capture the necessary distortion parameters for reliable camera
calibration. In contrast, the use of two calibration images
was found to be sufficient under the test conditions, yield-
ing comparable precision to larger datasets. No significant
improvements were observed when increasing the dataset
beyond this threshold, suggesting that the system is robust
to calibration size within this range.

C. Evaluation of Spatial Parameters on Measurement
Accuracy

This experiment investigated the influence of spherical
marker size and camera distance on the accuracy of elbow
angle estimation. The objective was to determine the optimal
combination of parameters for minimizing angular error. Five
different marker diameters (3.0 cm, 3.5 ¢cm, 4.0 cm, 5.0 cm,
and 6.0 cm) were tested at four distances from the camera
(40 cm, 80 cm, 120 cm, and 160 c¢m), while maintaining a
fixed goniometer angle of 60°.

The results are illustrated in Fig. 8. Angular error
increased consistently with greater camera distance across
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all sphere sizes. The ten configurations with the lowest errors
occurred at the shortest distances tested (40 and 80 cm),
with each sphere size represented at least twice among these
optimal results. Notably, larger markers (> 4.0 cm) demon-
strated more stable performance over increasing distances,
while smaller spheres showed a sharp rise in error at long
ranges.

A one-way ANOVA conducted for each distance confirmed
significant differences in angular error between marker diam-
eters (p < 0.001 at all distances).

These findings suggest that optimal system performance is
achieved when the camera is placed within 80 cm of the
markers, and that spheres ranging from 3.5 cm to 6.0 cm
are suitable for maintaining acceptable accuracy in clinical
applications,

D. Angular Error Mapping Across Image Coordinates

The regression analysis revealed that both horizontal and
vertical positions influence the angular estimation accuracy.
Specifically, the quadratic fit showed that the error is mini-
mized near the center of the image and increases towards the
borders, especially at the upper-left and lower-right corners.
This behavior is consistent with the expected distortion profile
from common consumer-grade lenses. The resulting equations
were:

« Horizontal (X axis):

E. (x) =2.52 x 107°x% — 0.03x + 12.02

« Vertical (Y axis)

Ey(y) =4.16 x 107°y* —0.03y +5.22

These models were derived using least squares fitting and
show a clear parabolic trend for both axes.

The heatmaps (Fig. 9) illustrate the spatial variability of
angular estimation accuracy across the image frame:

« Fig. 9a shows that the angular error along the X-axis is
minimal near the image center (x &~ 640 px) and increases
as the spheres approach the left or right edges.

« Fig. 9b reveals a similar pattern for the Y-axis, with lower
errors in the mid-height of the frame and higher errors
near the top and bottom boundaries.

These results align with the parabolic regression trends and
indicate that lens distortion and non-uniform calibration affect
peripheral areas more significantly. Therefore, patients should
ideally perform movements near the center of the image frame
for improved tracking accuracy.

E. Degradation of Angular Estimation Accuracy Under
Dynamic Conditions

The impact of sphere velocity on angular measurement
accuracy is illustrated in Fig. 10. Angular error remained
minimal below 10 cm/s and increased progressively at higher
speeds.

A Pearson correlation coefficient of r = 0.70 was obtained,
indicating a strong positive correlation between speed and
error. A linear regression model further demonstrated this
relationship, with the equation: Eg = 0.52v + 1.86.
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o Emaa 494
Absolute Angular Error (%)

Arak s & mad

& o ) e =
o N
Absolute Angular Error (%)

X Position (px)

Heatmap of Absolute Angular Error vs Y Position

IS [
Absolute Angular Error (°)

w

~

Absolute Angular Error (%)
(b

Fig. 9. a. Heatmap of absolute angular error as a function of hori-
zontal (X) position in the image. Lighter regions represent lower error.
b. Heatmap of absolute angular error as a function of vertical (Y) position
in the image. Lighter regions represent lower error.

Mean Angular Error by Velocity Range
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Fig. 10.  Mean angular error by velocity range, with 95% confidence
intervals (yellow area). A sharp increase in error confirms a statisti-
cally significant degradation in tracking accuracy at higher velocities
(ANOVA, p < 0.001).

An ANOVA test performed across velocity groups con-
firmed that the differences in angular error between speed
ranges were statistically significant (p < 0.001), reinforcing
the importance of movement speed in tracking precision.
These findings indicate that, to ensure accurate measurements,
users should perform movements at moderate and controlled
speeds.
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The comparison between the proposed marker-based solu-
tion and MediaPipe is illustrated in Fig. 11. The upper subplot
shows the pixel-space trajectories of both spheres as the arm
moved from left to right. The lower subplot presents the
estimated elbow angles across time.

The proposed method (green curve) maintained stable esti-
mations near the expected 90° line (dashed black), even
when the arm approached the torso, demonstrating resilience
to occlusion and silhouette blending. In contrast, MediaPipe
(red curve) exhibited substantial error at the center of the
trajectory, particularly between 3 and 5 seconds, where angle
estimates dropped below 50°. This discrepancy is likely caused
by MediaPipe’s reduced ability to distinguish arm landmarks
when the arm is adjacent to the body, leading to landmark
misplacement and large angular errors.

G. Usability With Patients

Fig. 12 shows the System Usability Scale (SUS) [37]
responses for each of the eight participants. The radar
chart illustrates individual ratings across 10 core usability
items. Most patients reported high agreement with statements
indicating ease of use, confidence, and system integration.
Conversely, statements such as “need for technical support”
and “need to learn a lot to use” received low agreement,
suggesting that some participants may need support to use
the system.

The average SUS score across all patients was 92.5, which
classifies the system in the “Excellent” usability range. These
results suggest that the system is well-accepted by users with
chronic post-stroke conditions and may serve as a feasible

" FMA refers to the Fugl-Meyer Assessment Upper Extremity, a score
between 0 (no function) and 66 (intact).

TABLE I
ERROR OF THE ESTIMATED ANGLES
Reference Mean 95% Absolute Relative
Angle (°) Estimated Confidence Error (°)! Error (%)
Angle (°) Interval (°)
10 11.85 +0.06 1.85 18.46
20 21.17 +0.05 1.17 5.87
30 31.38 +0.07 1.38 4.59
40 41.01 +0.06 1.01 2.52
50 50.99 +0.06 0.99 1.98
60 61.16 +0.08 1.16 1.93
70 70.19 +0.08 0.19 0.27
80 79.74 +0.09 0.26 0.32
90 88.68 +0.10 1.32 1.47
100 97.11 +0.13 2.89 2.89
110 104.65 +0.16 5.35 4.86
120 113.12 +0.17 6.88 5.73
130 123.65 +0.25 6.35 4.89
140 133.56 +0.23 6.44 4.59
150 140.80 +0.37 9.20 6.13
160 150.19 +0.51 9.81 6.13
170 152.75 +0.46 17.25 10.15
180 153.54 +0.63 26.46 14,70

'Color coding in the “Absolute Error (°)” column indicates the magnitude of
error for each reference angle: green (<5°) for high accuracy, yellow (5°-10°)
for moderate deviation, and red (>10°) for significant error. This visual
indicator highlights the system's performance degradation for large, obtuse
angles.

tool for telerehabilitation. Detailed patient characteristics are
presented in Table I. A real gameplay session with a post-
stroke volunteer is shown in Fig. 13.
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Fig. 13. Pilot test of the proposed exergame system with a post-stroke
patient. The game runs on a smartphone and is mirrored on a television
screen. Colored markers on the arm enable real-time 3D tracking using
the smartphone’s webcam.

V. DISCUSSION

The proposed marker-based elbow tracking system demon-
strates a promising solution for accessible post-stroke rehabil-
itation, leveraging low-cost vision-based techniques without
the need for wearable electronics or depth sensors. A series
of technical experiments provided a comprehensive evaluation
of its performance under various operational conditions. The
results offer insights into its applicability in real-world clinical
scenarios.

The system achieved high accuracy in joint angle estimation
for flexion ranges below 110°, with absolute errors under 5°,
which is within clinically acceptable thresholds [38]. Although
accuracy declined for angles above 110°, this range exceeds
most movements commonly targeted in stroke rehabilita-
tion. Thus, the limitation is unlikely to affect core clinical
applications.

Environmental and operational factors were also explored.
Camera calibration was found to be robust even with as few
as two calibration images, while larger datasets did not yield
significant gains. Additionally, spatial configuration analyses
showed that camera proximity (<80 cm) and marker diame-
ters >3.5 cm optimize measurement reliability, aligning with
principles of image resolution and object segmentation.

Another critical finding involves the influence of spatial
position within the image frame. Even after lens distortion
correction, regression models revealed a parabolic distribution
of error along both the horizontal and vertical axes, with the
lowest errors occurring at the image center. This suggests that
patients should ideally operate within central camera regions
to minimize systematic distortions.

Movement velocity emerged as a significant variable.
A Pearson correlation coefficient of r = 0.70 was observed
between marker velocity and angular error, indicating a strong
positive relationship. Linear regression analysis confirmed this
trend, with angular errors remaining below 5° for veloci-
ties under 10 cm/s, increasing to approximately 10° in the
20-30 cm/s range, and exceeding 30° at speeds above 40 cm/s.
These results demonstrate that faster motion leads to increased
error, primarily due to motion blur inherent to consumer-
grade webcams. This reinforces the recommendation for slow,
controlled movements during gameplay to ensure reliability.

