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Abstract

Physical rehabilitation is vital to injury recovery, providing pain relief and shortening recovery
time. However, traditional rehabilitation methods heavily rely on in-person professional feedback,
which can be time-consuming, expensive, and prone to human error. This often limits the accessi-
bility and effectiveness of rehabilitation services, which is why patients are suggested to perform
rehabilitation exercises at home. Yet, patients become demotivated without professional feedback
and do not follow through with rehabilitation.

Accessible rehabilitation is in demand and there is a possibility of solving this using something
everyone has access to: a smartphone. This would allow patients to receive feedback on exercises
independently via a system that, fed as input a video of the patient performing the exercise, outputs
specific feedback as a measure of how correctly the exercise is being performed. Succinctly,
the goal would be to assess human motion quality in rehabilitation exercises without in-person
supervision or special equipment.

This work reviews the current state of the art in Computer Vision systems for assessing phys-
ical rehabilitation exercises and develops and tests an intelligent system that can aid patients in
their rehabilitation process.

More specifically, this work proposes a motion tracking system based on Computer Vision
that receives as input a video of a rehabilitation exercise recorded with a smartphone. The system
prioritizes accessibility, opting for the use of accessible technology, and is evaluated by comparing
it to a state-of-the-art complex rehabilitation assessment system, the Qualysis Motion Capture
System, based on a labeled dataset curated by expert physicians. The key points of the proposed
framework are the human pose detection method and the human movement quality assessment.

The proposed system has the potential to reduce recovery times, eliminate human error, and
make rehabilitation more accessible.



Resumo

A reabilitagdo fisica € vital para a recuperagdo de lesdes, proporcionando alivio da dor e reduzindo
o tempo de recuperacdo. No entanto, os métodos tradicionais de reabilitacdo dependem fortemente
do feedback profissional presencial, que pode ser demorado, caro e sujeito a erros humanos. Isto
limita a acessibilidade e eficdcia dos servicos de reabilitacdo, razdo pela qual os pacientes sdo
aconselhados a realizar exercicios de reabilitacdo em casa. No entanto, os pacientes ficam desmo-
tivados sem o feedback profissional e ndo seguem adiante com a reabilitacdo.

A reabilitacdo acessivel estd em falta e hd a possibilidade de resolver isso usando algo a que
todos tém acesso: um smartphone. Isto permitiria que os pacientes recebessem feedback sobre os
exercicios de forma independente através de um sistema que, ao receber como entrada um video
do paciente executando o exercicio, fornecesse feedback especifico indicando qudo corretamente
o exercicio € realizado. Sucintamente, o objetivo seria avaliar a qualidade do movimento humano
em exercicios de reabilitacdo sem supervisao presencial ou equipamento especial.

Este trabalho inclui uma revisdo do estado da arte de sistemas de Visao por Computador para
avaliar exercicios de reabilitacdo fisica e desenvolve e testa um sistema inteligente que pode ajudar
0s pacientes no seu processo de reabilitacdo.

Mais especificamente, este trabalho propde um sistema de motion tracking baseado em Visao
por Computador que recebe como input um video de um exercicio de reabilitacdo gravado com um
smartphone. O sistema d4 prioridade a acessibilidade, optando pelo uso de tecnologia acessivel, e
¢ avaliado comparando-o a um sistema de avaliagdo de reabilitacdo de alta qualidade, o Qualysis
Motion Capture System, com base num conjunto de dados avaliado por médicos especialistas. Os
pontos-chave da framework proposta sdo o método de deteccao de pose humana e a avaliagcdo da
qualidade do movimento humano.

O sistema proposto tem o potencial de reduzir os tempos de recuperacio, eliminar erros hu-
manos e tornar a reabilitacdo mais acessivel.
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“Viajar?
Para viajar basta existir.”

Fernando Pessoa
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Chapter 1

Introduction

Rehabilitation plays a vital role in injury recovery and in restoring the physical capabilities of
individuals who have disabilities or other health conditions. Traditional rehabilitation approaches
often rely on in-person sessions supervised by healthcare professionals, which can be costly, time-
consuming, and may lack accessibility for certain populations [39]. In recent years, there has been
a growing interest in integrating advanced technologies to augment rehabilitation processes and
improve patient outcomes.

One area of technology that holds significant promise in the field of rehabilitation is Com-
puter Vision (CV). CV allows computers to interpret visual data through image processing and
machine learning algorithms. By capturing and analyzing the movements of individuals, these
systems should be able to provide feedback without the need for the availability of a healthcare
professional. They have the potential to revolutionize rehabilitation by enabling increased access
to rehabilitation services.

In this thesis, we focus on the application of CV for accessible physical rehabilitation. To
accomplish this, we will explore the use of markerless motion tracking techniques, which eliminate
the need for external sensors or physical markers. We will investigate various components of these
CV systems and propose a solution.

Overall, this thesis aims to contribute to the growing body of knowledge in the field of CV
systems for rehabilitation by developing a motion tracking system that can improve the accessibil-
ity of rehabilitation processes. Through our work, we hope to empower individuals to take control

of their rehabilitation journey, enabling them to enhance their overall well-being.

1.1 Context

To better understand the work that will be done, this section will focus on giving context and some

general concepts, namely regarding rehabilitation.
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1.1.1 Rehabilitation

According to the World Health Organization [60], rehabilitation refers to a set of interventions
designed to enhance functioning and reduce disability in individuals with health conditions in
interaction with their environment. It is the process of restoring a person’s physical, cognitive, or
psychological abilities after an illness, injury, or surgery. It involves a person-centered approach to
help individuals regain functional independence, mobility, and quality of life. The aim is to address
impairments, disabilities, and limitations through various therapeutic interventions tailored to each
patient’s needs. Ultimately, via rehabilitation, people can overcome difficulties with thought, sight,
hearing, communication, or moving around.

Despite the specific goals and methods of rehabilitation varying depending on the individual’s
condition, common objectives include reducing pain, improving strength and flexibility, enhancing
mobility, and restoring cognitive function.

Rehabilitation plays a vital role in reducing the impact of various health conditions, including
acute and chronic diseases, illnesses, and injuries. It serves as a complement to medical and
surgical interventions, facilitating recovery and optimizing overall outcomes. Rehabilitation helps
minimize or slow down the disabling effects of chronic health conditions, promoting healthy aging.
It also aids in avoiding costly hospitalizations, reducing hospital stays, preventing readmissions,
and reducing the need for financial support and caregiver assistance.

Yet, the global demand for rehabilitation remains largely unfulfilled due to several factors.
These include the limited availability of rehabilitation services in some areas, leading to long
waiting times for individuals in need. Furthermore, there is a lack of trained rehabilitation profes-
sionals, with many settings having less than ten skilled practitioners per 1 million people. Another
challenge is insufficient access to assistive technology and equipment [60].

As such, we can state that the main problem with conventional rehabilitation methods is ac-
cessibility, as justified in the previous paragraph. One attempt to solve this involves prescribing
rehabilitation exercises to the patient and instructing them to perform the mentioned exercises at
home [29], where they are not necessarily bound by a healthcare professional’s schedule or avail-
ability. This process can also be supported by telerehabilitation, which is explained in the next
section. In spite of that, the most common outcome of this home-based setup is patient demotiva-
tion and non-compliance. This is primarily due to the absence of direct supervision and real-time

feedback from professionals [4].

1.1.2 Telerehabilitation

Telerehabilitation is the use of information and communication technology to deliver or support
the delivery of rehabilitation [48]. This can encompass various rehabilitation services, such as
evaluation, assessment, monitoring, prevention, intervention, supervision, education, consulta-
tion, and coaching. The use of information and communication technologies to deliver these
services can include video and audio conferencing, messaging via chat, wearable technologies,

sensor technologies, patient portals or platforms, mobile health applications, Virtual Reality (VR),
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robotics, and therapeutic gaming technologies [48]. These services are delivered by professionals,
sometimes with the help of paraprofessionals, family members, or caregivers of the patient [48].

Although telerehabilitation has proven to be a valid approach, it still faces challenges related
to the availability of healthcare professionals, as the dependency on physicians for guidance and
feedback on rehabilitation exercises remains a significant limitation in terms of accessibility. How-
ever, the integration of intelligent technologies like machine learning and Artificial Intelligence
(A presents opportunities to address this issue.

By integrating CV, Deep Learning (DL), and Al algorithms, intelligent systems can provide
real-time feedback to patients performing rehabilitation exercises remotely. These technologies
have the potential to assess the quality of motion, provide the patient with such assessment, and
offer personalized recommendations or corrections. Such systems can do all this without constant
professional supervision, reducing the need for physician availability and making rehabilitation
more accessible, efficient, and cost-effective. Furthermore, adherence to at-home rehabilitation

could grow.

1.1.3 Intelligent Rehabilitation

Intelligent rehabilitation is presented here as a variant of telerehabilitation, but one that focuses
on using more advanced or Al-based technology to aid in the delivery of rehabilitation. There
have been various attempts to make use of different intelligent technologies for rehabilitation,
such as robotics, VR, and CV, to enhance the rehabilitation process. Next is an overview of these
approaches and their potential applications in intelligent rehabilitation. These approaches have
been reviewed in [27].

Robot-assisted rehabilitation systems involve the use of robotic devices to assist patients in
performing therapeutic exercises. In robotic systems, the typical setup involves interaction be-
tween the patient and the robot, in which the robot facilitates the repetition of certain movements
with precision. A review of the application of robotics to rehabilitation is presented by [26]. The
main drawback of this approach is its high cost, primarily due to the limited and specialized utility
that these robots offer.

Following what is reported in [27], VR technology immerses users in a computer-generated
environment, simulating real-world scenarios or creating virtual rehabilitation environments. VR-
based rehabilitation systems provide interactive experiences that can motivate and challenge pa-
tients during their therapy sessions. VR systems enable users to interact with virtual objects and
perform rehabilitative exercises in a controlled environment. This technology allows therapists to
customize rehabilitation programs, monitor progress, and provide real-time feedback to patients.
The primary challenge associated with VR is related to accessibility. This is because the patient
is required to have special equipment to participate in the experience. Moreover, it requires the
development of a dedicated virtual world specifically tailored for rehabilitation purposes.

CV emerges as the most promising option, holding significant potential for addressing the
challenges at hand. In Chapters 2 and 3, we take a deeper look into this field, comprehensively

explaining its principles and analyzing the innovative solutions it has presented.
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1.2 Motivation

The motivation behind this research comes from recognizing the significant challenges and limita-
tions faced by individuals who require rehabilitation services. Section 1.1 uncovers the problems
with the existing approaches for rehabilitation, not only traditional approaches but also more re-
cent ones that resort to advanced technology. Simply put, rehabilitation is not accessible enough
in terms of time, money, and availability.

Developing a CV rehabilitation system aims to overcome these barriers and make rehabil-
itation more accessible to a wider population. This research can provide individuals with the
autonomy to perform rehabilitation exercises in the comfort of their own homes, eliminating the
need for extra equipment or constant supervision. This accessibility can extend to individuals with
limited access to healthcare facilities or those facing financial constraints.

Overall, the motivation behind this research lies in the desire to revolutionize the field of re-
habilitation by making use of accessible technology to create an effective platform that empowers

individuals.

1.3 Objectives

Our objective is to develop a Computer-Vision-based system that allows patients to perform re-
habilitation exercises independently, using accessible technology, while receiving necessary and

adequate feedback.

1.3.1 Specific Objectives
The specific objectives of this research are as follows:

1. Review the current state of the art in Computer Vision systems for assessing physical reha-

bilitation exercises.

2. Develop a system capable of accurately tracking and analyzing human movements during
rehabilitation exercises by comparing an example video to a reference video. This involves

implementing CV algorithms to extract relevant joint positions and motion features.

3. Develop an assessment module within the system to evaluate the performance of the exam-
ple video in relation to the reference video. The assessment module will analyze various

aspects of the exercise execution, such as correctness and alignment with the reference.

4. Design and implement a scoring mechanism that assigns a quantitative score to the example
video based on the assessment performed in Objective 3. The scoring algorithm will take
into account factors such as accuracy, precision, and overall performance to provide an

objective evaluation metric.

By achieving these specific objectives, the research aims to develop a system for evaluating

the performance of rehabilitation exercises.
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1.4 SmartHealth Project Collaboration

This master’s thesis is part of a larger collaborative project called SmartHealth [46], conducted in
partnership with the Porto Research, Technology and Innovation Center (PORTIC) and the Escola
Superior de Satde (ESS) at the Instituto Politécnico do Porto (IPP). The SmartHealth project aims
to explore the use of technology to create more efficient and intelligent systems to support medical
treatment in all of its stages.