The system’s performance was also benchmarked against
MediaPipe, a state-of-the-art deep learning framework for 3D
pose estimation. While MediaPipe excelled under clear limb
configurations, it exhibited substantial errors under occlusion,
particularly when the arm was close to the torso. The proposed
method, by contrast, maintained stable accuracy across a
broader range of spatial poses, a key advantage in rehabili-
tation scenarios where limb occlusion is common.

Finally, usability testing with eight post-stroke patients
yielded a System Usability Scale (SUS) score of 92.5, which
is considered “excellent.”” Patients generally rated the sys-
tem as easy to use, well-integrated, and confidence-inspiring.
However, some required therapist assistance, indicating that
while the system is accessible, further refinement is needed to
enhance autonomy for all users.

Finally, while the system is designed to run on a variety
of devices, optimal performance is achieved with a device
featuring a dedicated GPU, at least 8 GB of RAM, and an
HD (720p or higher) webcam. Improved accuracy may be
observed with external webcams offering better optics, but
such upgrades are optional and not required for the system
to function reliably.

The anonymized dataset generated and analysed during the
current study is available from the corresponding author upon
reasonable request. The source code is not publicly available.

V. CONCLUSION

This study presented the development and comprehensive
evaluation of a low-cost, vision-based 3D elbow tracking
system designed for post-stroke rehabilitation. The system’s
unique marker-based tracking method, combined with geo-
metric angle estimation and real-time exergame interaction,
enables effective and accessible rehabilitation without the need
for specialized hardware.

The proposed solution demonstrated high accuracy within
clinically relevant flexion ranges and robust performance
under various calibration, spatial, and dynamic conditions.
Its performance surpassed that of Al-based skeletal pose
estimation (MediaPipe) under occluded limb scenarios, high-
lighting its suitability for rehabilitation tasks where precision
is essential.

The system was well-received by post-stroke patients,
achieving a SUS score indicative of high usability. Although
minor limitations were observed, such as increased error at
high velocities and peripheral image locations, the results
affirm the system’s feasibility for home-based or supervised
clinical use.

Future work will involve comparative validation against
gold-standard systems like Vicon, focusing on metrics such as
dynamic tracking accuracy, test-retest reliability and angular
resolution across movement ranges. In addition, telehealth-
oriented features will be explored. Longitudinal clinical trials
are also planned to evaluate long-term rehabilitation out-
comes and assess patient engagement over extended use.
Overall, the system represents a scalable, cost-effective
alternative to sensor-based rehabilitation, promoting broader
access to therapy and enabling quantitative tracking of motor
recovery.
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2.2.2 Key Findings and Implications

The reproduced article demonstrates that accurate 3D elbow angle estimation can be
achieved using a low-cost, vision-based approach without reliance on depth sensors, wearable
devices, or complex Al models. The system achieved clinically acceptable accuracy within
relevant ranges of motion and maintained robustness under different calibration and
environmental conditions.

A key contribution of this work is the use of a geometric, marker-based tracking
strategy, which offers advantages in terms of computational efficiency, interpretability, and
robustness to occlusion when compared to Al-based pose estimation methods. The comparative
analysis with MediaPipe reinforces the suitability of this approach for rehabilitation scenarios
involving challenging arm positions.

The study also identifies important practical factors affecting performance, such as
camera distance, marker size, spatial positioning within the image, and movement velocity.
These findings provide concrete guidelines for system configuration and contribute to the
reliability of real-world deployment.

In conclusion, this work addresses one of the main limitations identified in literature,
the dependence on specialized hardware, by demonstrating that clinically relevant kinematic
data can be captured using accessible technologies. This establishes a technological foundation
for the next phase of this thesis, which focuses on translating such kinematic measurements into

automated clinical assessment outcomes.
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2.3 Preliminary validation study

2.3.1 Context and Summary

This section presents the full reproduction of the article entitled Al-driven low-cost
rehabilitation exergame as a lightweight framework for stroke assessment, published in npj
Digital Medicine (TANNUS; VALENTINI; NAVES, 2026). This article is distributed under a
Creative Commons Attribution 4.0 International License, which permits reproduction,
distribution, and adaptation, provided appropriate credit is given to the original authors.

This article corresponds to Phase 3 of the research developed in this doctoral thesis and
represents the full development of the proposed framework. While the previous phase focused
on accurate motion capture using a low-cost vision-based system, this study advances the
approach by integrating automated clinical assessment directly into the rehabilitation exergame,
eliminating the need for separate evaluation procedures.

The main objective of this work is to investigate whether interpretable kinematic
features extracted during gameplay can reliably estimate clinical motor scores, specifically the
FMA, which is a gold standard in post-stroke motor evaluation but is time-consuming and
requires trained clinicians.

To achieve this, the proposed system uses a standard RGB camera and the MediaPipe
framework to extract 2D hand and arm trajectories during gameplay. From these data, 16
kinematic and spatiotemporal features were computed, including hand angle, range of motion,
movement area, traveled distance, and shoulder-elbow coordination. These features were
designed to be clinically interpretable and computationally lightweight.

It is important to note that, although the previous phase demonstrated that a marker-
based geometric approach can achieve higher elbow angle accuracy and robustness in
controlled scenarios, the adoption of an Al-based tracking method in this study was a decision
to completely eliminate external hardware, such as markers or calibration objects, thereby
simplifying system setup and improving scalability, usability, and accessibility in real-world
scenarios.

The study involved 12 post-stroke participants (24 upper limbs), with motor impairment
levels stratified according to FMA scores. Several variables, such as average hand angle, hand
range of motion, coordination, and spatial exploration, demonstrated clear separation across

severity groups, indicating their potential as digital biomarkers.
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Correlation analyses revealed that multiple gameplay-derived features were
significantly associated with FMA scores, with some variables (e.g., hand angle and joint
coordination) showing strong monotonic relationships with motor function. These findings
support the hypothesis that movement patterns captured during gameplay reflect clinically
meaningful aspects of motor impairment.

To estimate clinical scores, multiple linear regression models were developed using
combinations of selected features. The best-performing model achieved high predictive
performance (Spearman p = 0.92, R? = 0.89, RMSE = 4.42), indicating strong agreement with
clinical evaluations. Additionally, the model was able to classify patients into severity levels
(mild, moderate, severe) with accuracies ranging from 86% to 93%.

The study also preliminarily compared the proposed approach with more complex
machine learning models. Despite their complexity, these models did not outperform the
lightweight regression approach, probably due to low sample data, therefore, no conclusions
could be made.

Overall, this article demonstrate that automated motor assessment can potentially be
embedded within a low-cost rehabilitation exergame, providing clinically meaningful

evaluation in real time and without external sensors.
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Stroke is a leading cause of long-term disability, often affecting upper-limb motor function and
requiring continuous assessment. The Fugl-Meyer Assessment (FMA), though a clinical gold
standard, is time-consuming and demands specialized personnel. This study presents an Al-driven,
low-cost rehabilitation exergame that simultaneously provides therapy and automatically estimates
upper-limb motor performance during gameplay using only a standard camera. Sixteen kinematic and
spatiotemporal features were extracted from 2D hand and arm trajectories of twelve post-stroke
individuals (24 limbs, 14 affected) using the MediaPipe framework. Features such as hand angle, range
of motion, movement area, traveled distance, and shoulder-elbow coordination showed strong
correlations with FMA scores and stratified participants by motor severity. A lightweight linear
regression model achieved high predictive performance (Spearman p = 0.92, R2=0.89, RMSE =4.42)
and classified severity levels with 86-93% accuracy. This interpretable approach outperformed
complex machine learning models, highlighting the clinical relevance of transparent metrics
embedded in gameplay. The proposed framework is sensor-free, scalable, and reproducible, offering
immediate feedback while reducing clinical workload and enabling accessible digital biomarkers for

telerehabilitation and remote monitoring after stroke.

Stroke remains a leading cause of long-term disability worldwide, with over
12 million new cases annually and approximately 100 million stroke sur-
vivors globally, many of whom experience upper-limb motor deficits that
hinder daily function'”.

For rehabilitation, while in-person treatments remain essential, they
can be time-consuming, resource-intensive, and limited in availability’.
These programs can also be tedious and financially burdensome, requiring
patient transportation to clinical sites. In contrast, video game-based
rehabilitation has emerged as a motivational and accessible alternative™”.
Virtual reality games have proven capable of engaging stroke patients in
repetitive motor tasks that support neuroplasticity and motor recovery””.

In parallel, accurate assessment of motor impairment is essential for
treatment planning and recovery monitoring. The Fugl-Meyer Assessment
(FMA) is widely considered a gold standard for quantifying post-stroke
motor function'”", but it is time-consuming, subjective, and requires
trained clinicians™'*'".

For these reasons, there are some initiatives to automate motor
assessments, including smartphone apps'™'’, motion sensor-based
systems'”"’, and machine learning models that estimate motor scores
from movement features' .

While many of these systems are promising, they often require dedi-
cated assessment time, lack interpretability, need external sensors (such as
depth cameras or inertial sensors), or rely on complex architectures such as
3D pose estimation or deep neural networks™”. In contrast, combining
motor assessment directly into the rehabilitation game itself, as in the pre-
sent work, offers a compelling advantage: it eliminates the need for separate
clinical evaluations, reduces monotony, increases engagement, and enables
real-time, high-frequency tracking of recovery without burdening therapists
or patients. This integration promotes scalability and personalization,
allowing stroke survivors to be continuously monitored during gameplay
using simple, transparent metrics that reflect functional performance.

Unlike conventional assessments that must be administered separately,
the proposed system performs evaluation during therapeutic gameplay
itself. As the patient engages in motor exercises, the same movement data
used for rehabilitation are automatically analyzed to generate FMA-
equivalent digital scores, eliminating the need for additional assess-
ment time.