As aresult of the SmartHealth project, a prototype for an application that serves as a platform
for remote rehabilitation has already been developed. This application provides a body motion
capture module that allows users to perform rehabilitation exercises autonomously but currently
lacks a correct assessment of the exercises. The integration of the system developed as a result of

this thesis into the SmartHealth project should contribute to its further advancement.

1.5 Dissertation Structure

Besides the introduction, this thesis contains six more chapters. Chapter 2 gives background on
the field of CV. In Chapter 3, the state of the art and the literature review are detailed. Chapter 4
describes the problem at hand. In Chapter 5, the implementation of the solution is described.
Chapter 6 presents and analyzes results. Chapter 7 contains the conclusion and identifies the

direction of future work.



Chapter 2
Background

This chapter gives some background on the topic of Computer Vision. The first section establishes
the concept of CV and gives an overview of how this topic can relate to rehabilitation. Then, there

is a section on Neural Networks (NNs) and Deep Learning.

2.1 Computer Vision

2.1.1 General Overview

Computer Vision is a field of Al and image processing that focuses on enabling computers to ex-
tract meaningful information from visual data, such as images or videos [54]. In the context of
rehabilitation, CV plays a significant role in developing intelligent systems that can assist clin-
icians, therapists, and patients in various aspects of rehabilitation therapy. By analyzing visual
information, CV systems can provide real-time feedback, objective assessments, and personalized
guidance during rehabilitation exercises.

The techniques employed by CV resort to algorithms and models to process and interpret vi-
sual data, enabling them to perform tasks such as pose estimation, motion analysis, activity recog-
nition, and gesture recognition [15]. These tasks can be interesting for rehabilitation purposes, as

they allow us to estimate human pose and evaluate movement quality [15].

2.1.2 Relevant Tasks

This section will primarily focus on two critical CV tasks that play a vital role in rehabilitation:
pose estimation and motion quality assessment. These tasks form the fundamental functions of

any vision-based system designed for rehabilitation purposes.

2.1.2.1 Pose Estimation

Pose estimation refers to the process of determining the spatial positions and orientations of human
joints or body parts from visual input. It typically involves analyzing visual data, such as images

or video sequences, and inferring the spatial positions of human joints or body parts [17]. It often
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relies on the detection of key body landmarks, such as joints or skeletal points, and their spatial
relationships. This can be achieved through various ways, including classical approaches, such
as pictorial structures, a model that represents the body through its parts and their connections,
arranged in a deformable configuration, or DL-based approaches, which employ NNs to directly

predict joint positions [17]. In Figure 2.1, we can see an example of Pose Estimation.

Figure 2.1: Example of Pose Estimation

In the context of rehabilitation, accurate pose estimation plays a crucial role in tracking and
analyzing patients’ movements during exercise or therapy sessions. It provides quantitative mea-
surements of joint angles, limb positions, and body posture, which are essential for assessing and

monitoring the progress of rehabilitation programs.

2.1.2.2 Motion Quality Assessment

Motion quality assessment involves evaluating the quality and correctness of movement patterns
exhibited by individuals, in our case during rehabilitation exercises. This can include analyzing
joint trajectories, comparing against reference movement patterns, and detecting deviations. These
assessments are normally done via distance-based methods, statistical analysis, or DL, enabling
the identification of incorrect movement patterns and providing valuable feedback [55].

By assessing motion quality, rehabilitation professionals can identify areas of improvement
and prevent potential injuries or complications. Furthermore, motion quality assessment provides
objective measures for monitoring progress, setting benchmarks, and comparing outcomes across

different treatment modalities [55].
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2.2 Neural Networks and Deep Learning for Computer Vision

2.2.1 Neural Networks

According to Goodfellow et al. [22], NN models are inspired by the structure and functioning of
the human brain. They consist of interconnected nodes, called artificial neurons or units, together
in layers. Each neuron receives input signals, applies a mathematical transformation to those
inputs, and produces an output. They are called networks because they are organized as a chain of
layers that successively take the previous layers’ output as input.

They are typically organized as an input layer, followed by different layers with different
purposes, followed by a fully-connected layer that produces the output of the network. They are
trained on a large amount of data to learn patterns, relationships, and representations within the
data [6].

In the context of CV, NNs have been instrumental in advancing the field by enabling the
analysis and interpretation of visual data [57]. Two key types of NNs are Convolutional NNs
(CNNs) and Recurrent NNs (RNNs).

2.2.1.1 Convolutional Neural Networks

CNNs [32] are particularly well-suited for processing and understanding images due to their ability
to exploit the spatial structure of visual data. A CNN’s main building block is the convolutional
block, besides the input and fully-connected layers. The convolutional block includes three layers:
a first layer that actually performs the convolutions, producing a set of linear activations; a second
layer that runs each linear activation through a non-linear activation function; and a final layer that
pools from a local region to down-sample the output [22].

The convolution is an operation where a small matrix called a kernel is systematically applied
to an input, sliding over the input in small steps, performing element-wise multiplication with the
local region of the image, and then summing up the results. This process is repeated across the
entire image, creating a new output known as the feature map.

The motivation behind using CNNs in CV is that they can capture spatial hierarchies and
relationships within the data, allowing the model to learn and recognize patterns such as edges,

textures, and more complex structures.

2.2.1.2 Recurrent Neural Networks

RNNs [49] are designed to handle sequential data [22], which is often encountered in CV tasks
such as video analysis and action recognition. Unlike feedforward NNs like CNNs, which process
inputs independently and in a consistent direction, RNNs have connections that form directed
cycles, maintaining an internal state that allows them to capture temporal dependencies and model
sequential patterns. Each step in an RNN receives an input and produces an output while also
updating its internal state. This recurrent connection allows RNNs to consider the context and

history of previous inputs, making them well-suited for tasks involving temporal dynamics [22].
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In CV, RNNs are commonly used to analyze sequential data such as video frames, time-series
data, or sequences of images. They can capture motion patterns, recognize gestures, and generate

sequential predictions [22].

2.2.1.3 Deep Learning

DL is a subfield of machine learning that focuses on training artificial NNs with multiple layers
to learn hierarchical representations of data [22]. While traditional machine learning approaches
often require handcrafted features, DL models can automatically learn features directly from raw
input data. This allows for the extraction of intricate patterns from complex data.

DL has significantly impacted the field of CV by enabling the development of highly effective
vision systems [57]. It has demonstrated several advantages in handling complex vision tasks and

offers automatic feature learning and generalization abilities.

2.3 Summary

The integration of DL, particularly in the form of NNs such as CNNs and RNNs, within the context
of CV systems for accessible rehabilitation holds tremendous potential. Each type of network has
its advantages when contributing to the application of CV to rehabilitation. CNNs can extract
meaningful features from visual data, enabling accurate analysis of patient movements and actions.
RNNSs, on the other hand, provide insights into the temporal dynamics of patient movements,
enabling more comprehensive evaluations and interventions. Integrating CNNs, RNNs, or both in
rehabilitation systems has the potential to enhance the analysis and improvement of rehabilitation

outcomes.



Chapter 3

State of the art

The advent of intelligent technology has sparked great interest in the field of rehabilitation, as
its integration could enable new systems that have the potential to improve the efficiency of re-
habilitation, as they could help ensure exercises are performed correctly. They can also provide
personalized assessments and progress tracking, among other benefits. Furthermore, this integra-
tion could increase the accessibility of rehabilitation, as these intelligent technologies have the
potential to be autonomous and not require continuous professional supervision.

This chapter reviews the state of the art on the application of CV to rehabilitation. Firstly,
we present a historical overview of vision-based motion tracking systems for rehabilitation. After
that, there is a literature review on the specific topic of motion tracking systems for intelligent

rehabilitation.

3.1 Historical Overview

According to the review by Colyer et al. [14], the first attempts to build vision-based motion
tracking systems for rehabilitation purposes were based on manual digitization, which consisted
of manually localizing points of interest, most typically joints, in each sequential image. This
process is very time-consuming, demanding significant effort from experts to identify and track
the relevant anatomical landmarks accurately, and can be subject to human errors, introducing
potential inaccuracies in the analysis of exercises. The inherent drawbacks served as motivation
to search for automated solutions. Automatic systems aim to automate the process of point local-
ization and tracking, alleviating the burden of manual intervention and minimizing human errors.
They also offer the advantage of reducing the time required for exercise analysis.

The first automated approach was automatic marker-based motion tracking systems [14]. As
the name suggests, these systems relied on the placement of passive markers on the subject’s body,
in strategic places such as joints, to make it easier to detect the position of these points of interest.
This can be used to deduce the pose of the subject. The main advantages of these systems are
automation and all that comes with it, such as eliminating the need for human interference and

consuming less time, and the accuracy they present. Despite that, the requirement for physical

10
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markers causes many drawbacks. Markers take time to place and prepare; they are difficult to
place in their correct positions, and that placement can shift from day to day; as they are not com-
pletely fixed to a joint, their position can differ from the joint’s position; they limit and constrain
the subject’s movements. These limitations were the driving force for the next step: exploring
markerless solutions.

Nowadays, research has focused intensively on markerless motion tracking systems [25], as
they present numerous advantages, namely not requiring preparation of the subject, not being
invasive or constraining the subject, and being much more accessible [14]. This direction allows
for more intelligent methods to be used, namely CV methods, that can detect pose and assess
motion quality comparatively. The next sections detail the current state of research on markerless

motion tracking systems for intelligent rehabilitation.

3.2 Accessible Motion Tracking Systems for Intelligent Rehabilita-

tion

In recent years, as this is an open research area, some motion tracking systems have been devel-
oped for intelligent rehabilitation for research purposes.

Following the structure proposed by [15], in the domain of motion tracking systems for reha-
bilitation, systems are typically assembled in steps following a given flow. This flow tends to start
with Data Acquisition, meaning the capture of a raw video of an exercise being performed by a
given sensor. Then, Feature Engineering takes place, that is, meaningful features are extracted,
and after that, these features are encoded, which is done by changing the way the features are
represented. In this domain, the representation tends to be a time sequence of a group of joint
positions or angles or other kinematic parameters. After that, there is a Comparison & Assessment
step, where this sequence is compared to another, typically a reference or a desired sequence, in
some way to derive an assessment of the quality of the performed exercise that will be the feedback
the user will receive.

This can be represented by the diagram in Figure 3.1.

Each step will be detailed in the following sections. A commercial solution will also be pre-
sented.

Our analysis is based on 13 identified scientific articles focusing on CV for rehabilitation,

which are listed in Table 3.1. The table categorizes the articles based on choices made in terms

Comparison &
Assessment

Data Acquisition Feature Engineering

Figure 3.1: Typical Structure
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of Data Acquisition methods, Feature Engineering techniques, and Comparison & Assessment
methods.

The articles that do not perform any of these steps or fail to mention it are under “Not specified”
and if those steps are performed but fall out of the scope of this review (i.e., the last step is not
focused on rehabilitation), the cell will be marked “N/A”

By examining the distribution of articles in Table 3.1, we can see that most researchers use
Microsoft Kinect for data acquisition, although there is significant use of smartphone cameras as
well. Regarding feature engineering, most articles that mention using Microsoft Kinect for data
acquisition adopted the feature engineering tools present in the Kinect Software Development
Kit (SDK). Section 3.2.1 provides more information on this matter. Outside of that, the research
papers tend to use other feature engineering tools such as OpenPose [8] or BlazePose [5]. The
choices made in comparison and assessment methods show some diversity, although there is a
clear tendency to resort to NNs.

This highlights the exploratory nature of the research, with different studies adopting vary-
ing approaches to address the specific challenges and requirements of intelligent rehabilitation
systems.

The table provides an overview of existing motion tracking systems and their characteristics,

demonstrating the wide range of approaches and techniques employed in CV for rehabilitation

Article | Data Acquisition | Feature Engineering | Comparison & Assessment

[12] Microsoft Kinect OpenNI DTW

[53] Microsoft Kinect Kinect SDK ANFIS for performance and
speed components and Fuzzy
Logic to combine those into a
score

[10] Microsoft Kinect Kinect SDK HSMM

[16] Microsoft Kinect Kinect SDK N/A

[65] Microsoft Kinect Kinect SDK N/A

[13] RGB Camera N/A Custom scoring function and
Fuzzy Logic to obtain an over-
all score

[21] RGB Camera OpenPose Modular NN

[33] RGB Camera PoseNet Not Specified

[64] RGB Camera BlazePose N/A

[1] RGB Camera OpenFace N/A

[20] RGB Camera OpenPose N/A

[34] RGB Camera Convolutional N/A

Machines

[35] N/A N/A Deep NN and GMM log-

likelihood performance metric

Table 3.1: Scientific Articles on Motion Tracking Systems for Rehabilitation
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research.

3.2.1 Data acquisition

From our analysis of existing literature on accessible technology, we discovered that there are two
main options for data acquisition: Microsoft Kinect and RGB Cameras.

Microsoft Kinect was widely adopted for CV research in rehabilitation. Numerous reviewed
articles in this field have relied on Microsoft Kinect as their primary data collection tool [12, 53,
10, 16, 65]. After its introduction in 2010, Microsoft Kinect rapidly gained popularity and was
extensively incorporated into research related to CV in rehabilitation. One of the key factors
contributing to its widespread adoption is its affordability, as it was a cost-effective solution for
capturing RGB-D (color and depth) images. Unlike traditional RGB cameras, besides color and
brightness information, Microsoft Kinect provides depth information for each pixel, which denotes
the distance of that point from the sensor, according to [14]. Microsoft Kinect’s accuracy was
reviewed and found to be superior to RGB-only systems [44]. The study conducted by Mousavi
Hondori and Kademi deemed Microsoft Kinect acceptable for rehabilitation purposes, affirming
its suitability as a reliable sensor in this domain. In addition to its low cost and effective RGB-
D imaging capabilities, it is important to highlight that Microsoft Kinect also included an SDK.
This SDK provided researchers with a comprehensive set of tools and libraries that facilitated the
development of CV applications tailored explicitly for Microsoft Kinect. This made Microsoft
Kinect much more valuable for researchers.

However, it is important to mention that Microsoft Kinect has drawbacks worth considering.
These drawbacks include, but are not limited to, the following: first, Microsoft has discontinued
production of the Microsoft Kinect [41]. This means that researchers are forced to switch to an-
other device or go in a different direction. Additionally, although Microsoft Kinect was a low-cost
solution compared to some alternative motion capture systems, it, as any other depth-sensor-based
system, still represents an additional equipment requirement. Its utilization requires a dedicated
Microsoft Kinect sensor, which moves away from the original goal of obtaining an as-accessible-
as-possible solution.

The main alternative to Microsoft Kinect in the studied articles is the RGB Camera, which
was the approach adopted by most of the reviewed articles [13, 21, 33, 64, 1, 20, 34]. In this set,
we include standard, computer, and smartphone cameras, with the latter being the most accessible
option.

Smartphones have become ubiquitous and readily available for a significant part of the pop-
ulation. Leveraging smartphones’ built-in cameras offers a more accessible approach to video
capture, as the need for any extra equipment would not limit patients.

While the main limitation of an RGB Camera is its lack of precision compared to a system with
a depth sensor, smartphone cameras have nonetheless been deemed suitable for clinical use [43].
In fact, Lam et al. [31] have concluded that smartphones will play a crucial role in the future of
the application of CV for rehabilitation, contributing to accessibility.

Table 3.2 summarizes the Data Acquisition component for the reviewed articles.
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References Data Acquisition Method
[12], [53], [10], [16], [65] Microsoft Kinect
[13], [21], [33], [64], [1], [20], [34] RGB camera

Table 3.2: Reviewed Articles - Data Acquisition Methods

3.2.2 Feature Engineering

Feature engineering is the second step in the flow of a motion tracking system. It can encompass
many smaller parts, including, but not limited to, feature extraction and feature encoding.

Feature encoding is almost never detailed in the studied articles, as features are typically en-
coded as a time sequence.

Thus, we will focus on feature extraction. Here, the CV task to be addressed is pose es-
timation. Typically, information deemed relevant is joint positions and angles. Obtaining this
information involves tracking and extracting the spatial coordinates of key joints or measuring the
angles between body segments during exercises. The extracted features are temporal sequences
of the mentioned key points based on their evolution over time. Additionally, various measures
can be incorporated, such as the range of an angle or the velocity of a joint, to provide more
comprehensive information about movement dynamics.

Our study of the existing literature found that authors vary in their choice of tools for fea-
ture extraction. These choices include OpenPose [8], BlazePose [5], OpenNI [19], FaceMesh,
OpenkFace, PoseNet [28] and Convolutional Pose Machines [58].

When Microsoft Kinect is used for data acquisition, the provided SDK offers tools that allow
developers to access pre-computed skeletal joint positions, orientations, and other relevant param-
eters. This means there is no need for explicit feature extraction. Therefore, almost all the studied
articles that resort to Microsoft Kinect do not perform explicit feature extraction, making use of
Microsoft Kinect’s SDK. The one exception is the work of Chen et al. [12], as they employ a
custom process involving a series of image transformations using OpenNI [19] to extract spatial
information, transforming this visual data into seven key points that they deem required for their
rehabilitation system.

When it comes to raw images, feature extraction has to be performed. In the case of rehabili-
tation, as mentioned before, the task to be addressed is pose estimation.

OpenPose [8] is the most popular choice, being used by Francisco and Rodrigues [21] and
Ferrer-Mallol et al. [20], but it has the drawback of being computationally expensive, at least in
comparison to other options, as will be seen in the next paragraph.

Another pose estimation library, BlazePose [5], was employed by Yang et al. [64], offering
similar results to OpenPose [8] but with significantly improved computational efficiency, making
it apt to use with a smartphone. BlazePose [5] is favored for its rapid execution and is integrated

into Google’s MediaPipe pose detector.
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Abbas et al. [1] used OpenFace [3], a mobile-oriented facial behavior analysis toolkit. Open-
Face focuses on head pose and facial expressions, making it valuable for rehabilitation assessments
but limited to specific scenarios.

For real-time human pose estimation, Leechaikul and Charoenseang [33] employed PoseNet [28],
a lightweight deep learning model. While it sacrifices some accuracy due to its lightweight nature,
it serves the purpose efficiently.

Li et al. [34] utilized Convolutional Pose Machines (CPMs) [58] in their work. CPMs leverage
a CNN architecture with an iterative approach, generating heatmaps at each stage to estimate
skeleton key points.

The fact that most reviewed articles used different tools showcases the diversity of the feature

engineering domain, as can be seen in Table 3.3.

References Feature Engineering Method
[12] OpenNI
[21], [20] OpenPose
[64] BlazePose
[1] OpenFace
[33] PoseNet
[34] Convolutional Pose Machines

Table 3.3: Feature Engineering Methods in Reviewed Articles

3.2.3 Comparison and Assessment

Once the relevant features, such as joint positions or angles, have been extracted and represented,
they need to be compared and evaluated to assess the quality and effectiveness of the performed
exercises. Feature comparison involves the analysis of the extracted features to determine how
closely they align with reference movement patterns. Various techniques can be employed for
feature comparison, including distance-based, model-less metrics, statistical-model-based metrics,
or even Deep Learning. These approaches aim to quantify the similarity between the observed
movement patterns and the desired ones.

Reviewing the existing literature on this topic, we can conclude that this portion of the process
is the less standardized one, with most articles proposing their own version of a solution by com-
bining several methods. That being said, one proposed option is a direct distance-based technique,
Dynamic Time-Warping (DTW). However, most methods are model-based, be it via DL or by
Hidden Markov Models (HMMs). Fuzzy logic is also present in more than one article.

Chen et al. [12] developed a vision-based rehabilitation system with a primary focus on ac-

tion identification, discerning if a subject is performing a rehabilitation exercise, and identifying
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the specific exercise. They employed DTW to measure the similarity between sequences of vary-
ing lengths, enabling comparison of different exercise paces. Their system achieved impressive
results, boasting a 98.1% accuracy rate for action identification.

Su et al. [53] employed DTW for comparison and implemented an Adaptive Neuro-Fuzzy In-
ference System (ANFIS) for evaluation. ANFIS combines NN and fuzzy logic principles. Their
evaluation module includes a trajectory evaluator based on a Sugeno-type ANFIS, a speed evalua-
tor, and an overall performance evaluator based on a Mamdani fuzzy inference model. The system
matched physicians’ scores at an 80.1% rate, demonstrating its effectiveness.

Capecci et al. [10] devised an innovative approach to evaluate rehabilitation exercises using a
Hidden Semi-Markov Model (HSMM). Unlike traditional HMMs, HSMM models state durations
as distributions. Collaborating with clinicians, they trained the HSMM with data from the seven
top-rated subjects. The HSMM calculates a comprehensive score based on observation likelihood.
Through hyperparameter tuning, they optimized the HSMM to match clinician ratings. This re-
sulted in a significant correlation for two of the five exercises. Compared to DTW, the HSMM
outperformed DTW in correlating with clinician scores for four of the five exercises.

Ciabattoni et al. [13] collaborated with physiotherapists to establish target values, incorpo-
rating tolerances for five exercises. They designed a score function based on these targets and
measured values for specific joint angles. The overall exercise score is computed as the average
or maximum of individual scores. They used a Takagi-Sugeno Fuzzy Inference System to de-
termine the subject’s global score, offering flexibility in weighting exercise targets according to
physiotherapist recommendations.

Francisco and Rodrigues [21] utilize a Modular NN for exercise assessment. They begin by
extracting and storing joint angles, focusing on four angles. After that, their system is divided
into their detection module, which identifies what exercise is being performed, and their measure
module, which employs an NN to assess exercise correctness. The initial network architecture was
straightforward and comprised three layers. Multiple configurations were tested to obtain the best
architecture and evaluated using accuracy and the area under the Receiver Operating Characteristic
(ROC) curve. Ultimately, the most effective architecture ended up featuring eight hidden layers
and achieving 94.54% accuracy and an area under the ROC curve ranging from 0.8 to 1, depending
on the exercise.

Liao et al. [35] employ a Gaussian Mixture Model (GMM) log-likelihood performance met-
ric for rehabilitation, leveraging its ability to effectively capture the inherent variability in hu-
man movements. This metric is incorporated into a deep-learning model comprised of a complex
deep NN that includes convolutional layers, recurrent layers, and temporal pyramids. It outputs
movement quality scores for input exercises. In their evaluation, they compared the GMM log-
likelihood metric to Euclidean distance, Mahalanobis distance, and DTW distance, focusing on
its capacity to distinguish correct from incorrect movements. The results showcased the superior-
ity of the proposed metric, although DTW distance and Euclidean distance displayed noteworthy

results. Additionally, they assessed their deep-learning model against other NN models, using
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absolute deviation as the performance metric. The model demonstrated overall superior perfor-
mance, although specific models outperformed it in certain exercises within the dataset.

Table 3.4 showcases the diversity in Comparison & Assessment methods.

Comparison and Assessment
Reference

Method
[12] DTW
ANFIS for their performance and
[53] speed components and Fuzzy Logic to
combine those into a score
[10] HSMM

Custom scoring function and Fuzzy
[13] . .
Logic to obtain overall score
[21] Modular NN
[35] Deep NN and GMM log-likelihood
performance metric

Table 3.4: Comparison and Assessment Methods in Reviewed Articles

3.3 Commercial Systems

In addition to research efforts, there are also commercial solutions available in the field of CV for
rehabilitation. One such solution is Exer Health [18], a patient mobile app designed to enhance
the rehabilitation process. Exer Health aims to keep patients engaged and gather critical health
assessment data while they perform exercises at home. The app claims to measure range of motion,
counts repetitions, recommends form adjustments, and provides real-time feedback to patients.
This feedback helps patients adhere to their recovery protocols, and the data collected can be used
by professionals to evaluate progress throughout the rehabilitation journey. Moreover, Exer Health
offers professionals an intuitive mobile app that facilitates the creation of high-touch, closed-loop
recovery protocols. This gives patients a richer experience while providers focus on delivering
optimal care.

Regarding technology, Exer Health claims to employ a proprietary motion-Al platform that
powers all of its digital health software. The platform is said to run “on the edge,” utilizing
common laptops, phones, and tablets. This approach ensures accessibility and ease of use for
patients and professionals, allowing seamless technology integration into rehabilitation. Although
they do not give any details, they mention the use of NNs, machine learning, and CV.

Figure 3.2 shows an example of how the Exer Health application works.
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Figure 3.2: Exer Health App. Source: Exex Health [18]

The main problem with Exer’s solution is that they do not reveal much about it, with their
explanations being very generic when it comes to the technology used and how they used it. Our
work differs from theirs in that sense, as our objective is to make this research public and available

for anyone to understand.