In this framework, the term “Al-driven” refers to the use of Google’s
MediaPipe: a computer-vision framework powered by machine learning for
real-time hand and body tracking. By leveraging this Al-based system, the
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same standard camera used for gameplay also performs motion capture,
removing the dependence on specialized hardware. The resulting kinematic
features serve as Al-driven digital biomarkers, offering objective and
transparent indicators of motor function while maintaining a low-cost and
scalable setup.

Therefore, this work proposes a lightweight, Al-based exergame sys-
tem for post-stroke rehabilitation that also estimates upper-limb motor
function using only simple, interpretable kinematic features extracted from
2D wrist and hand movements during gameplay. In this paper, it was tested
how well these features reflect clinical severity, discriminate across FMA
strata, and predict motor scores. By leveraging basic movement metricsin a
linear equation, such as hand aperture, spatial exploration, and joint coor-
dination, without relying on expensive hardware or black-box deep learning
models, this system offers a cost-effective and accessible alternative to tra-
ditional assessments.

Table 1 | Details of the stroke subjects

Subject Age Gender Affected FMA* FMA®*

(years) Side Left Right
S1 66 Male Left 23 62
S2 36 Male Left 15 66
S3 33 Female Right 66 62
S4 53 Male Both 48 29
S5 45 Male Both 26 17
S6 21 Male Right 66 33
S7 46 Male Left 43 66
S8 49 Female Left 22 66
S9 61 Female Left 21 66
S10 37 Male Left 48 66
Si1 52 Male Left 13 66
S12 61 Male Right 66 15

*FMA refers to the Fugl-Meyer Assessment Upper Extremity, a score between 0 (no function) and 66
(intact).

Results
Participant characteristics
Twelve individuals with chronic stroke participated in the study, including
nine males and three females. Participants ranged in age from 21 to 66 years,
with a mean age of 46.7 years (SD = 13.2). The time since stroke ranged from
four months to 30 years. Most participants had experienced ischemic stroke
(n=10), while two had suffered hemorrhagic stroke. In two cases, bilateral
upper-limb paresis was reported.

Each participant performed gameplay sessions using both upper limbs
and was assessed using the FMA on each side. This resulted in a total of 24
limb-level observations, enabling intra-individual comparisons. Table 1
presents the demographic and clinical characteristics of the participants,
including age, gender, affected side, and FMA scores for each limb.

Based on FMA scores, the tested limbs were stratified into four categories:
(i) severe impairment (FMA<20), (ii) moderate impairment
(21 < FMA < 45), (iii) mild impairment (FMA > 45), and (iv) control limbs
(non-affected side of participants with unilateral hemiparesis). Table 2 sum-
marizes the distribution of upper limbs across these severity levels, including
the number of limbs per group, average age, and mean FMA scores.

Feature summary
Gameplay-derived features were standardized (Z-scores) and compared
across four severity groups (Severe, Moderate, Mild, Control). Figure 1

Table 2 | Upper limbs tested stratified by severity level

Level of Number Left Average Average
Hemiparesis of Limbs Side Age (years) FMA Score
Severe 4 2 48.5+10.6 15.0+1.6
Moderate 7 5 50.3+7.4 28.0+10.2
Mild 3 2 41.0+10.6 52.7+8.1
Control 10 3 39.0+19.1 65.0+2.0

Each participant contributed two upper limbs to the dataset (one left and one right), for a total of 24
limbs. Limbs were classified according to their motor function based on the FMA: (i) Severe:

FMA < 20, (i) Moderate: FMA 21-45, (jii) Mild: FMA > 45 (affected limb), and (iv) Control: non-
affected limb.
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Fig. 1 | Standardized distributions of gameplay-derived features stratified by
upper-limb severity level. The plot shows Z-scores for all 16 kinematic features and
the in-game score, grouped by severity. Features such as Avg_Hand_Angle,
ROM_Hand_Angle, Corr_Shoulder_Elbow, and 2D_Area demonstrate clear
separation between groups, with progressively higher median values from Severe to
Control. Boxes represent interquartile ranges (IQR), with whiskers indicating

1.5xIQR and dots representing outliers. For each feature, the degree of separation
between the boxes indicates how well that variable discriminates among severity
categories: the less overlap, the better its classification capability. The direction of the
median values (whether they increase or decrease across groups) shows whether the
relationship with motor function is linear and positive or negative, that is, whether
higher values represent better or worse performance.
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Fig. 2 | Frame-by-frame wrist trajectories cap-
tured during gameplay, stratified by motor
severity level based on Fugl-Meyer scores. Limbs in
the Control group explored a significantly larger
portion of the 2D workspace, demonstrating well-
distributed trajectories and full utilization of the
screen area, supporting the discriminative power of
the 2D_Area feature.

Control

presents a boxplot summarizing the distribution of all 16 features across
these categories.

Several features demonstrated consistent and discriminative trends.
Specifically, Avg_Hand_Angle, ROM_Hand_Angle, Corr_Shoulder_Elbow,
and 2D_Area exhibited progressive and monotonic changes in median
values across severity levels, with Avg_Hand_Angle standing out as the most
clearly stratified variable.

Conversely, features such as Avg_Wrist_Vel, ROM_Shoulder_Angle,
and Avg_Elbow_Angle showed minimal group separation and high within-
group dispersion, indicating limited discriminative power in isolation.

Overall, the feature distribution analysis reveals three key conclusions:

1. Certain features consistently reflect clinical severity, particularly
Avg Hand_Angle, ROM_Hand_Angle, Corr_Shoulder_Elbow, and
2D_Area, making them strong candidates for predictive modeling and
digital assessment tools.

2. Some features, despite high variability, still provide partial stratifica-
tion, suggesting they may be useful when combined into multivariate
models.

3. Some metrics are uninformative and should be used cautiously.

Trajectory plots (Fig. 2) showed compact, centralized movements in
the Severe group versus broader exploration in Controls, with Mild and
Moderate groups presenting intermediate patterns. The results reinforce
2D_Area as a clinically interpretable indicator of upper-limb functional
reach in post-stroke individuals.

Correlation with clinical score per feature
To explore how gameplay-derived features relate to motor function,
Spearman correlations were computed between each feature and the FMA

score, stratified by limb type (affected, control), and considering all limbs
together (total). The results are presented in Fig. 3.

The following features showed statistically significant correlation with
FMA, ordered by the absolute value of Spearman’s p. Significant correlations
are highlighted using: *(p < 0.05), ** (p <0.01), and *** (p < 0.001):

1. Avg Hand_Angle (total): p = —0.76 ***
. Corr_Shoulder_Elbow (affected): p = 0.67 **
. Avg_Hand_Angle (affected): p= —0.61 *
. Corr_Shoulder_Elbow (total): p = 0.59 **
. Total Trav_Dist (affected): p=0.54 *
. 2D_Area (total): p = 0.50 *
. Score (total): p=0.49 *
. ROM_Hand_Angle (total): p= —0.47 *

0N N W

These results confirm that features related to joint coordination, hand
orientation, trajectory coverage, and game performance are consistently
associated with clinical motor scores. In particular, the Average Hand Angle
and Shoulder-Elbow Coordination show robust associations across both
affected limbs and the entire dataset.

Predictive modeling
To explore the predictive capacity of the extracted features in estimating
clinical motor function, multiple linear regression analyses were performed
using exhaustive feature selection with all 16 features, with maximum of 5
features per equation, to avoid overfitting. This approach systematically
evaluates all possible combinations of features to identify the subset that
maximizes correlation with the ground truth FMA scores.

Separate models were constructed for the affected limb and for the total
group. For each group, the best regression models were identified according
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Spearman Correlation with FMA by Limb Type
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Fig. 3 | Spearman correlation coefficients (p) and corresponding p-values
between kinematic features and FMA scores, stratified by limb type (Affected,
Control, and Total). Cells are colored according to the magnitude and direction of
p, with warmer tones indicating positive correlations and cooler tones indicating
negative correlations. For example, a dark blue in the Avg Hand_Angle group - total
and a very warm red in the Corr_Shoulder_Elbow group - affected indicate the
characteristics with the highest correlation.

to Spearman’s p, RMSE, and R*. All models were derived from standardized
(Z-scored) features. The top-performing equations, along with their cor-
responding performance values, are summarized in Table 3.

For the affected limb group, the optimal multiple regression models
varied depending on the evaluation metric. Using a 50/50 hold-out split, the

model maximizing Spearman correlation achieved an excellent association
with the clinical score (p=0.99, p=0.0003), although with moderate
explained variance (R*=0.52) and RMSE =9.89. By contrast, the model
optimized for error reduction reached the best overall fit (R*=0.89,
RMSE = 4.42), still maintaining a strong correlation (p =0.92, p=0.003).
LOOCYV (leave-one-out cross validation) models for the affected subset
produced lower correlations (p=0.67-0.82) and explained variance
(R? =0.32-0.55), confirming that the hold-out strategy yielded more stable
and clinically relevant predictions in this small sample.

For the total group, results were more consistent. The hold-out models
performed robustly, with the best solution balancing high correlation
(p=094, p<0.001) and strong explained variance (R* = 0.83) while
maintaining an acceptable error (RMSE =8.92). LOOCV models again
performed slightly worse, particularly in terms of error, reinforcing the
advantage of hold-out validation for this dataset.