3.4 Available Datasets for Modeling Computer Vision Systems

The availability of high-quality and diverse datasets is very important in training CV models for
rehabilitation applications. Whereas in other motion modeling applications based on CV, there is
a wide range of large public datasets, in the case of rehabilitation data, authors tend to collect their
own data, obtaining relatively small datasets [15]. We compiled the most relevant datasets found

while researching in Table 3.5.

Dataset Number of Individuals | Number of Exercises
IntelliRehabDS [42] 29 9
UI-PRMD [56] 10 10
KIMORE [9] 78 5

Table 3.5: Relevant datasets for CV-based rehabilitation

However, these datasets all mention that their data is captured by an RGB-D camera such as
Microsoft Kinect. This is also true for other datasets found during the literature review, as well as
others that mention the use of body-worn sensors. This is a limitation of the current state of this

research field.
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It is also worth mentioning that in recent years, the emergence of Generative Adversarial Net-
works (GANSs) has provided a promising avenue for expanding the available data in rehabilitation
research. GANs can generate synthetic data that closely resembles real rehabilitation exercises,
thereby augmenting the existing datasets. This approach has the potential to address the limita-
tions of small-scale datasets and facilitate the development of more robust and generalizable CV
models. Li et al. [34] develop GANs to augment the UI-PRMD dataset.

3.5 Takeaways and Conclusion

The previous sections have explored the intersection of CV and intelligent rehabilitation systems,
examining the relevant literature and gaining insights into this field. We first gave a historical
overview and then dove deeper into Accessible Computer Vision Systems for Intelligent Rehabil-
itation, focusing on three critical aspects of these systems: data acquisition, feature engineering,
and comparison & assessment.

We observed that data acquisition methods have evolved over time. While Microsoft Kinect
was once a prominent choice, its discontinuation has led to the emergence of smartphone cameras
as accessible and reliable alternatives for rehabilitation purposes.

In terms of feature engineering techniques, OpenPose is the most popular choice. Although
it is widely used in research that requires pose estimation, it is computationally expensive, so we
highlighted an alternative, BlazePose, that offers greater efficiency and speed.

The comparison and assessment of exercises involve diverse techniques, including DTW, fuzzy
inference systems, HSMMs, and deep NNs. These approaches aim to quantify the similarity
between observed and desired movement patterns. Every studied article mentioned satisfactory
results.

What we conclude by comparing the different studies is that DTW seems to be a standard
method. It could be interesting to use as an initial method and a term for comparison of different
methods, serving as a benchmark. We also found that the trend is the use of DL, as in most fields
of computer science. Fuzzy logic seems to be regarded as an effective tool for this task, as well as
HMMs.

We also presented a commercial solution, which seems to be promising, but no concrete details
are given in terms of the technology used.

Another important aspect mentioned is the available datasets. As detailed before, there are
not many large public datasets, which is something researchers have to deal with. Typically, the
solution is for authors to collect their own data.

Building on the insights from this review, our work will take the discontinuation of Microsoft
Kinect into consideration and explore the potential benefits of smartphone cameras. DTW rep-
resents a widely accepted approach and will be employed as a preliminary method, serving as
a reference for comparison. DL is emerging as a dominant trend, and future work should aim
to maximize its potential. This could involve the development of sophisticated DL. models and
exploring their integration with fuzzy logic or HMMs.



Chapter 4

Problem Statement

This chapter defines the problem to be addressed by this thesis. The first section recaps our con-
text and motivation. Then, there is a section that clearly identifies the problem, addressing the
limitations and challenges associated with current rehabilitation methods. The next section then
presents the research questions we must answer. In the end, there is a brief conclusion for the

chapter.

4.1 Recap

As mentioned in Section 1.1, traditional rehabilitation approaches are often time-consuming, ex-
pensive, and dependent on the availability of healthcare professionals. This sets an undesirable
limit on the number of sessions a patient can attend and may lead to a decrease in the speed of
their recovery progress [39].

The initial solution would be to follow at-home rehabilitation methods, with the healthcare
professional prescribing exercises that the patient can perform at home. These methods, although
convenient, come with their own challenges. Without proper feedback and guidance, there is a
risk of performing exercises incorrectly, leading to a slower recovery or, in a worst-case scenario,
aggravating injuries. Additionally, it is very common to observe low adherence to prescribed
exercises [4].

Recent advances in technology could offer some alternatives. While robotic-assisted rehabili-
tation offers potential benefits, it is often limited to specific conditions and comes with a high cost.
VR systems, although immersive, require additional equipment and the creation of a virtual world,
which can be a barrier to widespread adoption. Similarly, many CV-based solutions in rehabili-
tation are marker-based, relying on specialized equipment or setups, making them less accessible
and suitable for at-home use, as shown in Chapter 3.

However, the interest in markerless motion tracking systems has grown, as they hold the po-
tential to significantly improve the recovery process and the accessibility of rehabilitation services.
By integrating these systems, patients would be allowed to perform rehabilitation exercises inde-

pendently, without the need for the availability of a healthcare professional, while receiving correct
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feedback. This approach eliminates the constraints of in-person sessions and makes rehabilitation
more accessible.

From the perspective of the patient, this solution would empower them, greatly increasing their
access to rehabilitation and speeding up their recovery process. For healthcare professionals, this
could mean they could possibly track patients’ progress remotely and see their customers recover

independently.

4.2 Problem Statement

Following what is mentioned in the previous section, the main problem in the field of intelligent
rehabilitation is accessibility, whether it be in terms of financial costs, geographical limitations
or healthcare professional availability. Despite some solutions having been proposed, it has been
demonstrated that this problem remains unresolved, leading to limited access to quality rehabili-
tation services for individuals.

In more practical terms, we want to solve the problem of accessibility in rehabilitation using
technology, more specifically Computer Vision. We want to target the patients and give them
accessible tools to perform exercises independently. By doing this, we would enhance the avail-
ability and effectiveness of rehabilitation services, improve patient outcomes, and revolutionize
the broader healthcare ecosystem, as this solution would result in reduced healthcare costs and

improved resource allocation.

4.3 Research Questions

There are specific implementation challenges that need to be addressed to develop an effective
solution for accessible rehabilitation.
The primary research question is how to assess the quality of the execution of a rehabilitation

exercise in an accessible way using CV. This breaks down into other smaller questions:

1. How can CV retrieve information relevant to assessing the quality of rehabilitation from a

video?
2. How can that information be used to effectively assess the quality of rehabilitation?

The first question goes into the aforementioned Pose Estimation task, which is explained in
Section 2.1.2.1. By accurately estimating human pose, our proposed solution aims to provide
information about aspects such as body alignment, joint angles, and movement trajectories. Re-
solving this research question is vital to building an accurate and effective accessible rehabilitation
system.

The second question is focused on Motion Quality Assessment, mentioned in Section 2.1.2.2.

Our solution will seek to accurately assess motion quality.
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Another very important aspect to prioritize that is common to all research questions is acces-
sibility. When researching, we want to find the most accessible way to answer these questions and
always choose the most accessible options for our system.

Additionally, determining the criteria for evaluating exercise performance and establishing

meaningful metrics to quantify quality are important considerations.

4.4 Conclusion

In this chapter, we have discussed the problem at hand. The limitations and challenges associated
with current rehabilitation methods have highlighted the need for a more accessible approach. By
integrating CV, we aim to create a platform that allows patients to perform rehabilitation exercises

independently while receiving adequate feedback.



Chapter 5

Implementation

5.1 Introduction

This chapter explores the implementation process of our computer vision-based motion tracking
system for accessible rehabilitation, building upon the theoretical principles presented in the previ-
ous chapters. We will discuss technology selection and present the data we worked with. Then, the
focus will be on the architecture of the system. After that, we will address our system’s limitations

and briefly summarize our implementation process.

5.2 Architecture

Our system follows the structure presented in Chapter 3, meaning it involves three components:
Data Acquisition, Feature Engineering, and Comparison & Assessment. This means we have to
make technological and architectural choices for each one of these components. The following

subsections will detail the choices made for each of the components.

5.2.1 Data Acquisition: Smartphone Camera

In the Data Acquisition component, we had to choose between Microsoft Kinect and the RGB
camera, as is explained in Section 3.2.1. Deriving from what is mentioned in the aforementioned
Section, we opted for the RGB camera, more specifically, the smartphone camera, due to the
ubiquity of the smartphone, aligning with the focus on accessibility. Furthermore, it should allow

for a more straightforward and user-friendly approach to data collection.

5.2.2 Feature Engineering: MediaPipe’s Pose Landmarker (BlazePose)

Regarding Feature Engineering, the range of choices was much broader, as detailed in section
3.2.2. The most popular choice, OpenPose, had the drawback of being computationally expensive,
which could pose problems given the choice of the smartphone, a less computationally powerful

device. One of the alternatives was BlazePose, which presented results similar to OpenPose but
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was much less computationally expensive, making it suitable for a smartphone. One framework
that implements the BlazePose algorithm is the MediaPipe Pose Landmarker.

MediaPipe [23, 38] is an open-source framework created by Google that provides a toolkit for
the development of Machine Learning applications, mainly focused on helping people design and
implement solutions for vision, audio, and text-based machine learning tasks. In terms of audio
and text, it provides developers with tools suitable for various classification, detection, and em-
bedding tasks. When it comes to vision-based tasks, it offers tools to perform Object Detection,
Image Classification, Hand Landmark, Hand Gesture Recognition, Image Segmentation, Interac-
tive Segmentation, Face Detection, Face Landmark Detection, and the one we’re interested in,
Pose Landmark Detection.

The MediaPipe Pose Landmarker [24] is a component within the broader MediaPipe frame-
work designed for human pose estimation. This specific module is focused on identifying and
tracking key points, or what they call pose landmarks, on a person’s body, enabling applications to
access an estimate of the human pose. It receives as input still images, decoded video frames, or
live video feed and outputs pose landmarks in normalized image coordinates or pose landmarks in
world coordinates. It can also render an overlay of the landmarks and their connections over the
original input. It is also important to mention that it can detect multiple poses, with the maximum
number of poses to detect being defined by the developer. The developer can also set values for
the minimum confidence scores to consider pose detection and pose tracking successful, as well
as for the minimum confidence score of pose presence score in the pose landmark detection. This
component of MediaPipe includes two models: a pose detection model, including just a few key
landmarks, and a pose landmarker model, which completely maps the pose, outputting 33 key
landmarks. Figure 5.1 shows the position of the 33 landmarks in the human body, and Table 5.1
shows the index of each landmark.

Index Body Part Index Body Part Index Body Part
0 Nose 11 Left Shoulder 22 Right Thumb
1 Left Eye (Inner) 12 Right Shoulder 23 Left Hip
2 Left Eye 13 Left Elbow 24 Right Hip
3 Left Eye (Outer) 14 Right Elbow 25 Left Knee
4 Right Eye (Inner) 15 Left Wrist 26 Right Knee
5 Right Eye 16 Right Wrist 27 Left Ankle
6 Right Eye (Outer) 17 Left Pinky 28 Right Ankle
7 Left Ear 18 Right Pinky 29 Left Heel
8 Right Ear 19 Left Index 30 Right Heel
9 Mouth (Left) 20 Right Index 31 Left Foot Index
10 Mouth (Right) 21 Left Thumb 32 Right Foot Index
(a) Part 1 (b) Part 2 (c)Part 3

Table 5.1: MediaPipe Landmarks. Source: Google Mediapipe [24]

The output of the MediaPipe Pose Landmarker contains X, Y, and Z coordinates for each

landmark and a visibility factor, representing how likely it is that the landmark is visible. As men-
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Figure 5.1: MediaPipe Pose Landmarker Model. Source: Google Mediapipe [24]

tioned before, the MediaPipe Pose Landmarker can output pose landmarks in either normalized
image coordinates or world coordinates. If the output is normalized image coordinates, X and Y
are normalized between 0 and 1 in relation to the image’s width and height. The Z coordinate is
the landmark depth, with the hips as the origin. It has the same magnitude as x, and the smaller
the value is, the closer it is to the camera. If the output is world coordinates, X, Y, and Z are
Real-world 3-dimensional coordinates in meters, also with the hips as the origin.

An example of the output of a landmark would be:

X: 0.021951576694846153
y: -0.626481085621337389

Z: -0.19370245933532715
visibility: ©.99999940©39535522

Figure 5.2: Example of Landmark output

It is also important to mention that this module implements a variant of BlazePose [5] that
utilizes GHUM [63]. It also uses a CNN similar to MobileNetV2 [52].

BlazePose is a lightweight CNN architecture designed for real-time human pose estimation on
mobile devices. It employs a pose detector and a pose tracker. For the pose detector, it is assumed
the head of the person is always visible, and a face detector is used to identify the face and predict

other parameters, such as the person’s orientation. The pose tracker consists of a NN that predicts
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the location of 33 keypoints of the human body. This NN follows an encoder-decoder architecture
that is used to create heatmaps and is followed by another encoder for regression. In order to
evaluate the model, it was compared to OpenPose [8] on two datasets and obtained very similar
results. The main advantage of BlazePose is that it is 25-75 times faster when running on a single
mid-tier phone CPU than OpenPose running on a 20 core desktop CPU.

This variant of BlazePose uses GHUM, a pipeline designed for accurate 3D human shape
modeling. GHUM is trained within a Deep Learning framework, having full 3D body scans as
input, and is constructed using an end-to-end learning pipeline that enables the training of statisti-
cal models based on various body-related parameters. The three main components of the pipeline
are the Variational Body Shape Autoencoder for body shape estimation, the Variational Facial
Expression Autoencoder to detect facial expressions, and the Skinning Model, which attempts to
represent skin and realistically deform the 3D model to match the movement of the underlying
skeleton. GHUM’s pose estimation is performed based on body shape estimates and skinning
parameters.

The CNN used is similar to MobileNetV2, an NN architecture designed for object detection on
mobile devices. The main goal is to improve computational efficiency while maintaining accuracy.
With that in mind, it introduces a new layer module, the inverted residual with linear bottleneck.

It presents very competitive results at a much lower computational cost.

5.2.3 Comparison & Assessment: Dynamic Time Warping

To perform the Comparison and Assessment part of our system, we opted for DTW.

DTW is an algorithm used to assess how similar two time series are by measuring the distance
between those two series. Let’s use as an example two time series A and B. The simplest way
to measure the distance between two time series would be to use Euclidean distance, which is
computed as the square root of the sum of the squares of the differences between A; and B;, where
A; represents the value of time series A at index i and B; represents the value of time series B at the

same index. Equation 5.1 describes Euclidean distance.

n
EuclideanDist = Z(Ai —B;)? 5.1
i=1
The problem with this measure is that it does not account for shifts along the time axis. For
example, if two time series are equal but one of them is shifted in time, Euclidean distance would
indicate a difference between both series.

For example, let’s consider the following sequences:
1. [0,1,2,3,0,0]

2. 10,0,1,2,3,0]
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We can understand that the sequences represent the same evolution, but sequence 2 starts later
than sequence 1. If we calculate the Euclidean distance between these series, we would obtain a
result of V12 ~ 3.46, when the desirable result would indicate a smaller difference.

With the aim of solving this problem, DTW was developed [50]. The idea behind DTW is the
computation of a warp path that warps points of the two series to one another in order to obtain
a more intuitive relationship between the series. Warping two points is creating a correspondence
between them. This path includes every index of both time series, meaning that every point in
one sequence is warped to a point in the other sequence. The goal is to compute the optimal
warp path, meaning the one with the minimum distance. To do so, we must first compute a two-

dimensional distance matrix, D. Given the same time series A and B, D is |A| by |B

, with each
axis representing one of the time series. The process of computing the matrix is done dynamically,
starting with D(0,0) and finishing with D(|A|, |B|) The value of each cell in D is computed by the

following formula:

In every calculation, we add the distance between the two points in each axis at the current
index, Dist(A;,B;), to the minimum value of the three cells that precede the current one. This
is because we know that the optimal path must pass through one of those cells and that one of
them contains the minimum possible distance, so we add the current distance to the smallest of
those three values. Dist(A;, B;) can be calculated by various distance measures, such as Euclidean
distance or Manhattan distance. A comparative study between different distance measures for
DTW showed that Euclidean distance obtains the best results [30]. After we fill the matrix, the
value of the DTW distance between the two sequences is the value at D(|A[, |B|).

For example, let’s consider the same sequences 1 and 2. Figure 5.3 shows the filled distance

matrix for the calculation of DTW between the sequences.
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Figure 5.3: Distance matrix for DTW calculation

As we can see, we obtain the optimal path from D(0,0) to D(|A|,|B|) and are left with the
value 0 at D(]A|, |B|), which means that the DTW distance between the two sequences is 0.
The choice for DTW stems from the fact that it is simple, being a distance-based metric, but

presents impressive results measuring the similarity between sequences of movements.

5.3 Dataset

Collaborating with the Escola Superior de Saude of the Instituto Politécnico do Porto was instru-
mental in accessing a pre-existing dataset of exercises. The data that is included was collected with
the primary aim of examining rehabilitation exercises. Subsequently, it has been utilized in various
works, including the study conducted by Lopes et al. [37] and my own thesis. Fifteen patients,
labeled with IDs 1 to 15, were asked to perform two distinct exercises, Diagonal and Rotation,
each repeated three times. Those exercises were recorded with a smartphone camera, and those
videos are what constitute our dataset, as well as two reference videos performed by healthcare
professionals, one for each video. That is a total of 90 examples, 45 for each exercise, plus the
two reference videos. The dataset has been evaluated by an advanced state-of-the-art system, the
Qualisys Motion Capture System (QTM) [47], that can evaluate Range of Motion (ROM), being
scored from 0-100. However, the reference scores are not attributed to each example in the dataset
but to each patient, making a total of 30 scores: one for each of the two exercises performed by the

15 patients. This score represents a movement quality index based on comparing ROM between



5.4 Experimental Setup 29

instances of subjects performing Guided Exercises (GE) and Non-Guided Exercises (NGE) and is

calculated by the following equation:

(5.3)

ROM¢gg — ROM,
MovementQualitylndex(%) = (1 — ok NGE) x 100

ROMgEg

Figure 5.4 shows frames of a video from the dataset.

A

Figure 5.4: Frames of the Diagonal exercise. Source: Pereira et al. [45]

s _A

The selected dataset contains outliers, which have been explicitly identified by the researchers
responsible for its collection. The presence of these outliers has implications for the evaluation of
our system, as we must address and handle them effectively. In Chapter 6, Section 6.2 will provide

an in-depth exploration of the strategies employed to deal with these outliers.

5.4 Experimental Setup

All of the processing was performed on a personal computer with the following specifications:
1. CPU: Intel(R) Core(TM) i5-8250U CPU @ 1.60 GHz
2. RAM: 8,00 GB
3. Operating System: Windows 11 Pro 64-bit

4. Python Version: 3.10.11

5.5 System Development

The development journey started with a basic idea of how the system would be structured, based
on the studied literature and detailed in Section 5.2, and a simple division of the development plan.

The first part of the development would be to build a system capable of comparing two videos, and
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the second part would involve generalizing to compare all the videos in the dataset to the reference
video for the corresponding exercise and evaluating the system. This evaluation would be made
by comparing the results obtained by our system and the correctness scores associated with each

video, as mentioned in Section 5.3.

5.5.1 Comparing two videos

In order to obtain a system that compares two videos, we devised the following plan:

1. Start by focusing on a single exercise and identify the relevant joints for that exercise.
2. Process one input video:

(a) Read the video.
(b) Extract values of relevant joint positions for each frame.

(c) Create and save a sequence of these values.
3. Process another input video in the same fashion.

4. Calculate the DTW distance between two sequences.

Thus, we started by selecting one of the two mentioned exercises, Diagonal and Rotation.
There were no substantial differentiating factors between the two regarding what would concern
comparing examples of each one, so we opted for Diagonal. We then wanted to identify which
joints were relevant for the exercise. In order to do that in a clinically sound manner, we made
use of our collaboration with the Escola Superior de Saide. We asked them which joints were
relevant for comparing this exercise. They mentioned that they divided joints into three major
groups for their comparison: Head, Trunk, and Shoulder. They also mentioned which landmarks
of the MediaPipe Pose Landmarker Model should be included in each joint group.

This meant that the relevant joints were organized as follows:

¢ Head: Landmarks O to 10
e Trunk: Landmarks 11, 12, 23, 24

¢ Shoulder: Landmarks 12, 14, 16

The next step was to process an input video. This involved developing a Python script where
videos could be processed, and relevant data could be retrieved, particularly the positions of the
relevant landmarks for each frame. In order to process the video, we had to resort to the OpenCV
library [7]. OpenCV is an open-source software library designed for computer vision and machine
learning applications. It offers a comprehensive set of image and video processing tools, includ-
ing modules for image manipulation, object detection, feature extraction, and more. It is widely

utilized in computer vision applications.
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We then made use of the MediaPipe Pose Landmarker to perform pose estimation and obtain
the X, Y, and Z coordinates of each landmark present in the relevant joint groups for each frame.
At this point, we faced a choice between using MediaPipe Pose Landmarker’s Landmarks or
WorldLandmarks. We opted for WorldLandmarks because they are relative to the subject’s
body. Landmarks are sensitive to the position of the subject in the image, which can cause
problems when comparing two videos. These coordinates were saved after each frame, and we
created a sequence of coordinates for each relevant landmark. Each sequence was essentially a
list that had as elements smaller lists, one for each frame, that had as elements the coordinates of
that landmark at that frame. After processing a video, we were left with a set of lists, one for each
landmark, representing the evolution of the position of that landmark over time.

A generic sequence for a landmark would be represented as:

thzl ayt:th:lL [xt:Z)yt:Z,Zt:Z], ey [xt:T’yt:T’Zt:TH (5.4)

In this sequence, each list represents the X, Y, and Z coordinates of the landmark for each
frame.

After we had processed two input videos and obtained the sequences that represented the
motion in terms of the evolution of the position of the relevant joints, we were ready to compare
them and assess how similar those sequences were and, consequently, how similar the exercises
being performed were.

To compare the two exercises, we opted to calculate the distance between each relevant land-
mark’s evolution in one video to the corresponding one in the other video and then sum up those
distances according to the grouping suggested before, meaning the distances between landmarks
in the head group would be summed up to obtain the overall distance measure for the head, as was
done for the trunk and shoulder landmark groups. In order to calculate the distance between two
sequences, we used DTW.

There are many libraries that implement DTW in Python, as is the case of dtaidistance,
TSLearn, or FastDTW. FastDTW is the most commonly used one [62], but it is actually an
approximation, designed to perform the DTW calculation faster than the original algorithm [51],
whereas both dtaidistance and T'SLearn perform the full DTW algorithm.

However, it has been claimed that FastDTW might actually not be faster and, because it is an
approximation, the trade-off between accuracy and speed might not be worth it [62].

In order to make a choice, we compared the execution of the three algorithms as well as a
generic ad hoc DTW implementation. To compare the execution time of each algorithm, we ran

each one on the same two videos ten times, registering the average of their execution times.
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DTW: 29.16426658630371 seconds
FASTDTW: 2.317301750183106 seconds

DTAIDISTANCE: 0.090170621871948 seconds
TSLEARN: 4.478096008300781 seconds

Figure 5.5: Comparison of times of execution for the different DTW implementations

As we can see in Figure 5.5, dtaidistance had the smallest execution time, so that was the final

choice.
This meant we could now compare two videos and obtain distance measures for the three

landmark groups, concluding the initial part of our development plan.
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Figure 5.6: Pipeline for comparing 2 videos
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Figure 5.6 shows the pipeline followed to develop the part of the system that compares two
videos and obtains a distance between them. It takes two videos as input, processes them using
OpenCV, captures the landmarks of both using the MediaPipe Pose Landmarker, obtaining the
landmark time sequences, which are then compared using DTW, resulting in a measure of the

distance between the two videos.

5.5.2 Generalizing for the whole dataset

After we had built a system capable of comparing two videos and obtaining a measure of the
difference between the videos, our intention was to generalize and obtain that measure for each
exercise in the dataset.

Thus, we wrote a Python script that would do this for us. First, it processed the reference
video for one exercise and saved the landmark sequences. Then, it iterated through the dataset,
reading each video of that exercise and obtaining the landmark sequences, comparing them, using
DTW, to the reference. This gave us a distance score for the three landmark groups in each video,
which were then saved in a data frame and, subsequently, in a .csv file. This process was repeated

for the second exercise, leaving us with two files with the distances recorded between the time
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sequences of the reference exercise and each of the examples in the dataset. Each file was divided
into distances for the Head, Trunk, and Shoulder landmark groups.

These files were then used as input for the evaluation of our system, comparing our results
to those obtained by the QTM mentioned in Section 5.3. The evaluation of the system will be
discussed in Chapter 6.