Importantly, the features selected through exhaustive feature selection
did not always correspond to those with the strongest individual correla-
tions with the FMA. This highlights that exhaustive feature selection
identified not only individually strong predictors but also synergistic feature
sets that together maximized predictive performance. Accordingly, varia-
tions in coefficients across equations arise from the inclusion of different
predictor combinations identified through exhaustive feature selection.
These alternative formulations highlight multiple relevant feature sets rather
than instability, reflecting the exploratory nature of this proof-of-concept
study. Thus, while univariate correlations provided useful guidance, the
multivariate regression models offered a more comprehensive view of how
gameplay-derived metrics map onto clinical motor outcomes.

The final regression model for the affected group, summarized in
Table 3 and illustrated in Fig. 4, achieved R*=0.89 and Spearman’s
p=0.92, representing the best overall balance among the three perfor-
mance metrics (R*, RMSE, and Spearman correlation). Earlier exploratory
models with higher p but lower R* were excluded from the final results to
ensure consistency between rank and variance-based measures.

Exploratory diagnostic accuracy

The confusion matrix in Table 4 demonstrates strong classification per-
formance across severity levels. Moderate cases were most consistently
recognized, with all 7 instances correctly classified. Mild cases showed
agreement in 2 out of 3 participants, while severe cases were correctly
identified in 3 out of 4 participants. Importantly, misclassifications occurred
only between adjacent severity levels (e.g., mild vs. moderate, moderate vs.
severe), with no extreme errors across non-neighboring classes.

As summarized in Table 5, the regression equation achieved balanced
performance across all groups. The Mild class obtained perfect precision
(1.00) but slightly lower recall (0.67), resulting in an F1-score of 0.80 and
overall accuracy of 0.93. The Moderate class showed the highest recall (1.00)
with good precision (0.78), achieving an F1-score of 0.88 and accuracy of
0.86. The Severe class also reached high performance, with precision of 1.00,
recall of 0.75, and an F1-score of 0.86, corresponding to an accuracy of 0.93.
These results indicate that the regression-based model generalized well
across severity categories, reliably distinguishing between mild, moderate,
and severe impairment levels.

Machine learning analysis

The Random Forest model demonstrated robust predictive capacity when
trained on the total dataset, achieving p = 0.76 (p=10.030), R*=0.63, and
RMSE = 12.25 FMA points in hold-out validation.

The temporal deep learning model (CNNID+BiLSTM) achieved
modest performance on the independent arm-level test set (R*=0.59,
RMSE =11.5, p=0.75 p=0.05), underscoring the challenge of general-
ization with small datasets despite promising validation results.

Regularized linear models yielded highly interpretable sparse solutions.
Both Lasso (a = 7.05) and Elastic Net converged to the same two predictors:
Score (positive coefficient) and Avg_Hand_Angle (negative coefficient), and
achieved comparable performance (R*=0.53, RMSE=13.7, p=0.83;
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Table 3 | Best multiple linear regression models by limb group, validation method and best metric (z-score NORMALIZED)
Validation Best . Spearman p )
Group Method Metric Equation ® RMSE R
Hold-out Spearman FMA =-14.57-Avg_Hand_Angle + 11.10-Corr_Shoulder Elbow +
Affected (50 I;O) pe 0 8.33-Avg_Time_Target +-7.14-Avg_Elbow_Angle +-10.10-Max_Elbow_Vel  0.99 (0.0003) 9.89 0.52
) +30.58
Hold-out 2 FMA =-11.26-Avg Hand Angle + 16.32-Total Trav_Dist +-
. sos0)  RMSER 13.57-Wrist_Jitter +-1.77-ROM_Shoulder Angle +29.64 092(0003) 442 08
Spearman FMA =-7.08-Avg_Hand_Angle + 10.44-Corr_Shoulder_Elbow + -
Affected - LOOCY P 5.32:2D_Arca + 1.44-Avg_ Time_Target + 30.58 0820001 1278 032
FMA = 13.79-Corr_Shoulder_Elbow + -5.38-2D_Area + -
Affected LOOCV RMSE 14.56-Avg_Shoulder_Angle + -8.56-Avg_Flbow_Angle + 0.67 (0.008) 10.04 0.52
11.71-ROM_Shoulder_Angle +29.64
FMA =-14.57-Avg_Hand_Angle + 11.10-Corr_Shoulder Elbow +
Affected LOOCV R? 8.33-Avg_Time Target +-7.14-Avg_Elbow_Angle +-10.10-Max_Elbow_Vel 0.72 (0.008) 10.38 0.55
+30.58
Total }(1%?;31)11 Spca;ma“ FMA = 12.53-2D_Area+7.61-Score + -6.42-ROM_Shoulder Angle+44.62  094(0.0005) 1412 042
Hold-out , FMA=-14.82-Avg Hand Angle + 5.85-Corr_Shoulder Elbow + 12.51-Score
Total 030) ~ RMSER +-7.63-Avg, Wrist Vel +8.13-Avg Time Target +46.50 053000 82 08
. Spearman  FMA =-15.77-Avg_Hand_Angle +2.98-2D Area + 18.65-Total_Trav_Dist +- 0.87
Total Loocy p 19.99-Avg_Wrist_Vel + 0.74-Avg_Time Target + 46.50 (0.000009) 12.88 0.62
3 FMA =-1545-Avg_Hand_Angle +4.67-2D_Area + 13.77-Score + - 0.80
Total Loocv RMSE, R 6.74-Avg_ Wrist Vel +7.92-Avg Time Target + 46.50 (0.000009) 10.67 0.74
LOOCV Leave-one-out cross validation. The best overall models for the Affected (n = 14) and Total (n = 24) group are highlighted in green.
Affected - Best Model (R2 = 0.89) Table 4 | Confusion matrix by class (affected)
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Fig. 4 | Predicted FMA values from the best multiple linear regression model for Random Forest 0.63 12.25 0.76 (p = 0.030)
the affected limb subset. The red dashed line represents the ideal fit (y = x). CNN1D4+BILSTM 0.59 115 0.75 (0= 0.05)
Lasso (a=7.05) 0.54 13.7 0.83 (p=0.011)
p=0011). Although they explained slightly less variance than Random _Elastic Net 0:53 1RIE 0.83 p=0011)

Forest, their strong monotonic association with FMA and parsimony make
them particularly appealing for clinical translation. Summarized results are
in Table 6. Importantly, the best result did not surpass the best linear
regression models.

This evaluation was done in the total group, because the affected group
did not wield statistically significant results, due to low sample size, which
also highlights the regression model superiority.

Machine learning models were included as exploratory analyses to

provide contextual comparison, and not as the primary or final meth-
odological objective of the study. They were not prioritized due to their
limited feasibility for real-time deployment within a mobile exergame
environment.
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Discussion

This study evaluated the feasibility and clinical relevance of an Al-driven,
low-cost rehabilitation exergame for assessing upper-limb motor function
in individuals with chronic stroke. The results demonstrated that gameplay-
derived kinematic features not only reflect clinically interpretable differ-
ences across severity levels but also predict the gold-standard FMA scores
with high accuracy, highlighting the system’s potential as a transparent and
scalable digital biomarker.

The exergame simultaneously serves therapeutic and evaluative pur-
poses, capturing clinically interpretable kinematic data during gameplay
without requiring separate assessment sessions. This dual function enhances
efficiency and allows objective, high-frequency monitoring of recovery
progress.

Identifying features that correlate with FMA is essential for building
interpretable and clinically interpretable assessment tools. In this study, several
metrics stood out for their discriminative power across severity levels.

Average hand angle and hand angle range of motion were particularly
informative, capturing the ability to open the hand, a key clinical deficit in
severe cases, often associated with clenched hands or spasticity. Their
progressive changes across severity groups reinforce hand aperture as a
central marker of motor impairment. In the regression equations, the
negative coefficient of Avg Hand_Angle indicates that increased finger
flexion (clenched-hand posture) is associated with lower FMA scores,
consistent with clinical patterns of spasticity. Conversely, positive coeffi-
cients such as those for Corr_Shoulder_Elbow and 2D_Area denote more
coordinated and spatially extensive movements, which align with better
voluntary control and higher functional scores. These relationships
strengthen the interpretability of the model and its translational relevance
for clinical assessment.

Spatial exploration features, such as 2D movement area and total
traveled distance, also showed strong associations with FMA, reflecting how
higher-functioning participants performed broader, more frequent move-
ments. Shoulder-elbow coordination further distinguished between
synergy-dominated patterns in low-FMA patients and refined joint control
in those with better outcomes.

Interestingly, features traditionally used in motor assessment, such as
velocity or raw joint angles, were not among the best correlated features.
This may be due to clinical heterogeneity: patients may be spastic or flaccid,
limiting the generalizability of angular metrics. Velocity, in particular,
proved ambiguous, since high values may reflect either controlled speed in
higher-functioning participants or poorly coordinated, abrupt movements
in those with impairments. As a result, speed alone did not reliably indicate
motor capacity. These findings indicate that features that capture core
motor mechanisms can be more valuable than less interpretable metrics.

Multiple linear regression models built on the most relevant features
achieved highly accurate predictions of FMA scores, particularly in the
affected limb group (p = 0.92, RSME = 4.42, R* = 0.89). Even with hold-out
validation, the models retained strong predictive power, confirming that
motor function can be reliably inferred from simple combinations of
movement metrics.

Notably, more complex machine learning approaches, including
Random Forest and temporal deep learning models (CNN1D+BiLSTM),
did not surpass the performance of the lightweight linear regression. These
advanced models showed promising internal validation but generalized
poorly on independent test sets, underscoring the challenge of applying

black-box architectures to small datasets. Regularized linear models such as
Lasso and Elastic Net offered interpretability but achieved lower accuracy
than the proposed regression approach.