ID Head | Trunk | Shoulder
IDO1_1 | 220.63 | 50.39 103.13
IDO1_2 | 258.58 | 55.52 109.38
ID01_3 | 257.50 | 55.06 122.51
1ID02_1 | 272.44 | 37.97 72.85
1ID02_2 | 21243 | 32.74 80.76
ID02_3 | 310.14 | 47.60 89.19
ID03_1 | 159.56 | 32.30 99.23
ID03_2 | 152.75 | 29.36 102.72
ID03_3 | 176.59 | 31.23 86.32
ID04_1 | 235.18 | 54.42 82.61
ID04_2 | 188.21 | 47.61 90.15
ID04_3 | 203.35 | 60.69 86.92
ID05_1 | 308.34 | 70.13 117.46
ID05_2 | 301.78 | 67.27 106.83
ID05_3 | 316.42 | 65.68 113.23

Table 5.2: First 15 rows of the distances file for the Diagonal exercise

Table 5.2 shows a portion of the .csv file that contains the distances between the Diagonal

exercise examples in the dataset and the Diagonal reference exercise, divided into the Head, Trunk,

and Shoulder landmark groups.
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~
Compare Two
Videos

Reference
Video

| Videos Database '

Figure 5.7: Pipeline for comparing the entire dataset to the reference
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Figure 5.7 shows the pipeline followed to develop the part of the system that iterates through

the dataset, comparing every example video to the reference and obtaining a distance for each one.

5.6 Summary

In this chapter, we detail how our CV-based motion tracking system was implemented. We men-
tioned the architecture of our system and the choices that were made at each step of the system
flow, namely the choice of the smartphone for Data Acquisition, MediaPipe’s Pose Landmarker
for Feature Engineering, and DTW for Comparison and Assessment. We detailed the dataset made
available to us and mentioned the technology used. Lastly, we explored the development journey

of our system, explaining how each step is performed.



Chapter 6

System Evaluation and Results

This chapter is focused on the evaluation of our system and the presentation and discussion of the
obtained results. The first section explains the concept of data normalization, why it is necessary,
and how we opted to perform it in our data. After that comes a section on the details of our system
evaluation, where we discuss the metrics used to evaluate and how we handled outliers. Then,
there is a section presenting the results and a following section discussing them. After that, there

is a section on statistical analysis. Finally, there is a small summary of the chapter.

6.1 Data Normalization

To evaluate the performance of our system, we will compare our results to those obtained by the
QTM, mentioned in Section 5.3, which serves as the ground truth for our dataset. However, our
results are a distance measure, whereas the dataset is labeled with scores on a scale of 0 to 100,
as mentioned in Section 5.3. To ensure a meaningful comparison, we need to make sure that both
sets of results are on the same scale, which means we need to transform our distance measures
into a 0 to 100 score. One way to achieve this is through data normalization.

Data normalization is a process in which data is scaled to a specific range. It is usually per-
formed as a preprocessing step before the comparison of two sets of data and allows the compari-
son of data with different ranges. There are many different ways of performing data normalization,
including, for example, Z-score normalization or Min-max scaling.

Lima et al. [36] conducted a comprehensive study comparing various normalization options,
more specifically for the normalization of time series. They mention that Z-score is by far the
most popular option, with many authors not even considering the alternatives. It is particularly
well-suited for normally distributed data. However, they conclude that it may not always be the
best option and recommend at least exploring one more option before using just Z-score, more
particularly Maximum absolute scaling.

The next paragraphs detail each of the three mentioned methods: Z-score normalization, Min-

max scaling, and Maximum absolute scaling.

35
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Z-score normalization transforms data to have a mean of 0 and a standard deviation of 1, with
each transformed value being calculated with the following equation, where U is the mean of the
data, and o is the absolute deviation:

p_X—H

X = p (6.1)

Min-max scaling scales the data to a specific range, often O to 1, but in our case, 0 to 100, based
on specified minimum and maximum values. These values are usually the maximum and minimum
values of the dataset, but we could select values that correspond to what would be considered, in
the original scale, a score of 0 and a score of 100. For example, in our case, the minimum would be
0, as the ideal performance of an exercise corresponds to a distance of 0 when comparing the two
time sequences, and the maximum would be the values obtained by comparing two very different
videos. One crucial detail to consider is that, in our case, larger distances correspond to lower
scores and vice versa, which means that, after scaling is done, we invert the scale by subtracting
each score from 100. The transformed values are calculated via the following equation:

o= Xmmin (6.2)
max — min

Maximum absolute scaling works in a very similar way but just considers the maximum abso-
lute value. Each value is obtained with the following equation.

=T 6.3)
|max|

Because all our data is positive and we know the minimum value is 0, Maximum absolute
scaling and Min-max scaling have the same behavior. From this point on, we will only refer to
Min-max scaling.

Before choosing the normalization technique, we must first analyze our data.
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Figure 6.1: Histograms for the distances obtained for the Rotation exercise
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Figure 6.2: Histograms for the distances obtained for the Diagonal exercise
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Figures 6.1 and 6.2 help us visualize the distribution of our data. They include histograms for

the three joint groups for each exercise.

Examining the presented graphs, it becomes evident that the distribution of the data does not

have the characteristics of a normal distribution, as there are clear deviations from the expected

bell-shaped curve. This tells us that the data does not conform to a normal distribution and that

Z-score normalization would not necessarily be suitable for our data.

However, due to its immense popularity, and given most authors will not even consider not us-

ing Z-score, we decided to compare the effectiveness of these normalization techniques, applying

both Z-score and Min-max scaling to our data.

Finally, we calculate the average scores for three exercises per ID, providing an overall perfor-

mance score for each exercise. This aggregated score is what we compare to the QTM score. An

example of the aggregated scores can be seen in Table 6.1.

ID | Head | Trunk | Shoulder
IDO1 | 60.08 | 56.45 77.31
ID02 | 55.95 | 61.03 76.73
ID03 | 80.08 | 72.93 76.14
ID04 | 65.33 | 58.81 76.47
ID05 | 63.32 | 61.25 80.64
IDO6 | 72.1 | 73.42 79.74
ID07 | 70.18 | 63.21 67.68
IDO8 | 73.92 | 69.19 65.31
ID09 | 69.99 | 66.98 80.01
ID10 | 57.75 | 59.85 78.93
ID11 | 70.94 | 74.62 78.15
ID12 | 29.1 | 29.92 54.14
ID13 | 65.54 | 58.5 70.37
ID14 | 78.75 | 72.59 82.31
ID15 | 62.81 | 48.89 59.19

Table 6.1: Scores file for the Rotation exercise using Min-max scaling
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6.2 System Evaluation

The evaluation process is very important to assess the performance and practical utility of the sys-
tem. A thorough evaluation can not only validate a system but also identify areas for improvement.
As mentioned before, to evaluate our system, we will compare our results to the ones obtained by

the QTM. This section details the evaluation process, particularly focusing on the metrics chosen.

6.2.1 Evaluation Metrics

In order to evaluate such a system, we must first consider the task we are performing and what
evaluation metrics better suit it. In this case, we are predicting a score for the quality of a given
rehabilitation exercise based on measuring distance. In more practical terms, we are predicting
a continuous value for each entry in our dataset, which, despite not being a regression problem,
can be evaluated with typical regression metrics. With that in mind, we selected Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and the Pearson Correlation Coefficient (CC)

to evaluate our system.

6.2.1.1 Mean Absolute Error

MAE measures the average absolute difference between the predicted scores and the actual scores.
It provides an interpretable metric for understanding the overall accuracy of our system’s predic-
tions.

Equation 6.4 shows how to calculate MAE, with N being the number of predictions, y; being
the actual values, and y; being the predicted values.

1 ¥ .
MAE = =Y [yi —9il (6.4)
Ni:l

6.2.1.2 Root Mean Squared Error

RMSE calculates the square root of the average squared difference between the predicted scores
and the actual scores. It penalizes larger errors more significantly than MAE and provides insight
into the magnitude of prediction errors.

Equation 6.5 is the RMSE equation, with N, y;, and ¥; having the same meaning as in the

previous section.

RMSE = (yi —9i)? (6.5)

2|~
-

6.2.1.3 Correlation Coefficient

CC assesses the linear relationship between the predicted scores and the actual scores. It quantifies

the strength and direction of the linear association, providing a measure of how well the variation
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in one variable explains the variation in another. In our case, it tells us how well the variation in
the predicted scores explains the variation in the actual scores.
Equation 6.6 presents the formula to compute CC, where N, y;, and §; keep their meaning and

m and 1 are the mean of y and y, respectively.

cco  Zibi=m@i—m)
VEL i m)?- T (5= )

(6.6)

6.2.2 Outliers

Before we show the results obtained with the chosen metrics, mentioning outliers in our dataset is
very important. As mentioned in Section 5.3, the dataset used in our work contains outliers that
have been labeled as such by the researchers who collected the data. This means we have to handle
them correctly, as they can have strong implications in our evaluation process.

One way to handle outliers is to remove them from the data directly [2], making it so that they
would not affect our evaluation. However, our data is multidimensional, as we have a dimension
for each joint group, Head, Trunk, and Shoulder, and the outliers appear only in one dimension.
In the case of the Diagonal Exercise, the Head measurement of patient ID15 was considered
an outlier. For the Rotation Exercise, the Head measurements of patients ID14 and ID15 were
considered outliers. If we opt to remove the whole exercise from the dataset, we remove the
outlier successfully, but we also remove valid data, more specifically, the measurements of the
other joint groups of the mentioned patients.

Given this scenario, we could impute the value of the outliers. Imputation is a technique used
to fill in missing data or handle outliers in a dataset by, for example, replacing them with the mean
of the other values [11]. This would allow us to evaluate the complete dataset. Another alternative
would be to remove the values just from the mentioned joint groups and evaluate the other joint
groups for those patients. We ended up evaluating the joint groups separately, so it made sense to

remove just those values instead of imputing them.

6.3 Results

After analyzing our data, normalizing it, and selecting the best metrics, we are ready to evaluate
our system. This section presents the results of the evaluation, in which the system’s performance
is assessed through a comparison with the QTM. This comparison allows us to evaluate our sys-
tem’s efficacy against a very powerful tracking methodology. The results will be presented in two
separate sections, one for each exercise. Each section has three subsections, one for each joint
group. Each subsection includes scores normalized using Z-score normalization and the scores

normalized using Min-max scaling, as mentioned in Section 6.1.
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6.3.1 Diagonal Exercise

This section contains the results of the Diagonal exercise, divided into the three joint groups.

For each joint group, we present the results obtained from the selected evaluation metrics: MAE,

RMSE, and CC.

6.3.1.1 Head

The values obtained by the metrics for both the Head joint group of the Diagonal exercise are

shown in Table 6.2 and Figure 6.3 shows the error distribution for the Min-max predictions and

the Z-score predictions.

Normalization | MAE | RMSE | CC

Min-max 13.29 | 15.52
0.36

Z-score 27.88 | 34.36

Table 6.2: Evaluation metrics for the Head joint group for the Diagonal exercise
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Figure 6.3: Error distribution for the Head joint group for the Diagonal exercise

Using Min-max scaling, the Head joint group for the Diagonal exercise obtained an MAE of
13.29, an RMSE of 15.52, and a CC of 0.36.
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The value of the MAE tells us how big were the errors in our prediction, on average, in the
scale of our results, that is, O to 100. This means that the Head joint group’s predicted score was,
on average, 13.29 points away from the score obtained by the QTM.

The RMSE value calculates the difference between the squares of the errors, penalizing larger
errors. In our case, the values are not too different, meaning that most errors are small and that
there was little influence by large errors.

The CC of 0.36 indicates a positive but weak correlation, as 0.36 is positive but small compared
to the ideal value of 1. The interpretation of this value can be that the variation of our predictions
is in the same direction as the actual values, meaning when our predictions increase, the actual
values tend to increase as well, and vice-versa, but that relationship is not strong, meaning not
much of the variation in the actual values can be explained by the variation in our predictions.

When it comes to the Z-score results’ evaluation, if we compare the MAE and the RMSE
to those of the Min-max results, we can immediately detect that Z-score caused more errors, as
the MAE is more than double, and larger errors, with an even larger difference of RMSE. This
is expected, given what was explained in Section 6.1: Z-score normalization is not necessarily
suitable for our data. The difference in errors can be visually understood with Figure 6.3. The CC

is the same.