This finding highlights a central innovation of the framework: a simple,
interpretable functional evaluation algorithm, directly integrated into post-
stroke rehabilitation gameplay, can outperform more complex machine
learning pipelines, making the system more reliable, clinically transparent,
and easier to adopt in real-world. This design ensures low computational
cost, allowing on-device analysis and continuous patient monitoring during
rehabilitation sessions. The ability to assess motor function as the patient
plays removes the need for standalone assessment software and supports
more frequent, naturalistic evaluations.

The small cohort size limited the ability to distinguish performance
differences among machine learning models. However, this constraint also
highlights a practical advantage of the proposed lightweight regression
model, which achieved strong correlations and clinically relevant predic-
tions with relatively few training samples.

A larger, follow-up study is planned to expand the dataset and validate
these exploratory findings, enabling robust benchmarking across models
trained with homogeneous data representations.

To contextualize our findings, Table 7 summarizes representative
studies that used different sensing modalities and modeling approaches for
automated upper-limb motor assessment. Most previous systems rely on
specialized hardware such as depth cameras, inertial sensors, or multi-
sensor fusion, and often apply black-box architectures that hinder inter-
pretability. In contrast, the present framework achieves comparable corre-
lations with clinical scores using only the standard RGB camera from the
display device (e.g., laptop, tablet) and a transparent regression model
embedded directly within gameplay.

This combination of Al-based motion capture and lightweight, inter-
pretable evaluation demonstrates how accessible, low-cost solutions can
provide clinically interpretable digital biomarkers for telerehabilitation.

The exploratory diagnostic accuracy analysis further demonstrated
that predicted FMA values could stratify patients into clinical severity
groups with 86-93% accuracy, misclassifying only between neighboring
categories. This level of agreement is clinically acceptable and reinforces the
framework’s potential to support automated functional classification.

Unlike previous systems requiring Kinect, Wii, depth cameras, inertial
sensors, or exoskeletons, the proposed exergame achieves assessment using
only a standard camera. By embedding evaluation into gameplay itself, the
system eliminates the need for additional software or separate testing ses-
sions. This sensor-free, low-cost, and scalable approach reduces setup
complexity, enhances patient engagement, and lowers clinical workload,
paving the way for widespread telerehabilitation applications.

This study introduced a lightweight, Al-driven rehabilitation exergame
capable of simultaneously engaging patients in therapy and assessing upper-
limb motor function. Specific gameplay-derived features, particularly hand
aperture, 2D movement area, and shoulder-elbow coordination, showed
strong associations with the FMA, enabling accurate prediction of clinical
scores and stratification of motor severity.

Crucially, a simple linear regression model provided superior perfor-
mance and interpretability compared to more complex machine learning
approaches, demonstrating that transparency and clinical usability can
outweigh the marginal gains of black-box algorithms in small-scale reha-
bilitation studies.

Table 7 | Comparison of related studies (fma-ue 33 items)

Study Sensor Type Modeling Approach Dataset Size Main Result
Song et al.”* Camera and inertial sensors of a smartphone Decision trees n=10 R2=0.78

Chen et al.”” Custom optical capture device Decision trees n=79 RMSE=17.4
Jiang et al.”’ Microsoft Kinect Fuzzy inference n=25 Accuracy =93.5%
Present study Camera of the game display device (MediaPipe) — no external sensors Linear regression n=24 R2=0.89
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The framework’s low-cost and sensor-free design is a major innova-
tion: by relying solely on a standard camera, it avoids the expense and
logistical burden of external sensors, such as Kinect, inertial units, or
exoskeletons. Furthermore, because assessment occurs in real time during
gameplay, the system eliminates the need for dedicated evaluation sessions
or post-processing software, offering immediate feedback and reducing
clinician workload.

Taken together, these features position the proposed exergame as a
practical, scalable, and innovative tool for stroke rehabilitation and remote
monitoring. While the small sample size and cross-sectional design limit
generalizability, this proof-of-concept study demonstrates strong potential
for integration into telerehabilitation settings. Future work should validate
the framework in larger and more diverse populations, explore longitudinal
responsiveness to recovery, and investigate its role in personalized rehabi-
litation pathways. Also, multiple independent raters and inter-rater relia-
bility analyses will be included to enhance robustness.

Methods

Exergame system

The exergame employed in this study was developed using the Unity
2020.1.17 game engine (https://unity.com/) and offers a dynamic and
engaging environment aimed at evaluating upper-limb motor function. The
gameplay centers around guiding a bird avatar to collect fruits dispersed
across a virtual landscape (Fig. 5). The game was created to entertain users
and enable rehabilitation, not to resemble a clinical evaluation.

Player control is based on real-time 3D hand tracking, implemented
through the MediaPipe framework™, which operates with a standard
camera, commonly found on devices such as tablets, laptops, and
smartphones.

MediaPipe relies on Artificial Intelligence-based models for real-
time hand and body landmark detection, using deep neural networks
trained on large-scale human pose datasets. This Al-driven architecture
enables accurate 3D tracking directly from standard RGB images,
allowing the same low-cost camera used for gameplay to perform
motion capture. By eliminating the need for depth cameras, inertial
sensors, or external hardware, MediaPipe provides an accessible, scal-
able, and cost-effective foundation for automated rehabilitation
assessment.

Specifically, the X and Y coordinates (in pixels) of the wrist landmark
are mapped to the character’s horizontal and vertical movement axes within
the virtual environment (Fig. 6).

The bird’s velocity increases proportionally to the wrist’s distance from
the screen center, thereby stimulating participants to explore a larger range
of motion.

This two-dimensional control strategy was selected to resemble func-
tional components commonly observed in clinical motor evaluations,
particularly those involving planar reaching and positioning tasks, such as
lifting the arm toward a target or bringing the hand to the mouth. This
design not only facilitates the interpretation of gameplay-derived metrics in
relation to clinical scores, but also ensures greater accessibility for indivi-
duals with reduced motor capacity or fatigue.

A key advantage of this tracking method is the elimination of wearable
sensors or physical markers, which simplifies the setup and can reduce
implementation costs.

Participants were instructed to maintain the hand extended and par-
allel to the camera, which allowed the system to extract features such as
mean finger extension and range of motion, while ensuring hand visibility
for tracking.

Fig. 5 | Screenshot of the exergame during game-
play. The main scene displays the bird avatar navi-
gating a tropical environment while collecting
virtual fruits. The participant’s wrist position in the
X and Y axes (in pixels), captured in real-time via
MediaPipe hand tracking, is used to control the
character’s movement. Source: The authors. Written
consent to publish the image was obtained from the
participant.

Fig. 6 | Representation of the hand tracking
mechanism used in the exergame system. The
MediaPipe framework detects 21 hand landmarks,
from which the wrist Xand Y position (landmark 0),
in pixel units, is extracted to control the avatar’s —
movement, enabling navigation within the virtual

environment. Source: The authors. Edited using

Microsoft Word.
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Fig. 7 | Administration of the FMA. A trained physical therapist evaluates motor
function in a post-stroke participant through standardized tasks involving the
shoulder, elbow, forearm, wrist, and hand. The assessment was conducted bilaterally
in a controlled clinical setting. Source: The authors. Written consent to publish the
image was obtained from the participant.

Clinical scale

The FMA™ is a well-established clinical instrument commonly employed to
assess motor deficits in individuals recovering from stroke. It comprises a set
of items that examine reflexes as well as isolated and synergistic movements
across various segments of the upper limb, including the shoulder, elbow,
forearm, wrist, and hand. The total score ranges from 0 to 66, with higher
values indicating superior motor performance. In this study, the FMA was
applied bilaterally, on both the impaired and non-impaired upper limbs, to
enable intra-individual comparisons and to evaluate asymmetries in motor
function (Fig. 7). All FMA assessments were conducted by a single licensed
physical therapist with more than ten years of experience in neurorehabil-
itation. The evaluator followed standardized scoring procedures and was
blinded to the gameplay and data processing results to minimize bias.
Written informed consent for publication of the images was obtained from
all participants.

Data collection

All evaluations were performed during a single experimental session to
ensure consistent testing conditions, minimize fatigue or learning effects,
and avoid external variables that could compromise data reliability. To
ensure that participants were assessed in their baseline motor conditions, the
FMA was administered before the exergame task.

To minimize potential bias in the statistical analyses, the application of
the FMA was blinded to the individual responsible for data processing and
feature extraction.

Each eligible participant completed three minutes of two consecutive
gameplay sessions, one using the affected upper limb and another using the
unaffected limb.

During gameplay, the system captured data continuously and frame by
frame, as follows:

» The 3D coordinates (X, Y, Z) of the 21 hand landmarks detected by the

MediaPipe Hands framework;

* The shoulder and elbow joint angles, estimated from the MediaPipe

Pose landmarks;

» The game score, defined by the number of fruits successfully collected
by the avatar;
+ The elapsed time since the beginning of the session, in seconds.

All raw gameplay data were exported in .csv format and analyzed using
custom Python scripts to extract key kinematic metrics, such as range of
motion, movement smoothness, and average velocity.

Participants

Participants were recruited from the clinical referral network of the Assistive
Technology Laboratory at the Federal University of Uberlandia, Brazil,
forming a convenience sample. The sample size was selected based on
general recommendations for pilot studies™, and the results are intended to
inform the feasibility of a future validation study rather than support defi-
nitive statistical conclusions.

Eligibility criteria included a clinical diagnosis of chronic stroke with
upper-limb motor impairment, sufficient cognitive function to understand
task instructions, and the ability to provide written informed consent.
Initially, 16 individuals were screened for participation. Four were excluded
due to severe flaccid paresis (n=2) or cognitive impairment (1n=2),
resulting in a final sample of 12 post-stroke participants. Since data were
collected for both limbs (n = 24) and some participants had double hemi-
paresis, the resulting sample of limbs was n=14 affected and n=10
controls.

All participants provided informed consent before taking part in the
study. The research protocol was approved by the institutional ethics
committee at the Federal University of Uberlandia, approval number:
39232820.2.0000.5152. All participants provided written informed consent
before participation, in accordance with the Declaration of Helsinki.
Throughout the assessments, participants were supervised by a licensed
physical therapist to ensure safety and compliance.

Feature extraction

To investigate the relationship between motor performance during gameplay
and clinical upper-limb function, a set of kinematic features was extracted
from each participant’s gameplay data. They were processed using custom
Python scripts. Although MediaPipe provides 3D coordinates, only the X and
Y components were used, as the Z-axis does not provide true depth.

Feature definitions were selected according to the therapeutic focus of
the exergame and the quality of camera tracking. Shoulder motion played a
minor role in the task, and finger aperture velocity was not extracted because
the game did not explicitly require rapid finger movement. The elbow, in
contrast, represented the main therapeutic joint and a strong clinical indi-
cator of recovery; thus, both angle and angular velocity were analyzed for
this segment. Movements poorly captured from the camera viewpoint were
excluded to improve signal reliability. Percentile intervals (e.g., 5th-95th or
25th-75th) were empirically tuned to achieve the best correlation with FMA
scores, in line with the regression model’s interpretability focus.

The following features were extracted:

Wrist Jitter (Wrist_Jitter). The Wrist Jitter quantifies the instability of
movement by measuring frame-to-frame variability in wrist velocity. It is
calculated as the standard deviation of the wrist’s 2D velocity across the
entire recording session.

Maximum Wrist Velocity (Max_Wrist_Vel). Defined as the mean of
the top 5% highest instantaneous 2D velocity values of the wrist, calculated
between frames.

Average Wrist Velocity (Avg_Wrist_Vel). This feature quantifies the
overall magnitude of wrist movement during the session and is defined as
the mean of the instantaneous 2D velocities across all frames.

2D Area of Movement (2D_Area). To quantify the spatial extent of
wrist movement during each trial, the range of motion was computed from
the wrist’s (X, Y) coordinates.

To reduce the influence of outliers and tracking noise, the range of
motion (ROM) was defined using the 5th and 95th percentiles of the wrist
position distribution for each axis, as shown in (1).

ROM, = Pys(x) — P5(x), ROM, = Pys(y) — P5(y) (1)

The 2D Area of Movement was then calculated as the product of the
horizontal and vertical ROM components, as shown in (2).

AT€;p ovement = ROM, x ROM (2)
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Geometrically, this represents the area of the bounding box that
encloses the wrist trajectory. This feature reflects the typical amplitude
explored by the participant during the task and serves as an indicator of
upper-limb mobility and flexibility.

Total Traveled Distance (Total_Trav_Dist). This feature represents
the cumulative path length traveled by the wrist throughout the gameplay
session, computed in the two-dimensional plane (X, Y). It was obtained by
summing the Euclidean distances between consecutive wrist positions, as
shown in (3).

n—1
Dy = Z‘PJA _El'Whereﬁ:' = (x:'!)’i) 3)
i=1

Here, 15', is the 2D position of the wrist at frame 7, and » is the number of
frames. This metric reflects both movement amplitude and frequency,
capturing the total excursion of the wrist during the task.

Average Time-to-Target (Avg Time Target). For every successful
capture, the time-to-target is defined as the interval between the start of the
movement segment and the moment the fruit is collected.

Total Score (Score). The total score is the total number of fruits col-
lected at the end of the session. This feature represents overall task perfor-
mance, as more collected fruits can indicate better performance and
coordination.

Average Hand Angle (Avg_Hand_Angle). This feature quantifies the
average angle of hand opening and closing throughout the session by
computing the flexion angles of each finger. For each frame, the flexion angle
of a finger is defined as the angle formed by three anatomical landmarks: the
metacarpophalangeal (MCP) joint, the proximal interphalangeal (PIP)
joint, and the fingertip (TIP). The angle is calculated as shown in (4),

-‘_E
B = O 4 = (4)
fnee (a||b|)

where @ = PIP — MCP and b = TIP — PIP.
For each frame, the average flexion angle across the five fingers is
computed, as shown in (5).

13
0 mcani = 3 Z 0, (5)
=

Then, a single global metric is derived by averaging 6, ... ; across all
valid frames. This final value reflects the typical level of finger flexion
exhibited during the task and may indicate voluntary control over hand
opening and closing.

Average Shoulder Angle (Avg_Shoulder_Angle). The shoulder angle
is defined as the angle formed between the trunk (hip-to-shoulder vector)
and the upper arm (shoulder-to-elbow vector) at each frame. The average is
then computed across all valid frames.

Average Elbow Angle (Avg_Elbow_Angle). This feature is computed
frame-by-frame using the angle formed between the upper arm (shoulder-
to-elbow vector) and the forearm (elbow-to-wrist vector), extracted from
MediaPipe landmarks.

Average Elbow Angular Velocity (Avg_Elbow_Vel). This feature is
defined as the mean of the instantaneous angular velocities across all frames.

Maximum Elbow Angular Velocity (Max_Elbow_Vel). This feature
is computed as the mean of the top 5% highest instantaneous angular
velocities of the elbow observed throughout the session.

This metric serves as a indicator of the participant’s ability to generate
rapid, forceful elbow motions, often linked to motor control efficiency and
residual strength.

Shoulder Angle Range of Motion (ROM_Shoulder_Angle). This
feature quantifies the typical angular excursion of the shoulder during the
session by computing the interquartile range of the shoulder angle

distribution. Specifically, it is defined as the difference between the 75th and
25th percentiles.

Elbow Angle Range of Motion (ROM_EIbow_Angle). This feature is
calculated as the interquartile range of the elbow angle distribution, cap-
turing the central 50% of values and excluding extremes.

Hand Angle Range of Motion (ROM_Hand_Angle). This metric
estimates the total angular excursion of the hand by capturing the range of
average finger flexion angles throughout the session. It is computed as the
difference between the 95th and 5th percentiles of the hand flexion angle
distribution, as shown in (6):

ROMh:md = P95 (ehand) - P5 (ehand) (6)

where 6, denotes the average flexion angle across all fingers for
each frame.

Larger values reflect greater capacity for opening and closing the hand,
which is relevant to tasks involving grasp and release. Reduced values may
indicate spasticity, joint restriction, or lack of voluntary finger extension.

Shoulder-Elbow Correlation (Corr_Shoulder Elbow). This feature
is computed using the Pearson correlation coefficient between the shoulder
and elbow angles across all valid frames, as shown in (7):

Coordshouldcr—elbow = Corr(gshoulder* Gelbow) (7)

This value ranges from —1 (perfectly inverse coordination) to +1
(perfectly direct coordination), with values near zero indicating low or
inconsistent coupling between the two joints.

Higher correlations may reflect synergistic or stereotyped movement
patterns, commonly observed in early or moderate post-stroke recovery
phases. Lower values may indicate decoupled joint control, which can
emerge with greater motor recovery or impaired coordination. This feature
is particularly informative in distinguishing between patients who rely
heavily on synergy patterns versus those with more isolated joint control.

Statistical analysis

All analyses were performed using Python 3.11 (SciPy, scikit-learn, and
Pandas). To provide an overview of the distribution of each digital feature
across severity groups, standardized values (Z-scores) were visualized using
a boxplot. This visualization allows for the inspection of descriptive statis-
tics, including the median, standard deviation, interquartile range, and
potential outliers.

In addition to statistical feature comparisons, the full sequence of
wrist’s (X, Y) coordinates was extracted from the gameplay recordings, and
overlaid plots were generated by severity group. These plots aimed to
qualitatively assess movement range, directionality, and dispersion across
groups.

The normality of all variables was assessed using the Shapiro- Wilk test.
If the majority of variables demonstrated normal distribution, Pearson’s
correlation coefficient was used to evaluate the linear association between
each feature and the FMA score. Otherwise, Spearman’s rank correlation
coefficient was used. The significant features were ranked by the correlation
coefficient found and presented in a correlation heatmap.

To assess the predictive value of gameplay-derived features, multiple
linear regression models were built using FMA scores as the dependent
variable and up to five features selected via exhaustive feature selection. All
features were standardized using Z-score normalization.

Each limb (affected and non-affected) was treated as an independent
observation because they represent distinct functional states with distinct
FMA scores and were recorded in separate sessions. Only two participants
presented bilateral impairment, and each limb exhibited different degrees of
motor deficit. This approach expands the range of FMA scores while
maintaining independence between samples. Although not explored here,
this design also enables future intra-personal analyses that may control for
cognitive or behavioral variability by comparing both limbs of the same
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Fig. 8 | Overview of the data processing pipeline. A Data collection

B Feature extraction c Statistical analysis

A (left panel) data collection during gameplay with
clinical supervision; B (central panel) feature
extraction of spatiotemporal and kinematic metrics;

Healthcare
professional

The workflow encompasses three main phases: (
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and C (right panel) statistical modeling to examine
correlations with upper-limb motor function as
measured by the FMA. Source: The authors. Image
elements generated with ChatGPT-5; final compo-
sition and text edited in Microsoft Word.
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individual. Also, this strategy helps reduce variability related to inter-
individual cognitive and behavioral differences.