6.3.1.2 Trunk

The values obtained by the metrics for the Trunk joint group of the Diagonal exercise are shown

in Table 6.3. In Figure 6.4, we can see the error distribution for both sets of predictions.

Normalization | MAE | RMSE | CC

Min-max 17.10 19.12
0.47

Z-score 31.11 37.67

Table 6.3: Evaluation metrics for the Trunk joint group for the Diagonal exercise
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Figure 6.4: Error distribution for the Trunk joint group for the Diagonal exercise

With Min-max scaling, the Trunk joint group obtained an MAE of 17.10, an RMSE of 19.12,
and a CC of 0.47.

The MAE of 17.10 reveals that, on average, the predicted scores for the Trunk joint group
deviated by 17.10 points from the QTM scores. As for the Head, while there are some larger
errors, the majority are smaller, as indicated by similar values of MAE and RMSE.

The CC of 0.47 indicates a positive correlation, and it is relatively stronger than observed in
the Head joint group. The variation in our predictions aligns with the variation in actual values,
suggesting a reasonably strong directional relationship.

In contrast, the Z-score results for the Trunk joint group show a higher MAE of 31.11 and a
larger RMSE of 36.67 compared to Min-max scaling. This notable increase in errors in magnitude
and quantity reveals the difference between Min-max and Z-score and can be better understood

when we look at Figure 6.4. Again, the CC value is the same.

6.3.1.3 Shoulder

The evaluation metrics for the Shoulder joint group during the Diagonal exercise are illustrated in

Table 6.4 and the error distribution for both sets of predictions is represented in Figure 6.4.
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Normalization | MAE | RMSE | CC

Min-max 14.44 15.59
-0.37

Z-score 57.59 | 62.97

Table 6.4: Evaluation metrics for the Shoulder joint group for the Diagonal exercise
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Figure 6.5: Error distribution for the Shoulder joint group for the Diagonal exercise

Under Min-max scaling, the Shoulder joint group obtained an MAE of 14.44, an RMSE of
15.59, and a CC of -0.37.

The MAE is similar to the one obtained by the Head and represents an average deviation of
14.44 points from the QTM scores. The values of MAE and RMSE suggest a reasonable level of
accuracy, with few large errors, given how close the two values are.

The CC of -0.37 indicates a negative correlation, which means that when the values in our
predictions increase, the values in the actual values decrease, which is not ideal. However, this
correlation is weak, which means not much of the variation in the actual values can be explained

by the variation in our predictions.
Following the trend of the other two joint groups, the Z-score results for the Shoulder joint
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group show a substantially higher MAE of 57.59 and a larger RMSE of 62.97. In this case, the

difference is even greater, meaning a considerable increase in errors, as can be seen in Figure 6.5.

6.3.2 Rotation Exercise

6.3.2.1 Head

The values obtained by the metrics for the Head joint group of the Rotation exercise are shown

in Table 6.5. Figure 6.6 shows the error distribution for the Head joint group during the Rotation

exercise.
Normalization | MAE | RMSE | CC
Min-max 2041 | 24.60
0.22
Z-score 18.86 | 27.11
Table 6.5: Evaluation metrics for the Head joint group for the Rotation exercise
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Figure 6.6: Error distribution for the Head joint group for the Rotation exercise
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When employing Min-max scaling, the Head joint group obtained an MAE of 20.41, an RMSE
of 24.60, and a CC of 0.22.

The MAE of 20.41 implies that, on average, the predicted scores for the Head joint group
deviated by 20.41 points from the QTM scores. The RMSE, measuring the square root of the
average squared errors, is slightly larger, indicating the presence of some large errors.

The CC of 0.22 indicates a positive but weak correlation. This suggests a directional relation-
ship between our predictions and the actual values, but the correlation strength is low.

Utilizing Z-score normalization, the Head joint group achieved an MAE of 18.86 and an
RMSE of 27.11. While the MAE shows a slight improvement in prediction accuracy compared
to Min-max scaling, the RMSE reflects an increase in the magnitude of errors. In Figure 6.6, we
can see that Z-score shows, in general, smaller errors than Min-max, explaining the lower MAE,
but, as we can see, it also shows one very large error, penalized by RMSE. As mentioned in the

previous sections, the CC is the same for Z-score and Min-max results.

6.3.2.2 Trunk

Table 6.6 displays the evaluation metrics for the Trunk joint group during the *Rotation’ exercise
and in Figure 6.7, we can see the error distribution for the Trunk joint group during the Rotation

exercise.

Normalization | MAE | RMSE | CC

Min-max 32.30 | 33.69

0.51
Z-score 27.30 | 32.25

Table 6.6: Evaluation metrics for the Trunk joint group for the Rotation exercise
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Figure 6.7: Error distribution for the Trunk joint group for the Rotation exercise

With Min-max scaling, the Trunk joint group achieved an MAE of 32.30, an RMSE of 33.69,
and a CC of 0.51.

The MAE of 32.30 is the largest of any joint group with Min-max, indicating larger errors on
average. A similar value for RMSE reveals that the largest error must not be much larger than
the other errors. However, because the MAE is already large, the RMSE could still indicate the
presence of large errors.

The CC of 0.51 reveals a positive correlation with a moderate strength. This suggests a rea-
sonably strong directional relationship between our predictions and the actual values for the Trunk
joint group.

Switching to Z-score normalization, the Trunk joint group achieved an MAE of 27.30 and an
RMSE of 32.25. Notably, Z-score normalization resulted in a decrease of the MAE, indicating an
improvement in prediction accuracy, while the value of the RMSE being close to the one obtained
with the Min-max results implies a comparable distribution of errors. Figure 6.7 shows that Z-
score presents many more errors close to 0, but there are still some very large errors, while Min-

max’s errors are generally larger. Once more, the CC is the same.
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6.3.2.3 Shoulder

47

The evaluation metrics for the Shoulder joint group during the 'Rotation’ exercise are illustrated in
Table 6.7. Figure 6.8 displays the error distribution for the Trunk joint group during the Rotation

exercise.

Normalization | MAE | RMSE | CC
Min-max 2145 | 23.19
-0.37
Z-score 30.30 | 36.83

Table 6.7: Evaluation metrics for the Shoulder joint group for the Rotation exercise
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Figure 6.8: Error distribution for the Shoulder joint group for the Rotation exercise

When employing Min-max scaling, the Shoulder joint group obtained an MAE of 21.45, an
RMSE of 23.19, and a CC of -0.37.
Once again, the value of the MAE indicates that, on average, the predicted scores for the Shoul-
der joint group deviated by 21.45 points from the QTM scores. The RMSE suggests reasonably

large errors, as it is larger than MAE.
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As for the Shoulder group of the Diagonal exercise, the CC of -0.37 indicates a negative
correlation, revealing an inverse relationship between our predictions and the actual values for the
Shoulder joint group. However, this correlation is weak, with a relatively low magnitude.

Upon employing Z-score normalization, the Shoulder joint group achieved an MAE of 30.30
and an RMSE of 36.83 Z-score normalization resulted in an increase in both the MAE, indicating a
decrease in prediction accuracy, and the RMSE, revealing the presence of larger errors. Figure 6.8
clarifies the difference between MAE and RMSE values. Min-max shows not only smaller values
on average but also larger values that are smaller than the ones obtained by Z-score. Once again,

the value of the CC is not affected by normalization.

6.4 Results Discussion

The presented results shed light on the performance of our system in predicting the quality scores
of rehabilitation exercises compared to the QTM. In this section, we discuss key findings and
potential implications of the obtained results.

Before we take a longer look at the results, however, it is relevant to state that the choice of
normalization method significantly impacts our results. Min-max scaling consistently outperforms
Z-score normalization, showcasing its suitability for our dataset, as we had clear minimum and
maximum values. While Z-score normalization is widely adopted, our findings emphasize the im-
portance of exploring alternative normalization techniques, as suggested by Lima and Souza [36].

It is also important to mention outlier handling and how crucial it is. Our decision was to
remove values from specific joint groups rather than entire exercises, as this approach preserves

valuable data while addressing the influence of outliers on specific joint measurements.

6.4.1 Overall Performance Trends

Across both the Diagonal and Rotation exercises, the system demonstrates varying levels of ac-
curacy and correlation for different joint groups. That is noticeable when we look at the ranges
of values obtained for each calculated error metric. When it comes to the Min-max scores, MAE
ranged from 13.29 to 32.30, and RMSE ranged from 15.52 to 33.69. In both metrics, a difference
of more than double is present. Z-score MAE ranged from 18.86 to 57.7, and RMSE ranged from
27.11 to 62.97. This tells us that performances were not consistent over different joint groups and
exercises.

In terms of correlation, we obtained reasonable results overall, with most of the correlations
being positive, including the Trunk group, which obtained CCs around the 0.5 mark. However, the
Shoulder group evaluation resulted in negative coefficients, which indicates an opposite-direction
relationship between the predicted and the actual values.

This means that, overall, there was a mixture of results, which means we must compare results
between exercises and joint groups and discuss whether there are any indications of one exercise

outperforming the other or one joint group outperforming the others.
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6.4.2 Exercise-Specific Observations

This subsection includes observations for each exercise and joint group, allowing for comparison

between them and a better understanding of our results.

6.4.2.1 Diagonal Exercise

Considering the Min-max results for the Diagonal exercise, the Head group presents modest er-
rors and exhibits a positive correlation, which, despite being weak, suggests a consistent direc-
tional relationship. The Trunk group’s errors are slightly larger and include a positive correlation,
highlighting reasonable prediction accuracy. The Shoulder groups’ evaluation metrics’ results are
between those of the Head and the Trunk groups. However, a negative correlation suggests that
predictions may not be related to actual values. Overall, the Min-max scores for this exercise
obtained reasonable results, with an average MAE of 14.94 and an average RMSE of 16.74. Al-
though the Head had fewer errors, the values are too close to state a clear difference between any
of the joint groups.

With the Z-score scores, the errors were larger. While the Head and Trunk groups obtained
MAE and RMSE values close to 30, which would already be worse than the Min-max scores, the
Shoulder group obtained an MAE and an RMSE close to 60, revealing that the average prediction
was off by almost 60 points.

6.4.2.2 Rotation Exercise

Regarding the Min-max results for the Rotation exercise, the Head and Shoulder groups obtained
similar error metrics, and the Trunk group obtained a higher degree of error. In terms of corre-
lation, the trend from the Diagonal exercise continues, with the Head obtaining a weak positive
correlation, the Trunk a reasonably high positive correlation, and the Shoulder a weak negative
correlation. Compared with the Diagonal exercise, the Min-max scores for this exercise obtained
worse results, with an average MAE of 24.72 and an average RMSE of 27.16, practically 10 points
higher than the respective metrics for the Diagonal exercise.

Interestingly, the Z-score scores obtained very similar, if not better, performances to those of
the Min-max scores in both the Head and the Trunk groups, obtaining slightly lower MAEs and
similar RMSE:s.

6.4.3 Discussion Summary

In summary, the evaluation of the rehabilitation exercise prediction system offers key insights
into its performance across the Diagonal and Rotation exercises, focusing on joint groups—Head,
Trunk, and Shoulder.

The results highlight the impact of data normalization, emphasizing the superior performance

of Min-max scaling over Z-score normalization.
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The chosen evaluation metrics - MAE, RMSE, and CC - help us understand the accuracy of
the performance of our system and how related our predictions may be with the actual scores,
unveiling performance trends across joint groups and exercises, such as the overall better perfor-
mance of our system during the Diagonal exercise and the higher correlation results yielded from

the Trunk group.

6.5 Statistical Analysis

After computing traditional evaluation metrics, we wanted to better understand our results through
hypothesis testing. According to Whitley and Ball [59], hypothesis tests are divided into two
groups: parametric tests and non-parametric tests. The main difference between the two groups
is that parametric tests expect assumptions to be made about the data, most commonly requiring
the data to follow a normal distribution. Alternatively, non-parametric tests make no assumptions
about the data.

Given the nature of our data, characterized by a relatively small population and the inability
to assume a specific distribution, we opted for non-parametric tests. More specifically, we opted
for the Wilcoxon Signed-Rank Test [61], which is particularly suitable for paired samples, in our
case the predicted and actual scores, providing a robust analysis of whether there is a significant

difference between them.

6.5.1 Wilcoxon Signed-Rank Test

The Wilcoxon Signed-Rank Test [61] is a non-parametric statistical test used to assess whether
there is a significant difference between paired samples. The basic idea is to rank the absolute
differences between the pairs of observations, which in our case are the errors, ignoring the signs,
and sum the ranks of the positive or negative differences. The null hypothesis assumes that the
distribution of these differences is symmetric around zero. The test statistic is then calculated
based on these ranks [59].

The steps for performing this test are as follows:

1. For each pair of observations, calculate the absolute difference between the predicted and

the actual score
2. Rank these absolute differences from smallest to largest, ignoring the signs

3. Taking the signs back into account, sum all the positive ranks (R_) and all the negative ranks
(Ry)

4. Calculate the smallest value between R_ and R;: R =min(R_, R)
The final value, R, is the test statistic and can be compared with tabled critical values to obtain

the p-value. That p-value is used to assess the significance of the difference found between the

two sets of scores. If it is under a given significance value, commonly 0.05, we can reject the null
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hypothesis and state that there is a significant statistical difference between the two sets of scores.
If it is over that value, we cannot confirm that that statistical difference is significant.

Thus, we performed the Wilcoxon Signed-Rank Test for the differences between the Min-max
scores and the actual scores and the differences between the Z-score scores and the actual scores,
divided into the three joint groups. We performed the test once for each exercise.

Table 6.8 presents the results for the Wilcoxon Signed-Rank Test for the Rofation exercise.

Exercise | Joint Group | P-Value Min-Max | P-Value Z-score
Head 0.0574 0.00464
Diagonal Trunk 0.00061 0.00201
Shoulder 0 0.000122
Head 0.0574 0.3396
Rotation Trunk 0 0
Shoulder 0.0353 0.1070

Table 6.8: Wilcoxon Signed-Rank Test Results for Min-Max and Z-score Scores for the Rotation
and Diagonal Exercises

One problem with this test was noticed immediately, as the P-values of the Trunk joint group
of the Rotation exercise for both the Min-max and the Z-score scores are 0, as well as the P-value
of the Shoulder group of the Diagonal exercise for the Min-max scores. This is due to the fact
that, for those particular scores, all of the predictions were lower than the actual score. This can be
confirmed by interpreting Figures 6.9 and 6.10, which display a scatter plot of the Min-max and
Z-score predictions against the actual scores.

As we can see, all the predictions in Figure 6.9 are under the red dashed line that indicates a
correct prediction, meaning that all the differences are negative. The same thing happens for the
Min-max predictions in Figure 6.10.

Going back to how the Wilcoxon Signed-Rank Test works, it is easy to understand that if the
differences are all positive or all negative, one of R_ or Ry will be 0, and thus R will always be O.
In these cases, the Wilcoxon Signed-Rank Test does not provide meaningful information.

However, the other values are of interest, and we can interpret them following what was men-
tioned earlier. For the Diagonal exercise, the Min-max Head value is more than 0.05, indicating
that, for that pair of sets of scores, we cannot reject the null hypothesis. That is, we cannot con-
firm that there is a significant statistical difference between the sets of scores that generated those
P-values. The rest of the sets of scores had P-values less than 0.05, confirming that the difference
between the paired sets is not by chance and holds statistical significance.

Regarding the Rotation exercise, the P-values more than 0.05 include the Min-max Head, Z-
score Head, and Z-score Shoulder values. Again, we cannot state that the differences present

are statistically significant for these pairs of sets of scores. For the Shoulder Min-max value,
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Figure 6.9: Scatter plot of predictions for the Trunk joint group for the Rotation exercise

which is less than 0.05, we reject the null hypothesis and confirm the statistical significance of the

differences between the sets of scores.

6.6 Summary

This chapter focuses on evaluating our CV-based motion tracking system for rehabilitation. We
began by discussing the importance of data normalization, specifically for comparing results ob-
tained from a distance-based system with a ground truth dataset labeled on a 0 to 100 scale. Three
normalization methods were presented: Z-score normalization, Min-max scaling, and Maximum
absolute scaling. We mentioned that we opted to use Min-max scaling, based on the characteristics
of the dataset, but also Z-score normalization, as it is very commonly used.

We then explored the system evaluation process, emphasizing the significance of choosing ap-
propriate metrics. MAE, RMSE, and CC were selected to assess the system’s prediction accuracy.
We also addressed the outliers in the dataset and how we handled them by removing specific joint
group measurements rather than entire exercises.

Then, we presented the results for the Diagonal and Rotation exercises, focusing on the Head,
Trunk, and Shoulder joint groups. We discussed the results, highlighting the impact of data nor-
malization and how Min-max scaling outperformed Z-score normalization for the most part. We
touched on overall performance trends that showed varying levels of accuracy across the different

exercises and joint groups. Thus, we included exercise-specific observations, revealing that the
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Figure 6.10: Scatter plot of predictions for the Shoulder joint group for the Diagonal exercise

system performed better during the Diagonal exercise and that the Trunk joint group obtained
higher overall correlation results.

After evaluation, we employed hypothesis testing to gain insights into the evaluation metrics
obtained earlier. We introduced parametric and non-parametric tests and explained the differ-
ence between the two. In our case, there was a preference for non-parametric methods due to the
dataset’s characteristics, such as a small population and the absence of assumptions about data dis-
tribution. The Wilcoxon Signed-Rank Test was specifically chosen for its applicability to paired
samples, comparing predicted and actual scores. The test was explained, and the steps for per-
forming it were outlined. However, a limitation with the test arose, as when all predictions are
consistently lower than actual scores, the test is rendered ineffective. Despite this limitation, the
chapter provides valuable insights into the statistical significance of differences between predicted

and actual scores for various exercise and joint group combinations.



Chapter 7

Conclusion

This chapter marks the conclusion of this dissertation, reviewing the work that has been done and
the challenges faced in Section 7.1. A summary of the main takeaways of this project is presented
in Section 7.2. Section 7.3 touches on the main opportunities for improvement of this project and
future work possibilities. Lastly, Section 7.4 includes a reflection on the dissertation as a whole,

discussing the overall balance of this journey.

7.1 Recap

In this thesis, we have explored the fields of computer vision systems and rehabilitation and how
the former can be applied to improve the latter and make it more accessible.

Our main goal, as mentioned in Section 1.3, was to develop a Computer-Vision-based system
that allows patients to perform rehabilitation exercises independently, using accessible technology,
while receiving necessary and adequate feedback. In order to do that, we had to research the two
main fields involved: Rehabilitation and Computer Vision.

We began by understanding the rehabilitation context in Chapter 1, getting a better grasp of
the current state of rehabilitation and how it has evolved historically to get to the present.

Then, in Chapter 2, we established fundamental concepts of Computer Vision, including rele-
vant CV tasks, and Deep Learning, mentioning relevant models, such as different types of Neural
Networks.

After that, in Chapter 3, we examined the state of the art in Computer Vision, focusing on
its relevance to accessible rehabilitation. We conducted an in-depth analysis of existing computer
vision systems for intelligent rehabilitation. This meant researching and reviewing the literature
to understand what current solutions were offered and how the researchers viewed and solved this
problem. We also tried to understand what the most accessible options were in terms of technology
to be used.

After that, in Chapter 4, we identified gaps and opportunities for improvement and stated the
problem at hand.

54
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We then explained the implementation of our solution in Chapter 5. This was the moment
of our journey when theory was put into practice, as we took what we learned from our research
and applied it to our solution. Building on what the literature review had taught us about the
typical architecture of systems similar to the one we were about to design, we opted to follow
the same structure, which included Data Acquisition followed by Feature Engineering and then
Comparison and Assessment. For each of those three components, we made choices based on
accessibility, as was justified in Section 5.2. While the choices made for Data Acquisition and
Feature Engineering were clear, for the Comparison and Assessment component, the choice was
not easy, and it would have been of value to explore other alternatives. We will discuss this in
more detail in Section 7.3.

We then analyzed the dataset made available to us and realized that it included 90 videos,
comprising 15 patients performing two exercises three times each. However, the reference scores
in the dataset were not attributed to each example in the dataset but to each patient, meaning we
had a total of 30 scores: two for each of the 15 patients. This meant that, in general, the dataset
was not very big.

With this in mind, we devised a plan to implement our system. Starting by simply comparing
two videos, we immediately faced some challenges. For example, we started by making it so that
the time sequence of coordinates of each joint group was represented by an array. This meant that
each array would be composed of smaller arrays, one for each frame, and each one of those would
be composed of more arrays, one for each set of X, Y, and Z coordinates of each joint relevant
to that joint group. This meant the arrays had three dimensions, which the DTW libraries used
had trouble with. Thus, we separated the arrays, retrieving one array for each relevant joint and
calculating DTW over those arrays, summing each joint relevant for each joint group to obtain the
distance of that group.

Another challenge faced was the time it took to process each video. Due to the joint tracking
operations being performed, the video processing became very slow, which was very challenging,
particularly when we went from comparing two videos to comparing the entire dataset. It would
take a long time to go over the dataset to obtain the desired distance measures, meaning that any
change affecting the results would imply a longer wait.

Finally, we evaluated our system and showed and analyzed the results obtained in Chapter 6.
This process also involved some research to identify the adequate data normalization methods, the
most suitable evaluation metrics, and how to best analyze the data statistically. We then performed
that evaluation and discussed the results.

The implemented system builds on the current body of knowledge and presents an alternative
solution, particularly focused on tackling the biggest problem faced by the field of rehabilitation:

accessibility.
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7.2 Summary of Main Takeaways

In the course of this research, we made pivotal observations and conclusions, from which we want
to highlight the most important ones.

Firstly, we reviewed the current state of the art in Computer Vision systems for assessing phys-
ical rehabilitation exercises. This work resulted in the presentation and publication of a scientific
article [40].

Then, we successfully built a CV-based motion tracking system while prioritizing accessibility.
That means we successfully demonstrated that there is accessible technology currently available
to fill this gap. This could indicate a shift toward developing rehabilitation systems based on
accessible technology. One of the aspects of our work that greatly supports that shift is the fact
that the smartphone can be used to successfully capture rehabilitation-relevant data. As has been
mentioned before, we agree with Lam et al. [31] that smartphones will play a pivotal role in the
future of rehabilitation.

Another important takeaway is that DTW can be used to compare two videos. Despite the trend
being the integration of Deep Learning, we are in agreement with the current state of research that
DTW can be used as a benchmark.

Finally, we also confirm that Z-score normalization does not suit non-normally distributed
data. Our findings underscore the significance of choosing appropriate normalization methods,
with Min-max scaling emerging as a preferred alternative in scenarios where there is a clear max-
imum and minimum defined.

These takeaways encapsulate the key achievements and insights derived from our research,

serving as a brief summary of what can be concluded from this dissertation, research-wise.

7.3 Opportunities for Improvement and Future Work

The final result of this dissertation can still be improved, which is shown by the results being worse
than desired.

One of the main opportunities for improvement, as mentioned in Section 7.1, is the lack of
exploration of alternatives for the Comparison and Assessment component of our system. More
specifically, as understood from Chapter 3, while DTW shows interesting results, the trend is
to explore Deep Learning. Moving forward, this should be the main focus of future work. Its
integration into the project was hindered by time constraints and the fact that the dataset available
was not particularly big.

The size of the dataset could also be improved, as more data could be either retrieved or
artificially generated. A more expansive and balanced dataset would not only bolster the general-
izability of the system but also facilitate the effective training of complex Deep Learning models.

Another aspect to consider is the ethical outlines of this work. In a possible integration in an
application made available to patients, a comprehensive exploration of ethical guidelines should

be performed, prioritizing patient privacy. This could include collaboration with professionals to
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align technological advancement with ethical considerations. Efforts should be made to keep the
patients safe.

Acknowledging limitations serves as a stepping stone for future advancements. The outlined
areas for future work preview how the system could be improved, aligning it with research trends

and upholding ethical standards.

7.4 Final Remarks

As this journey comes to an end, we reflect on the work done and the contributions made.

Overall, we believe that this project has fulfilled its goal of providing an accessible tool for
rehabilitation based on Computer Vision. By designing this CV system for rehabilitation, we have
successfully laid the groundwork for the future of accessible rehabilitation.

Beyond the technical work described throughout this dissertation, there was a personal com-
ponent that was pivotal to this journey. From the initial project proposal to the literature review
and understanding of the problem to then developing and evaluating our system, this process
proved challenging in several ways. This has a very positive effect, leading to the development of
problem-solving skills and persevering through difficulties.

In conclusion, this project signifies more than an academic task. It is proof that when we
combine sophisticated technology with determination, we can make a meaningful difference. We

conclude this journey with a sense of fulfillment in having improved the realm of rehabilitation.
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