Models were trained and evaluated separately for the affected and total
limb groups. Two validation strategies were used: hold-out (50/50 for affected,
70/30 for total) to simulate real-world generalization with approximately 7
participants in the test set, and leave-one-out cross-validation (LOOCV) to
maximize data usage and minimize overfitting, especially in small samples.

Model performance was based on the highest Spearman correlation
(p), lowest root mean square error (RMSE), or highest coefficient of
determination (R?) between predicted and observed FMA values. A scatter
plotillustrates the agreement between predicted and true FMA scores for the
best model in the affected group.

Given the pilot nature of the dataset and the small number of parti-
cipants per severity subgroup (particularly mild, n = 3), regression models
were trained on the total (n=24) and affected-limb (n = 14) datasets to
ensure broader representation and mitigate class imbalance.

Diagnostic accuracy evaluation

To assess whether predicted FMA values could be used to support clinical
classification of motor severity, an exploratory diagnostic accuracy analysis
was conducted. The best regression equation identified in the previous
analysis was applied to the affected limb subgroup (n = 14) data.

The input features were Z-score normalized to ensure consistency with
the coefficients used. Real and predicted FMA scores were then categorized
into three clinical severity levels based on established thresholds: (i) severe
impairment (FMA < 20), (ii) moderate impairment (21 < FMA < 45), (iii)
mild impairment (FMA > 45).

A confusion matrix was computed comparing predicted classes to
ground truth labels. Subsequently, class-wise precision, recall, F1-score, and
accuracy were calculated. Figure 8 shows an overview of the data processing
pipeline.

Machine learning analysis

To explore different predictive strategies, four machine learning models
were evaluated using a 70/30 hold-out split and Z-score normalization in the
total dataset. Performance was assessed with R?, RMSE, and Spearman’s p.

The Random Forest was trained on six pre-extracted kinematic fea-
tures strongly associated with FMA. Using pre-extracted features was jus-
tified because Random Forest excels in handling small sample sizes and
offers interpretable variable importance, making it well-suited for datasets
with limited observations.

In contrast, the ID-CNN + Bidirectional LSTM model was trained
directly on raw time-series hand coordinates (100 Hz). This choice lever-
aged the ability of deep learning to automatically extract complex temporal
patterns from large amounts of sequential data, avoiding the need for
manual feature engineering. Predictions from multiple windows were
averaged to yield a single FMA estimate per arm.

Finally, Lasso and Elastic Net regressions were applied to the same raw
windowed data. These models served as simpler, more interpretable base-
lines while still allowing direct comparison with the deep learning approach.

Machine learning models were implemented as exploratory baselines
to assess feasibility and scalability rather than to provide fully optimized
benchmarks. Random Forest was trained on pre-engineered kinematic
features due to their stability and transparency in low-sample scenarios,
while the other networks were trained on raw time-series data to test the
feasibility of end-to-end learning. All models used identical data splits and
normalization pipelines to ensure fair comparison. No definitive conclu-
sions regarding model superiority can be drawn due to sample size
limitations.

Data availability

The datasets generated and analyzed during the current study are not
publicly available at this stage but are available from the corresponding
author (J.T.) upon reasonable request. We also intend to make the anon-
ymized dataset publicly accessible through an open research repository
following publication. The custom Python scripts used for data pre-
processing, feature extraction, and regression analysis are available from the
corresponding author upon request.
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2.3.2 Key Findings and Implications

The reproduced article demonstrates that clinically meaningful motor assessment can be
achieved directly during rehabilitation gameplay using simple, interpretable kinematic features
extracted from a standard camera setup. The results identify the most promising interpretable
features, such as 2D spatial exploration, average finger flexion angles, and inter-joint
coordination, which show strong associations with motor function. These features can be used
individually as estimators or combined within a multiple linear regression model to estimate
clinical scores, as demonstrated by the prediction of the FMA.

The integration of assessment into gameplay eliminates the need for separate evaluation
procedures, enabling continuous, real-time monitoring of motor function while reducing
clinical workload.

Within the context of this thesis, this article consolidates the proposed framework by
demonstrating that a fully sensor-free, low-cost, and interpretable system can simultaneously
support rehabilitation and automated clinical assessment. It directly addresses the limitations
identified in earlier phases and establishes the foundation for scalable telerehabilitation

applications.

2.4 Scientific contributions

This doctoral research advances the field of post-stroke rehabilitation by proposing and
validating a low-cost, sensor-free, and interpretable framework for simultaneous motor
rehabilitation and assessment based on exergames.

First, this work provides a systematic consolidation of the state of the art regarding the
use of rehabilitation games and virtual environments for motor assessment. Through a
structured literature review, it demonstrates that gameplay-derived metrics can achieve
clinically meaningful correlations with standardized scales, supporting their use as digital
biomarkers for motor function evaluation.

Second, this thesis introduces a low-cost vision-based motion tracking system capable
of estimating upper-limb kinematics with clinically acceptable accuracy using only a standard
RGB camera. The proposed geometric approach demonstrates that reliable motion capture can
be achieved without relying on expensive sensors, contributing to the accessibility and

scalability of rehabilitation technologies.
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Finally, the research advances by proposing a fully integrated framework in which
rehabilitation and assessment occur simultaneously during gameplay. This eliminates the need
for separate clinical evaluation sessions and enables continuous, real-time monitoring of motor
performance.

A key contribution of this work is the demonstration that simple, interpretable kinematic
features are sufficient to estimate clinical motor scores with high accuracy. The results show
that features related to hand configuration, spatial exploration, and joint coordination are
strongly associated with the FMA and can be combined into lightweight predictive models.

Additionally, this work introduces a design paradigm shift toward hardware-
independent rehabilitation systems. The adoption of Al-based tracking enables the complete
removal of external physical dependencies, significantly improving usability, scalability, and
real-world applicability.

Finally, this thesis contributes to the concept of embedded digital biomarkers, in which
clinically meaningful metrics are extracted passively during therapy. This approach supports
high-frequency, non-intrusive monitoring of patient progress and lays the foundation for

scalable telerehabilitation and remote assessment systems.

2.5 Methodological limitations

Despite the promising results, this study presents limitations and further validation
difficulties that should be acknowledged. First, the use of the FMA as the reference clinical
scale required considerable therapist time and necessitated patient travel to the testing location,
hindering large-scale testing, as all data collection had to be performed uniformly by the same
clinician.

The primary limitation is the relatively small sample size, consisting of 12 post-stroke
participants and 24 evaluated upper limbs. Although this is consistent with pilot and feasibility
studies, it restricts the statistical power of the analyses and limits the generalizability of the
results.

Additionally, the study adopts a cross-sectional design, evaluating participants in a
single session. As a result, it does not capture longitudinal changes in motor recovery, limiting
the ability to assess responsiveness to rehabilitation over time or to evaluate the system’s
sensitivity to clinical progression.

Another limitation concerns the controlled experimental conditions under which data

were collected. Although efforts were made to simulate realistic usage, factors such as camera
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positioning, lighting conditions, and participant posture were partially standardized. This may
not fully reflect the variability encountered in home-based or unsupervised environments.

Also, the use of 2D vision-based tracking introduces inherent constraints, particularly
regarding depth estimation and sensitivity to occlusions. While the Al-based approach enables
hardware independence, it may exhibit reduced accuracy compared to depth cameras or multi-
sensor systems in certain scenarios.

Another unresolved limitation concerns generalizability: the regression equation
derived in this study is tailored to the current exergame and cannot be directly transferred to
other game designs or movement contexts. However, the variables identified are interpretable

and could be further studied to be used as independent indicators of functional monitoring.
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3 CONCLUSION

This thesis presented the development and validation of a low-cost, vision-based
framework for post-stroke rehabilitation and automated motor assessment, integrating
therapeutic interaction and clinical evaluation into a single exergame system.

The research was structured in three progressive phases. First, a literature review
established that gameplay-derived metrics can correlate with clinical scales, supporting their
use as digital biomarkers. Second, a vision-based tracking system demonstrated that accurate
kinematic data can be obtained using accessible technologies. Finally, an integrated Al-driven
framework showed that these data can be used to estimate clinical motor scores directly during
gameplay.

The results demonstrate that clinically relevant motor assessment can be performed
using simple, interpretable features extracted from standard camera input, without the need for
specialized hardware. The proposed system achieved high predictive performance in estimating
FMA scores and successfully classified patients according to motor impairment severity.

A key finding of this work is that model simplicity and interpretability can be more
advantageous than complexity in rehabilitation contexts. Lightweight regression models not
only achieved strong performance but also provided transparency and clinical relevance, which
are essential for real-world adoption.

Another important contribution is the transition toward hardware-independent
rehabilitation systems, enabling broader accessibility and scalability. By embedding assessment
into gameplay, the proposed framework reduces clinical workload, increases patient
engagement, and enables continuous monitoring of recovery.

Overall, this thesis demonstrates that it is feasible to transform rehabilitation games into
clinically meaningful assessment tools, contributing to the advancement of digital health

solutions for stroke rehabilitation.

3.1 Future work

Future research should focus on addressing the limitations identified in this study and
further advancing the proposed framework.

A primary direction is the validation of the system with larger and more diverse
populations, including different stages of stroke recovery and broader demographic variability.

This will improve the robustness and generalizability of the predictive models.
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Longitudinal studies are also necessary to evaluate the system’s ability to track motor
recovery over time and to assess its sensitivity to clinical changes. This is essential for
establishing the framework as a reliable tool for continuous monitoring and outcome evaluation.

Another important direction is the incorporation of multi-rater clinical assessments,
enabling evaluation of inter-rater reliability and strengthening the clinical validity of the results.

Further investigation into feature selection and personalization may also enhance
predictive performance, allowing models to adapt to individual patient characteristics and
rehabilitation profiles.

Finally, the integration into telerehabilitation platforms, including remote data
transmission, clinician dashboards, and real-time feedback systems, represents a step toward

clinical translation and large-scale adoption.

3.2 Articles published during the doctorate studies

This subsection presents the contributions to scientific literature published by the author

during the doctoral studies (2022-2026).
3.2.1 Articles related to the thesis
 TANNUS, Julia; VALENTINI, Caroline; NAVES, Eduardo. Al-driven low-cost

rehabilitation exergame as a lightweight framework for stroke assessment. npj

digital medicine, 2026. https://doi.org/10.1038/s41746-026-02383-1

 TANNUS, Julia ef al. Low-cost vision-based 3D elbow tracking for post-stroke
rehabilitation: development and pilot evaluation of a serious game. [EEE
transactions on neural systems and rehabilitation engineering, v. 34, p. 1-1, 2025.
http://doi.org/10.1109/TNSRE.2025.3591104

TANNUS, Julia; NAVES, Eduardo Lazaro Martins; MORERE, Yann. Post-stroke

functional assessments based on rehabilitation games and their correlation with
clinical scales: a scoping review. Medical & biological engineering & computing,

v. 62, p. 47, 2023. http://doi.org/10.1007/s11517-023-02933-9

« TANNUS, Julia et al. Correlation between the Fugl-Meyer Assessment and data
from a virtual reality game for remote evaluation of upper-limb function in post-
stroke rehabilitation: a case study. In: HANDICAP 2024 — 13th IFRATH conference
on assistive technologies, 2024, Paris, p. 115-120.
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3.2.2 Articles published in partnership with the research group

* ROCHA, Danilo Santos et al. Effectiveness of telerehabilitation in the treatment of
shoulder injuries: a systematic review of randomized controlled trials. Archives of
rehabilitation research and clinical translation, v. 1, p. 100553, 2025.
http://doi.org/10.1016/j.arrct.2025.100553

+ DE SOUZA MIGUEL, Guilherme Fernandes et al. Proposal of a game streaming-

based framework for a telerehabilitation system. Multimedia tools and applications,

v. 83, p. 33333, 2023. http://doi.org/10.1007/s11042-023-16741-8

*+ MARQUES, Isabela Alves et al. Virtual reality and serious game therapy for post-
stroke individuals: a preliminary study with a humanized rehabilitation approach
protocol. Complementary therapies in clinical practice, v. 49, p. 101681, 2022.
http://dx.doi.org/10.33448/rsd-v10i6.15489

 ALVES, Camille Marques ef al. A new human—machine interface for the
rehabilitation of individuals with Parkinson’s disease. In: HANDICAP 2022 — 12th
IFRATH conference on assistive technologies, 2022, Paris, 2022. p. 81-86.
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ANNEX I - FUGL-MEYER ASSESSMENT FOR UPPER LIMBS

FMA-UE PROTOCOL Rehabilitation Medicine, University of Gothenburg
FUGL-MEYER ASSESSMENT ID:

UPPER EXTREMITY (FMA-UE) Date:

Assessment of sensorimotor function Examiner:

Fugl-Meyer AR, Jaasko L, Leyman I, Olsson S, Steglind S: The post-stroke hemiplegic patient. A method for evaluation of physical
performance. Scand J Rehabil Med 1975, 7:13-31.

A. UPPER EXTREMITY, sitting position

l. Reflex activity none | can be elicited
Flexors: biceps and finger flexors (at least one) 0 2
Extensors: triceps 0 2

Subtotal | (max 4)

Il. Volitional movement within synergies, without gravitational help none | partial | full
Flexor synergy: Hand from Shoulder  retraction 0 1 2
contralateral knee to ipsilateral ear. elevation 0 1 2
From extensor synergy (shoulder abduction (90°) 0 1 >
adduction/ internal rotation, elbow external rotation 0 1 2
extension, forearm pronation) to flexor Elbow flexion 0 1 2
synergy (shoulder abduction/ external Forearm supination 0 1 2
rotation, elbow flexion, forearm

supination). Shoulder  adduction/internal rotation 0 1 2
Extensor synergy: Hand from Elbow extension 0 1 2
ipsilateral ear to the contralateral knee | Forearm pronation 0 1 2

Subtotal Il (max 18)

lll. Volitional movement mixing synergies, without compensation none | partial | full
Hand to lumbar spine cannot perform or hand in front of ant-sup iliac spine 0
hand on lap hand behind ant-sup iliac spine (without compensation) 1

hand to lumbar spine (without compensation) 2
Shoulder flexion 0°- 90° | immediate abduction or elbow flexion 0
elbow at 0° abduction or elbow flexion during movement 1
pronation-supination 0° flexion 90°, no shoulder abduction or elbow flexion 2
Pronation-supination no pronation/supination, starting position impossible 0
elbow at 90° limited pronation/supination, maintains starting position 1
shoulder at 0° full pronation/supination, maintains starting position 2

Subtotal 1l (max 6)

IV. Volitional movement with little or no synergy none | partial | full
Shoulder abduction 0 - 90° | immediate supination or elbow flexion 0

elbow at 0° supination or elbow flexion during movement 1

forearm neutral abduction 90°, maintains extension and pronation 2
Shoulder flexion 90° - 180° | immediate abduction or elbow flexion 0

elbow at 0° abduction or elbow flexion during movement 1
pronation-supination 0° flexion 180°, no shoulder abduction or elbow flexion 2
Pronation/supination no pronation/supination, starting position impossible 0

elbow at 0° limited pronation/supination, maintains start position 1

shoulder at 30°- 90° flexion full pronation/supination, maintains starting position 2

Subtotal IV (max 6)

V. Normal reflex activity assessed only if full score of 6 points is achieved in

hyper | livel normal
part IV; compare with the unaffected side i .

Bicens. tricens 2 of 3 reflexes markedly hyperactive 0
fin eFr' fiexorsp ’ 1 reflex markedly hyperactive or at least 2 reflexes lively 1
9 maximum of 1 reflex lively, none hyperactive 2

Subtotal V (max 2)

Total A (max3s)
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B. WRIST support may be provided at the elbow to take or hold the starting -

. . ; . . . none | partial | full
position, no support at wrist, check the passive range of motion prior testing
Stability at 15° dorsiflexion less than 15° active dorsiflexion 0
elbow at 90°, forearm pronated dorsiflexion 15°, no resistance tolerated 1
shoulder at 0° maintains dorsiflexion against resistance 2
Repeated dorsifexion / volar flexion cannot perform volitionally 0
elbow at 90°, forearm pronated limited active range of motion 1
shoulder at 0°, slight finger flexion full active range of motion, smoothly 2
Stability at 15° dorsiflexion less than 15° active dorsiflexion 0
elbow at 0°, forearm pronated dorsiflexion 15°, no resistance tolerated 1
slight shoulder flexion/abduction maintains dorsiflexion against resistance 2
Repeated dorsifexion / volar flexion cannot perform volitionally 0
elbow at 0°, forearm pronated limited active range of motion 1
slight shoulder flexion/abduction full active range of motion, smoothly 2
Circumduction cannot perform volitionally 0
elbow at 90°, forearm pronated jerky movement or incomplete 1
shoulder at 0° complete and smooth circumduction 2

Total B (max 10)

C. HAND support may be provided at the elbow to keep 90° flexion, no support at none | partial | full
the wrist, compare with unaffected hand, the objects are interposed, active grasp P
Mass flexion

; ) ) 0 1 2
from full active or passive extension
Mass extension
from full active or passive flexion 0 ! 2

p

GRASP
a. Hook grasp cannot be performed 0
flexion in PIP and DIP (digits 1I-V), can hold position but weak 1
extension in MCP |-V maintains position against resistance 2
b. Thumb adduction cannot be performed 0
1-st CMC, MCP, IP at 0°, scrap of paper | can hold paper but not against tug 1
between thumb and 2-nd MCP joint can hold paper against a tug 2
c. Pincer grasp, opposition cannot be performed 0
pulpa of the thumb against the pulpa of | can hold pencil but not against tug 1
2-nd finger, pencil, tug upward can hold pencil against a tug 2
d. Cylinder grasp cannot be performed 0
cylinder shaped object (small can) can hold cylinder but not against tug 1
tug upward, opposition of thumb and can hold cylinder against a tug 2
fingers
e. Spherical grasp cannot be performed 0
fingers in abduction/flexion, thumb can hold ball but not against tug 1
opposed, tennis ball, tug away can hold ball against a tug 2

Total C (max 1)

D. COC_)RDINATIONISPEED, sitting, after one trial with both arms, eyes | | oy slight | nona
closed, tip of the index finger from knee to nose, 5 times as fast as possible
Tremor at least 1 completed movement 0 1 2
. pronounced or unsystematic 0
Dysmetria slight and systematic 1
no dysmetria 2
Z 6s 2-5s <2s
Time 6 or more seconds slower than unaffected side 0
start and end with the 2-5 seconds slower than unaffected side 1
hand on the knee less than 2 seconds difference 2

Total D (max6)

TOTAL A-D (max 66)
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